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Summary

Investigations into the wider bioecological understanding of dental problems in
early childhood are frequently limited in national surveys. Initially, this research
used Classification tree analysis (CTA) and logistic regression to explore
multilevel interactions among key aspects of child and primary caregiver (PCG)
psychosocial and physical health affecting dental problems in preschool
children. Data were derived from the Growing Up in Ireland (GUI) study, a
nationally representative sample of 9 month olds (n=11,134) in 2007/2008
followed-up at age 3 years (n=9,793) in 2010/2011. Analysis included PCG
reports of childrens’ dental problem visits, general health, temperament,
emotional and behavioural difficulties as well as their own general health, stress
and depression, relationship and sociodemographic variables. Dental problems
were reported among 2.7% of infants at 9 months of age and 5.0% at 3 years.
CTA identified infant temperament (ICQ unpredictable) as the primary predictor
of dental problems at 9 months and child global health at 3 years of age. Key
aspects of infant/child and PCG health, and psychosocial characteristics
associated with reported dental problems should be considered in future

multidisciplinary approaches to child health.

A data science approach was also used to investigate the dietary aspects of
the GUI infant cohort at 3 years (second wave) as a poor quality diet may be a
common risk factor for both obesity and dental problems such as caries. CTA
was used to classify variables and describe interactions between multiple
variables including socio-demographics, dietary intake, health-related
behaviour, BMI and a dental problem. The CTA model showed a sensitivity of
67% and specificity of 58.5% and overall correctly classified 59% of children.
Ethnicity was the most significant predictor of dental problems followed by
longstanding illness or disability, mother's BMI and household income. The
highest prevalence of dental problems was among children who were obese or
underweight with a longstanding illness and an overweight mother. Frequency
of intake of some foods showed interactions with the target variable. The
prevalence of overweight or obesity in 3 year old children was approximately
23%. The common risk factor approach may be a pragmatic means of

developing shared modifiable strategies for both dental and weight problems.



To further explore the pattern of cariogenic food intake data mapping protocols
were developed to link dietary intake estimates for 3 year old children from the
National Preschool Nutritional Survey (NPNS) and the second wave of the GUI
infant cohort. The GUI survey used a short frequency questionnaire (SFQ)
which provided a limited list of “healthy” and “unhealthy foods”. This limited
dietary intake was augmented by unidirectional mapping from the more detailed
National Preschool Nutrition Survey (NPNS) which used a detailed 4 day
weighed food diary. Through mapping the food codes in this manner and
estimating the degree of non-covered food it was possible to visualise the
relative performance of the brief dietary instrument compared to the more
detailed one especially in capturing specific food types, e.g., high sugar foods.
The SFQ did not capture a substantial portion of habitual foods consumed by
3 year olds in Ireland. Researchers interested in focussing on specific foods,
such as those high in sugar, could use this approach to easily assess the
proportion of foods covered, non-covered or partially-covered by reference to

the mapped food database.

The estimation of cariogenic food and drink (CF) intake using two different
methods, in Section 6 of this analysis, highlighted how presentation and
reporting can affect the interpretation of CF consumption data. Bean plots also
illustrated the usefulness of visualising the overall distribution of intake when
using different methods of estimation and comparing snacking and main meal
consumption patterns. Key findings indicated that all children consumed CF
over the NPNS 4-day period and the GUI survey covered less than half of the
CF items selected in NPNS. More than one-third of all eating occasions were
described as snacks which were consumed twice per day, on average.
Association analysis of the meals and snacks provided an insight into the
combination of meal components and how CF was consumed with other non-
cariogenic foods (NCF) with biscuits, squashes, cordials, fruit juice drinks and
chocolate confectionary the most commonly consumed CF snack items. Using
the frequent item sets and association rules from this analysis alluvial plots
visualised the CF and NCF interactions of both snacks and main meals and

demonstrated the importance of understanding the pattern of CF consumption.

Finally, a free sugar algorithm was developed to determine the dietary free
sugar content of foods in the NPNS database. The key sources of FS were
similar to the items that do not contribute significantly to nutrient intake but were
primary contributors to CF intake. Almost three-quarters of 3 year olds had FS

intake greater than the WHO recommendation that FS intake is a maximum

\



10% of total energy intake. A crude simulation which “excluded” all FS, from
snacks only, of soft drinks, confectionery, cakes and biscuits and sugar
demonstrated that mean daily intake of FS would reduce from 14.1% to 11% of
total energy intake. As a population level estimate, this would double the
proportion of three year olds, from one-quarter to one-half, meeting the

maximum WHO recommendation of 10% total energy intake from FS.
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Glossary

Accuracy; this is by far the most widely known measure of classifier
performance. For a classifier, accuracy is defined as the number of items
categorised correctly divided by the total number of items. It is simply what
fraction of the time the classifier is correct. At the very least, a classifier must
be accurate. In terms of a confusion matrix, accuracy is (TP+TN)/
(TP+FP+TN+FN). Accuracy used in a classification sense is not to be confused
with accuracy used in a numeric sense which is defined as score-based
accuracy as a numeric quantity that can be decomposed into numeric versions

of trueness and precision.

Accuracy paradox; states that predictive models with a given level of
accuracy may have greater predictive power than models with higher accuracy.
Despite optimizing classification error rate, high accuracy models may fail to
capture crucial information transfer in the classification task. This is why it is
important to use parameters other than accuracy to evaluate model

performance.

Algorithm; a series of repeatable steps for carrying out a certain type of task
with data.

Association analysis; used to find objects or attributes that frequently occur
together. The algorithms look for all the itemsets (subsets of transactions) that
occur more often than in a minimum fraction of the transactions and then turn

those itemsets into rules.

Bagging; stands for “Bootstrap Aggregating” whereby bootstrap samples are

drawn randomly with replacement.

Bar chart; this is a histogram for discrete data: it records the frequency of every

value of a categorical variable.

Big data; not well defined and generally refers to the three V’s- volume, variety
and velocity. This has now broadened to include technologies and
decisions/solutions for problems. In clinical research ‘Big Data’ generally refers
to data on a large number of variables per person or data in a large number of

persons.

XX



Binning; data binning is a data pre-processing technique used to reduce the
effects of minor observation errors. Statistical data binning is a way to group a
number of more or less continuous values into a smaller number of

"bins". Histograms are an example of data binning.

Boosting; machine learning algorithms that try to improve the accuracy of a

classifier by a reweighting of misclassified samples.

Black-box; many machine learning applications involve predictive analytic
modelling using black-box techniques. Breiman (2001) stated- “the analysis
in this culture considers the inside of the (black) box complex and unknown”.
The approach is to find a function or algorithm that operate on independent

variables to predict the response variables.

Bootstrap; a popular method for variance estimation in surveys. Data are
resampled repeatedly, and a statistic is calculated for each resampling to form

an empirical distribution for that statistic.

Bonferroni adjustment; the Bonferroni correction adjusts probability (p) values
because of the increased risk of a type | error when making multiple statistical

tests.
Code fragment; also described as code snippet, is a piece of executable code.

Code chunks, can be used to render R output into documents or to display code

for illustration.

Cross-validation; a widely used method for estimating prediction error for a
model, Ideally, if there is enough data, we would set aside a validation set would
be set aside and used to assess the performance of the prediction model. Since
data are often scarce, this is usually not possible. In this situation, a K-fold
cross- validation can use part of the available data to fit the model, and a

different part to test it.

Data.frame; the main data type in R, similar to a spreadsheet with tabular

columns and rows.
Data.table; a high speed extension of data.frames.

Data mapping; in data management, data mapping is the process of creating
data elemant mappings between two distinct data models. Data mapping is

used as a first step for a wide variety of data integration tasks.
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Data Science; the merging sciences of statistics, machine learning, computer

engineering and visualisation.

Data mining; data mining (DM) is the core of the KDD process, involving the
inferring of algorithms that explore the data, develop the model and discover

previously unknown pattern.

Decision tree; modern technique for performing nonlinear regression or

classification by iteratively splitting predictors.
Dependent variable; see output.

Determinant: an attribute or exposure that increases the probability of

occurrence of a specified outcome.

Dispersion; refers to the variation within a sample or a population and standard

measures include the variance and the range.

Eating occasions: all snacks and main meals were collectively described as

eating occasions.

Fitted model; a fitted model is just the closest model from a family of models.
That implies that one has the “best” model (according to some criteria); it
doesn’t imply that model is “‘good” and it certainly doesn’t imply that the

model is “true”.

Greedy (algorithm); a programming technique which always seems to make the

locally optimal choice at each stage in the hope of finding a global optimum.

Histogram; an accurate representation of the distribution of numerical data. It
is an estimate of the probability distribution of a continuous variable.
Histograms display the distribution of a continuous variable by dividing up the
range of scores into a specified number of bins on the x-axis and displaying the
frequency of scores in each bin on the y-axis. A basic histogram bins a variable
into fixed-width buckets and returns the number of data points that falls into

each bucket.

Independent variable; see input.

Input; often called predictor or independent variable in statistical literature, also

called features in the pattern recognition literature.

Kernel density plot; also known as density plot, kernel density plots can be an

effective way to view the distribution of a continuous variable and is based on
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a nonparametric method for estimating the probability density function of a

random variable.

K-fold cross-validation; practice of splitting the derivation data into K equal
parts. The model is then trained on K-1 parts and validated on the remaining

part.
Knitr; modern package for interweaving R code with Markdown.

Knowledge Discovery in Databases (KDD); an automatic, exploratory analysis
and modelling of large data repositories. KDD is the organized process of
identifying valid, novel, useful, and understandable patterns from large and

complex data sets.

LMS parameters; the LMS parameters are the power in the Box-Cox
transformation (L), the median (M) and the generalised coefficient of variation
(S).

Markdown; simplified formatting syntax used to produce elegant HTML

documents in simple fashion.

Model; a statistical model makes assumptions about the generation of sample
data and embodies an expectation of the relationships between the data and

various factors in the actual population data.

Machine learning; modern, computationally heavy statistics, set of tools ranging
from artificial neural networks to random forests and decision trees. Used in

‘data mining’, knowledge discovery in databases’ and pattern recognition.

Non-parametric model; a model where the response does not necessarily

follow the regular GLM distributions such as Normal, Logistic or Poisson

Outcome criteria; output variables used to rank or measure the desirability or
undesirability of possible model outcomes. Their values are determined by the

input quantities and the models that use them.

Output variable; also called outcome, target, response or dependant variable

Overfitting; an analysis that corresponds too exactly to a particular set of data
and may therefore fail to fit additional data or predict future observations
reliably. Essentially, an overfit model appears promising on the training data

and performs poorly on new data.
Probability distribution; the probability structure of a random variable, say y, is
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described by its probability distribution. If y is discrete, often called the
probability distribution of y, say p(y), the probability mass function of y. If y is
continuous, the probability distribution of y, say f(y), is often called the

probability density function for y.

Random error; also known as variability, random variation, or ‘noise in the
system’. The heterogeneity in the human population leads to relatively large

random variation in clinical trials. Random error corresponds to imprecision.

Recursive partitioning; where the feature space is recursively split into regions
containing observations with similar response values. Decision trees are an
example of recursive partitioning. As each sub-population may in turn be split
an indefinite number of times until the splitting terminates it is described as

recursive.

Risk indicator; an exposure that is associated with an outcome only in cross-

sectional data. A risk indicator may be a probable, or putative, risk factor.

Risk factor; Risk factor: an environmental, behavioural, or biologic factor
confirmed by temporal sequence, usually in longitudinal studies, which if
present directly increases the probability of a disease occurring, and if absent

or removed reduces the probability.

Risk marker; an attribute or exposure that is associated with increased
probability of disease but is not necessarily a causal factor. Sampling
techniques include random oversampling and random undersampling.
Oversampling randomly duplicates the minority class samples, while
undersampling randomly discards the majority class samples in order to modify

the class distribution.

Sensitivity; also called recall or True positive ratio (TPR) = TP/TP+FN.

Calculates proportion of positives correctly identified.

Specificity; also called True Negative Ratio (TNR) =TN/TN+FP. Measures

proportion of negatives correctly identified.

Stratification; grouping the study population into subgroups by their
homogenous characteristics before sampling so as to improve the

representativeness of a sample.

Supervised learning; a type of machine learning algorithm in which a system is

taught to classify input into specific, known classes. For each observation of
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the predictor measurements there is an associated response measurement.

Systematic error or bias; refers to deviations that are not due to chance alone.

Bias corresponds to inaccuracy.

Total energy intake: the sum of all daily energy (kilojoules/kilocalories) from fat,

protein, carbohydrates and alcohol consumption.

Unsupervised learning; refers mostly to techniques that group instances
without a prespecified, dependent attribute. A class of machine learning
algorithms designed to identify groupings of data without knowing in advance

what the groups will be.
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Chapter 1. Introduction

1.1. General Introduction

Dental problems that occur in preschool children can have both immediate and
life-long impacts on both oral and general health (US Department of Health and
Human Services, 2000, Lee et al., 2013, Sheiham, 2005, Dye, 2017). While
oral health issues that require a visit to the dentist vary from physiological (e.g.,
teething), to trauma, (e.g., tooth fracture), the most common reason in
childhood is pain due to dental caries (Boeira et al., 2012, Daher et al., 2015).
Early childhood caries (ECC) is the most prevalent dental problem in
preschoolers (Public Health England, 2013b, Gussy et al., 2016, Wagner and
Heinrich-Weltzien, 2017) and one of the most common reasons for young
children requiring admission to hospital for extraction procedures under general
anaesthetic (Public Health England, 2015a, Watt and Rouxel, 2012, Leong et
al., 2013, Declerck et al., 2008). Increasing rates of ECC (Dye, 2017, Declerck
et al., 2008), particularly among disadvantaged households (Baggio et al.,
2015, Vargas and Ronzio, 2006, Newton and Bower, 2005), is concerning,
especially when ECC is a preventable public health problem (Baggio et al.,
2015, Vargas and Ronzio, 2006, Newton and Bower, 2005, Dye, 2017,
Declerck et al., 2008) In the primary dentition dental caries affected more than
620 million children worldwide in 2010 (Kassebaum et al., 2015, Selwitz et al.,
2007) and is also one of the best predictors of future caries in the permanent
dentition (Tinanoff and Reisine, 2009, Gussy et al., 2006, Selwitz et al., 2007).

Infants and young children depend on the primary caregiver (PCG), usually
their mother, for decisions relating to their healthcare (Hooley et al., 2012b) and
the lifestyle and oral health behaviour of the PCG is strongly related to the oral
health of the child during the first years (Meurman and Pienihdkkinen, 2011).
However, while studies exploring risk factors for ECC in preschoolers have
been carried out previously, the majority have investigated single risk factors
or used a relatively small sample size (Ismail et al., 2009, Johnson et al., 2016,
Fisher-Owens et al., 2007, Harris et al., 2004). Similarly, there is a dearth of
accurate and reliable data, at a national level, describing the pattern and
amount of consumption of cariogenic food and drink during the preschool
period (Gussy et al., 2016, Amezdroz et al., 2015).



Although dental caries is a diet mediated disease there is a recognised need
for more studies investigating the complex relationship between diet and dental
caries in the context of the child’s living environment and especially focussing
on modifiable risk factors (Wagner and Heinrich-Weltzien, 2017, Lee and
Divaris, 2014, Casamassimo et al., 2014). It has been argued that for preschool
children, in particular, the mechanisms for understanding how dietary intake
affects ECC risk are poorly understood (Amezdroz et al., 2015, Johnson et al.,
2016) and that most of the data relating to risk or protective factors have
accumulated from cross sectional studies or from older child cohorts (Johnson
et al., 2016, Gussy et al., 2016).

The global burden of dental disease and the urgent need to continue to
untangle the complex nature of behavioural and physiological risk factors and
socioeconomic determinants has been highlighted recently as crucial for
reducing disease burden (Dye, 2017). The rapid growth of data science
suggests that all health care disciplines need to be aware of these
developments and integrate new data analysis techniques when addressing
research questions (Wickham and Grolemund, 2016, Khoury et al., 2013). In
epidemiology and population health, this impacts on academic training,
knowledge integration, expertise and implementation of “Big Data” science,
bioinformatics and other emerging technologies (Khoury et al., 2013). To
advance population oral health the translation of knowledge discovery in these
areas will still require an improvement of more upstream factors such as social

determinants of health (Casamassimo et al., 2014).

Table 1.1. Selected International Child Cohort Studies.

Growing Up in Australia: The | http://www.growingupinaustralia.gov.au/
Longitudinal Study of Australian
Children” (LSAC)

Millennium Cohort Study (UK) http://www.cls.ioe.ac.uk

Growing Up in New Zealand | http://www.growingup.co.nz/en.html
(GUINZ)

Growing Up in Ireland (GUI) http://www.esri.ie/growing-up-in-ireland/

Growing Up in Scotland (GUS) https://growingupinscotland.org.uk/




Large national longitudinal child surveys have attracted significant funding in
recent years in many “developed countries” and provide a rich source of scientific
data in multiple domains including health, wellbeing and nutrition. As many countries do not
carry out regular national oral health surveys, which are resource intensive,
combining oral health variables within these wide-domain child cohort surveys
is a useful approach to interdisciplinary research within the framework of strong
conceptual models of oral health (Divaris, 2016, Fisher-Owens et al., 2007, Kim
Seow, 2012, Dye, 2017).

Using a data science approach to epidemiologic cohort analysis could yield
valuable insight into multilevel interactions between variables and enable
assessment of the contribution of each in causal models. Developing a
predictive model for dental disease will require more longitudinal studies, high
quality data measures and selection of the most suitable data-driven or
investigator defined techniques (Divaris, 2016, Krebs-Smith et al., 2015, Harris
et al., 2004).

The aim of this thesis was to utilise data analysis techniques, particularly
decision tree methods, data mapping and association analysis, to explore
multilevel interactions among key aspects of child and primary caregiver (PCG)
psychosocial, behavioural and physical health affecting dental problems in a
large national cohort of Irish preschool children. A specific emphasis was
placed on investigating the role of diet as a common risk factor for weight status
in the children and using meal association analysis to understand the pattern
of cariogenic food intake. It was intended to explore the role of significant risk
indicators in the context of previously published conceptual models for child

oral health and development.

1.2. Dental problems in preschool children

1.2.1. Overview

Oral diseases were recently ranked in the top 10 leading causes of years lived
with disability (YLDs) for the first time (Dye, 2017). The annual spending on oral
care in the EU is approximately €79 billion and it is predicted that this may rise
to €93 billion in 2020 (Patel, 2012). Recent evidence indicates that oral health
disparities in young children may be widening (Casamassimo et al., 2014,
World Health Organization, 2017b, Lee and Divaris, 2014). The lack of success



in attempting to integrate oral and general health policy and research strategies
has, arguably, hampered efforts to prevent oral diseases (Lee et al., 2016,
Sheiham, 2005, Jin et al., 2016). The lack of robust epidemiological data in the
EU has also not assisted efforts to compare the current state of oral health
across different countries and facilitate planning and resource allocation (Patel,
2012). In most countries, reliable and accurate data on the oral health-related
problems and behaviours of children less than 5 years of age (preschoolers) is
scarce. As with other chronic diseases, the early childhood dental problems are
often neglected until later in the life-course when their sequelae are more
expensive to treat and may have already caused significant social,
psychological and emotional damage (Dye et al., 2010, Wagner and Heinrich-
Weltzien, 2017).

Dental problems that result in a parent bringing a preschool child to the dentist
include ECC, periodontal problems, malocclusion and trauma (Wagner and
Heinrich-Weltzien, 2017). Dental pain is consistently associated with population
levels of caries experience and this association is higher among those with
reduced access to care (Slade, 2001). When people make the decision to visit
the dentist for a problem they are much more likely to have a dental extraction
than if they visit for a regular examination (Luzzi et al., 2013). ECC is the main
reason for parental perceived child oral health problems and, in a public health
system with limited access to dental care, the most common reason for a
“problem visit” to a dentist (Declerck et al., 2008, Leroy et al., 2013, Luzzi et al.,
2013). Children with toothache related to ECC are likely to need a dental
procedure when they attend a dentist (Daher et al., 2015). Periodontal
problems in infants are common and include soft tissue lesions, eruption cysts,
gingivitis and periapical abscesses. A periapical abscess is, typically, a
consequence of untreated ECC which results in an odontogenic infection and
may require emergency treatment to prevent even more serious complications
such as sepsis or cellulitis (Gussy et al., 2006, Wagner and Heinrich-Weltzien,
2017). Malocclusion, which is a developmental condition, may be associated
with an increased risk of dental trauma. Developmental defects of dental

tissues are associated with increased risk of ECC and tooth sensitivity.

ECC is a disease defined by the presence of one or more decayed, missing
(due to caries), or filled tooth surfaces in any primary tooth in a child 71 months
of age or younger (American Academy of Pediatric Dentistry, 2016). Any sign
of smooth-surface caries in children less than 3 years of age, is indicative of

severe early childhood caries (American Academy of Pediatric Dentistry, 2016).
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Despite decades of reductions in dental caries levels ECC is a pandemic
disease worldwide (Spencer, 2012, Bagramian et al., 2009, World Health
Organization, 2017b). The prevalence of ECC is estimated to range from 12%
to 70% depending on the population (Declerck et al., 2008, Gussy et al., 2016,
Dye et al., 2015, Bourgeois and Llodra, 2014) with the highest rates occurring
among those in immigrant and lower socioeconomic groups (Public Health
England, 2013b, Dye et al., 2010).

There is a distinct lack of high quality data to describe the distribution of ECC
in Ireland at a national level. A recent summary by O’Connell and Harding
(2017) of the limited data from small sample size studies is shown in Table 1.2.
The most notable outcome in those studies is that children with a lower
socioeconomic status had higher mean ds..mft (decayed missing or filled
primary teeth at visible, cavitated or non-cavitated, dentinal caries level) than
those from a higher socioeconomic background and that ECC levels in those
with disabilities was low when compared with that found in the general

population.

In the last National Survey of Children’s Dental Health (sampling occurred
between 2001 and 2002), it was reported that 37% of 5-year-olds in fluoridated
areas and 55% in non-fluoridated areas had experienced decay, i.e. they have
one or more teeth that were decayed, filled or extracted as a result of decay
(Whelton et al., 2006). Approximately 42% of children at 5 years of age had

experienced dentinal caries and had a mean ds,:mft of 1.3.

Most studies have shown that untreated ECC can lead to toothache and pain
during the preschool period (Daher et al., 2015, Slade, 2001) and it is also the
strongest predictor of dental caries in the permanent dentition (Gussy et al.,
2006). It is well recognised that early preventive care is cost effective and the
recommended age for a child’s first dental visit is at no later than 12months of
age (American Academy of Pediatric Dentistry, 2016). The children most in
need of care are also least likely to receive it (Darmawikarta et al., 2014, Dye
et al., 2010, Johnson et al., 2016). Unrestored dental caries is the main cause
of dental pain in childhood (Boeira et al., 2012). Children can suffer with ECC
and may experience pain, infection, altered weight status and difficulties with
sleeping, eating and communicating (Boeira et al., 2012, World Health
Organization, 2017b, American Academy of Pediatric Dentistry, 2016, Gussy
et al., 2006, Bonecker et al., 2012).



Table 1.2 Summary of studies reporting caries in pre-school children in Ireland.

and O’Mullane

1988

months (29 — 55 months)

% children with
Authors Sample caries*
Holland, Houlihan | Pre-school children mean age 45 | 38%

O’Connor 1996

Playschool children (mean age 4.1 yrs)

36% Fluoride group,
26% Non-Fluoride

group
Tuohy 2000 3-year old healthy children 27.4%
41.5% Medical card
18%  Non-Medical
card
O’Connell et al. | Children born small for gestational age | 53%
2010 (age 4-7 years)
Happy teeth | Disadvantaged pre-school children 18.5%
(baseline) 2013 n =233
Sagheri, Children with disabilities >4 years old, | Age 3 = 0%
McLoughlin  and | n=337 Age 4 = 18.2%
Nunn 2013 Age 5=24.6%
Stapleton 2015 Children with disabilites age 0-6 | Age 3 =0%
years,
n=178

Source: Adapted from O’Connell and Harding (2017).

* Caries recorded at the dentine level, with or without cavitation (da..mft)

The last National Survey of Children’s Dental Health in Ireland indicated that
approximately 83% of dentinal caries present in 5- year olds was untreated
(Whelton et al., 2006). Consequently, it is more usual for most preschool
children with extensive ECC to attend for emergency care which often results
in dental extractions and sometimes requires hospitalisation for general
anaesthesia (Smith et al., 2014, Slack-Smith et al., 2009, O’Connell and
Harding, 2017). One of the key recommendations of the report from the “‘WHO
expert consultation on public health intervention against early childhood caries’
was to include the three-year-old age group as one of the index ages
recommended for population surveys in the next edition of WHO’s Oral health

surveys: basic methods (World Health Organization, 2017b).

There is increasing recognition of the importance of oral health for the general
health and development of infants and young children (American Academy of
Pediatric Dentistry, 2016, Tinanoff and Reisine, 2009, Petersen and Kwan,

2011). Novel multidisciplinary longitudinal research projects such as the



VicGeneration (VicGen) study of an Australian oral health birth cohort are much
needed to develop a solid understanding of risk and protective factors for the
development of ECC (Gussy et al., 2016, Johnson et al., 2016). Child oral
health research should be integrated within other health and development
research frameworks to fully elucidate any common risk factors and causal

pathways (Casamassimo et al., 2014, Divaris, 2016, Lee and Divaris, 2014).
1.2.2. Natural history of ECC

It is important to understand the natural history of dental caries so that
intervention and prevention strategies can be implemented (Leong et al., 2013,
Gussy et al., 2016). Although ECC has multifactorial origins it essentially occurs
through the metabolism of fermentable dietary carbohydrates at the plaque-
biofilm interface resulting in localised demineralisation and destruction of hard
dental tissues over time (Selwitz et al., 2007, Bradshaw and Lynch, 2013,
Gussy et al., 2006). Dental caries has been described as “an infectious disease
modified by diet” (Gussy et al., 2006) although others have argued that “the
pivotal role of sugars in causing caries differs markedly from the widely held
erroneous notion that caries is a multifactorial infectious transmissible disease”
(Sheiham and James, 2015). However, this view is somewhat controversial,
and it is generally accepted that while dietary sugar is uniquely cariogenic,
understanding the factors that influence the oral microbiome is necessary to
explain the pathogenesis of ECC and the links between oral and general
systemic health (Gomez et al., 2017, Do et al., 2013). Fundamentally, the
causative model of dental caries includes the interaction of the host
(susceptible tooth surface), environment (dietary carbohydrate) and agent (oral
biofilm) over time (Marsh, 2006, Gussy et al., 2006, Selwitz et al., 2007).

It has been suggested that the influence of modifiable risk and protective factors
on early childhood caries, and the optimal age at which preventive measures
should be taken has not been well established (Gussy et al., 2016). Even in the
pre-dentate stage the bacteria present play a significant role in early caries
experience with colonisation mediated by feeding practices and oral health
related behaviours (Leong et al., 2013). The VicGen study in Australia has
tracked the natural history of dental caries in children from birth and found very
little dental caries activity in the first 18 months (Johnson et al., 2016). However,
they reported a dynamic period between 18-40 months with rapidly developing
new lesions and regression of lesions from non-cavitated lesions to sound teeth

suggesting this may be a key period for introduction of both risk factors (such
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as cariogenic food and drink) and protective factors (such as tooth brushing
with fluoridated toothpaste) (Gussy et al., 2016). These findings and others
from studies of early life feeding behaviours (Chaffee et al., 2015) emphasise
the importance of preventive and behavioural interventions at this critical period

of development to change the life-course trajectory of dental problems.

1.2.3. Risk factors and interdisciplinary

approaches

1.2.3.1. Terminology

Over 100 risk factors for ECC have been identified and comprehensive reviews
reported in the literature (Leong et al., 2013, Harris et al., 2004, Gussy et al.,
2006). Given the relatively young science of epidemiology a rather casual
approach to the use of terminology appears to pervade most publications
(Krieger, 2008, Krieger, 2012). For example, although the term risk factor is
generally accepted to indicate an exposure that is related to an outcome
(statistically) it is not clear in the literature whether a risk factor is a causal link
or an association (Burt, 2001). Terms related to risk such as risk factor, risk
indicator, determinant modifiable risk factor and risk marker have all been used
in the literature without being well defined. In oral health research a risk factor
has been defined as “an environmental, behavioural, or biologic factor
confirmed by temporal sequence, usually in longitudinal studies, which if
present directly increases the probability of a disease occurring, and if absent
or removed reduces the probability” (Beck, 1998). Burt (2001) described a risk
indicator as “a probable, or putative, risk factor, but the cross-sectional data
upon which it is based is weaker than the results of longitudinal studies”. In
dental research It has been argued that a broader view of risk would account
for the social determinants of health and population health (Burt, 2005). Rather
than solely focus on “downstream” biological or behavioural factors a shift
towards investigating the “upstream” or distal determinants of dental problems
in the population is required to address the social gradient (Newton and Bower,
2005). Population level parameters are often incorrectly applied to individuals
and this concept has been defined as the “privatisation of risk”. This is
misleading as risk can be determined for populations or subgroups in
longitudinal studies, but risk factors are not the “cause” of individual cases of
disease (Rockhill, 2001, Divaris, 2016). This explains why risk factors for ECC
are poor predictors of individual cases of disease occurrence but continue to

be strongly associated with the prevalence or incidence of ECC (Divaris, 2016).
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The Rose hypothesis suggested that as long as disease risk is widespread,
then adopting measures that decrease risk for everyone is more effective in
reducing disease burden than taking a ‘high risk’ approach, in which measures
are targeted only to those individuals with a substantially increased risk for
disease (Rose, 1992). A combination of both the “high risk strategy” and
population oral health approaches has been adopted by many countries, but
some have argued that measures for identifying the high-risk subgroup in a
population are neither sufficiently accurate or reliable (Tickle and Milsom, 2008,
Hausen, 1997). However, to advance the potential of both approaches in ECC
risk assessment key steps are required which include large longitudinal cohorts
with high-quality clinical examinations, valid preclinical disease markers and

rigorous predictive modelling (Divaris, 2016).
1.2.3.2. Food and drink factors and oral health

A clearer understanding of how modifiable and non-modifiable factors affect
oral health problems is necessary so that appropriate intervention policy and
strategies can be developed to maximum effect. (Leong et al., 2013, Chi et al.,
2017, Chankanka et al., 2015). Much of the early research in ECC focused only
on the contribution of cariogenic food and drink to the aetiology and prevention
of lesions (Gussy et al., 2006, Leong et al., 2013). While the availability of
refined carbohydrate is required for ECC to occur there is now an increased
understanding of the interactions between other biological, behavioural and
psycho-social risk factors. The potential cariogenicity of frequently provided
human milk or infant formula or cow’s milk given in a bottle is controversial
(Leong et al., 2013, Gussy et al.,, 2006, Harris et al., 2004). The current
evidence indicates that breastfeeding up to 1 year of age is associated with a
reduction in dental caries risk while there may be an increased risk of ECC with
on-demand breast feeding or nocturnal feeding and sleeping with the breast in
the mouth (Tham et al., 2015). While the addition of sugars in bottle feeding is
strongly associated with ECC the lack of good quality studies and control of
confounding factors suggests that further research is required to inform feeding
guidelines (World Health Organization, 2017b, Gussy et al., 2016).

1.2.3.3. Interdisciplinary factors

There have been many calls for researchers to focus more on interdisciplinary
research, but few studies have done so particularly at the preschool age (Lee
et al., 2016, Casamassimo et al., 2014, Fisher-Owens et al., 2007, Divaris,

2016). Few longitudinal studies in preschool children have adopted a
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multidisciplinary approach although the VicGen study is an example of one
which has measured maternal and child health, oral health related behaviours,
behaviours, attitudes, knowledge, socio-demographics and diet, carried out
oral assessments and taken saliva samples to determine the microbiome
(Johnson et al., 2016).

The bidirectional relationship between oral health problems and child health
and development is complicated by a variety of sociodemographic influences
(Hooley et al., 2012a, Sheiham, 2006). In addition, the primary caregiver (PCG)
is the gate-keeper in providing and promoting general and oral health care for
the developing child; therefore, PCG health and wellbeing is intricately linked
to child health and, ultimately, defined by similar social determinants (Moimaz
et al., 2014). Dental research has expanded in recent years, recognising that
psychosocial, behavioural and environmental factors significantly impact oral
health outcomes (Fisher-Owens et al., 2007, Newton and Bower, 2005). A
number of studies have reported relationships, between PCG psychological
distress, child socio-emotional behaviour or infant temperament and child oral
health outcomes. (Tang et al., 2005, Menon et al., 2013, Quinonez et al.,
2001a, Spitz et al., 2006, Aminabadi et al., 2014). Parental stress and
depression may impact on the caregivers’ ability to impart preventive oral health
measures at vulnerable developmental stages (Tang et al., 2005, LaValle et
al., 2000) and are often related to aspects of infant temperament and child
socio-emotional behaviour (Spitz et al., 2006, Renzaho and Silva-Sanigorski,
2013, Mantymaa et al., 2006). Depressive symptoms in mothers may lead to
inconsistent parenting and unhealthy feeding habits (Kim Seow, 2012). A
positive child temperament appears to be protective against early childhood
caries (ECC) while a negative temperament and poor feeding practices are
both equally strongly associated with ECC (Aminabadi et al., 2014).
Interestingly, while reporting of subject ethnicity has been widespread, very few
studies have included ethnic background as a predictor or independant variable
in subsequent analyses (Harris et al., 2004), although in recent years ethnic
disparities in oral health has received some attention (Fisher-Owens et al.,
2013, Riggs et al., 2015). Few studies have examined the role of psychosocial
and behavioural factors on oral health in large population studies (Hooley et al.,
2012b). Furthermore, most research to date, focussed on early childhood
dental problems and the health and psychosocial attributes of the child and
PCG, has concentrated on the effect of a single variable using relatively small
sample sizes (LaValle et al., 2000, Hooley et al., 2012b, Abreu et al., 2015).
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1.2.3.4. Prevention of ECC and the common risk factor

In the early preschool stage of development, the infant is totally reliant on the
mother or PCG in determining the dietary intake, oral hygiene behaviours and
health care needs of the child (Wagner and Heinrich-Weltzien, 2017). Even in
the first year of life the infant vertical transmission of oral cariogenic bacteria
can occur in the pre-dentate stage and play an important role in development
of dental caries while protective maternal interventions such as healthy eating
habits and regular toothbrushing with fluoridated toothpaste can reduce the risk
of ECC (Leong et al., 2013). Early intervention is crucial to establish good oral
hygiene and dietary practices, especially as studies have reported that
consumption of “unhealthy” or discretionary choice foods and beverage is
higher than the recommended guidelines in 20-49% of children even before 3
years of age (Amezdroz et al., 2015, Crowe et al., 2017). While dental caries
can be arrested and, under the appropriate conditions, even reversed in its
early stages, it is often allowed develop further by inappropriate feeding
practices and significant infection with cariogenic bacteria (mutans
streptococci) (Gussy et al., 2006, Johnson et al., 2016, Chaffee et al., 2015).
Other risk factors for ECC include genetics, saliva, enamel hypoplasia, oral
hygiene behaviour and family environment (Gussy et al., 2006, Kim Seow,
2012). While dental plaque and poor toothbrushing habits are strong risk
factors for ECC (Meurman and Pienihakkinen, 2011, Gussy et al., 2006, Harris
et al., 2004) baseline experience of dental caries is still the single most
important predictor of future caries experience (Gussy et al., 2006, Harris et al.,
2004).

Despite strong evidence showing that the benefits of preventing dental caries
greatly outweigh the treatment costs there is a clear lack of emphasis on
prevention policies and strategies throughout the EU (Patel, 2012). Adopting a
common risk factor approach to prevention strategies and policy approaches
has been widely recommended (Wagner and Heinrich-Weltzien, 2017, Public
Health England, 2015a, Sheiham and Watt, 2000, Watt and Sheiham, 2012,
Petersen and Kwan, 2011, World Health Organization, 2000, World Health
Organization, 2017b). Whether the population approach, high risk approach or
a combination of both are adopted, it is clear that all prevention strategies
require a comprehensive understanding of both protective and risk factors for
ECC (World Health Organization, 2017b, Gussy et al., 2006, Johnson et al.,
2016, Chaffee et al., 2015, Leong et al., 2013). Primary prevention strategies

currently include oral hygiene instruction, dietary management and application
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of fluoride. Clearly, current strategies to prevent ECC have not been fully
successful (Harris et al., 2004) and adopting the common risk factor approach
and integrating interdisciplinary aspects of managing risk factors within primary
health care is needed (World Health Organization, 2017b).

Many of the steps to progress the development of valid and efficient predictive
modelling of ECC are already well elucidated by other researchers (Divaris,
2016, Casamassimo et al., 2014). A clear understanding of the differences
between “ECC risk assessment at the population level and ‘precision dentistry’
at the person level and personal” is required to advance these steps (Divaris,
2016).

1.3. Conceptual models of child oral health

1.3.1. Overview

The life-course approach to epidemiology has been defined as: “The study of
long term effects on later health or disease risk of physical or social exposures
during gestation, childhood, adolescence, young adulthood and later adult life”
(Kuh et al., 2003). Kuh further stated that: “The aim is to elucidate biological,
behavioural, and psychosocial processes that operate across an individual’s
life course, or across generations, to influence the development of disease
risk”. While investigating a birth cohort is one part of this approach lifecourse,
epidemiology is more than a study of accumulated risk or protective factors in
a longitudinal study and requires a theoretical model and a study design. A
better understanding of the relevant life course factors and oral health problems
may be achieved by merging data from different studies and disciplines (Khoury
et al., 2013, Abreu et al., 2015). Given the public health need for targeted
interventions aimed at reducing the prevalence of dental disease, particularly
ECC, it is vital to develop the knowledge and skills-base to understand and
identify protective and risk factors using both conceptual models and
interdisciplinary databases that have even limited measures of oral health. This
is especially true in countries, including Ireland, where national oral health
surveys have not been undertaken in more than a decade and have never

included preschool children.
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The development of strong conceptual models for children’s oral health in
recent years has been a feature of dental epidemiology in researching
multilevel factors that can have an impact at the early life stage and throughout
the life course (Nicolau et al., 2007, Ben-Shlomo and Kuh, 2002, Fisher-Owens
et al., 2007). The role of social and behavioural factors in developing ECC has
become more evident in the last decade (Ismail et al., 2009, Ismail, 2003,
Finlayson et al., 2007, Reisine et al., 1994). Similarly, research in child health
and development has focussed on broader bioecological models with the child
at the centre of a complex, multi-layered, interconnected, environmental
system which influences child development. “The bioecological model, together
with its corresponding research designs, is an evolving theoretical system for
the scientific study of human development over time” (Bronfenbrenner and
Morris, 2007). Upstream factors such as family functioning (Castilho et al.,
2013, Duijster et al., 2013b, Duijster et al., 2013a), social class (Gibson and
Williams, 1999, Boyce et al., 2010), parental influences (Renzaho and Silva-
Sanigorski, 2013, Hooley et al., 2012b) and psychosocial factors (Quinonez et
al., 2001b, Reisine et al., 1994, Finlayson et al., 2007) have all been studied in
relation to child dental health. Recent commentaries (Lee and Divaris, 2014,
Sniehotta et al., 2017, Divaris, 2016) have highlighted the need for an
integrated multidisciplinary approach to population-based health/oral health
research rather than individually examining the effects of upstream or

downstream risk factors (Krieger, 2008).

A more modern and functional definition of oral health by FDI World Dental
Federation includes: “Further attributes include that it is a fundamental
component of health and physical and mental wellbeing. It exists along a
continuum influenced by the values and attitudes of individuals and
communities; it reflects the physiologic, social, and psychological attributes that
are essential to quality of life” (Glick et al., 2017). Lee et al (2016) further noted
that this new definition for oral health created a challenge for the research
community to “develop and evaluate a consensus set of measures of the
domains of oral health that will be adaptable to the questions within target
clinical disciplines”. Influenced by behavioural and social science research
multiple conceptual models of oral health have been developed to incorporate
a wider framework of domains which expand beyond the individual, to the family
and community level (Fisher-Owens et al., 2007, Kim Seow, 2012,
Casamassimo et al., 2014, Lee and Divaris, 2014). Most recently, a causal

model was constructed (Figure 1.1), adapted from the Fisher-Owens model,
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based on repeated collection of comprehensive survey data, including oral
health assessments, of the VicGen birth cohort over an eight year period
(Johnson et al., 2016). This type of causal pathway should allow for a predictive
modelling approach to determine the contribution of the relevant risk factors on
child oral health.

MACROSYSTEM
Attitudes and ideologies
of the culture

EXOSYSTEM

MESOSYSTEM Neighbours

MICROSYSTEM

INDIVIDUAL
(sex, age,
health)

School

Health Services

Figure 1.1 The VicGeneration Causal Model of child, family and community
influences on oral health outcomes for children. Amended from Johnson et al.
(2016).

There is a pressing need to optimise the use of all resources, both funding and

data, for epidemiological studies. Khoury et al (2013) recently emphasised the
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importance of “transforming epidemiology for 21% century medicine and public
health” and highlighted the need to focus on interdisciplinary collaboration,
greater access to data to ensure reproducibility, expand cohort studies across
the lifespan and integrate “big data” science into epidemiological practice. The
report also recommended the promotion of cross-study best practices for

managing datasets and development of novel analytic strategies.

1.3.2. National child surveys

There is, currently, no national data in Ireland on early childhood dental health
and the last national dental survey, which only included children five years of
age and older, was carried out 15 years ago (Whelton et al., 2006). Few
countries have measured or surveyed dental related measures or outcomes at
a national level for preschool children. However, many countries have
developed and funded national cohort surveys and most of these have included
some oral health related measures. Some (e.g. LSAC) have also carried out
subgroup clinical examinations or nested studies within the cohorts (Wake et
al., 2014). Some of these nested studies include a wide range of physical health
measures and biosamples which can be stored for biochemical, genetic and
epigenetic analysis. As mentioned earlier, preschool children have not been
previously included in national oral health surveys in Ireland. In recent years
one of the best opportunities for capturing nationally representative data on oral
health related measures such as diet, oral hygiene and dental problems in
preschool children derived from cohort surveys such as GUI (Quail et al., 2011,
Murray et al., 2013) (http://www.esri.ie/growing-up-in-ireland) and the National
Preschool Nutrition Survey (NPNS) (Irish Universities Nutrition Alliance, 2012)

(http://www.iuna.net).
1.3.3. Growing Up in Ireland

“Ensuring the good health and well-being of all young children in Ireland” is one
of the central goals of the Report of The Expert Advisory Group on The Early
Years Strategy (Department of Children and Youth Affairs, 2013). The
Department for Children and Youth Affairs (DCYA) has invested €35 million in
the Growing Up in Ireland (GUI) study which provides comprehensive data on
aspects of child development that will provide a statistical basis to inform policy
and “ensure a better future for Ireland’s children” (Department of Children and
Youth Affairs, 2014). The GUI study is the largest, most significant, child
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research project ever carried out in the state. Key outcome domains include
physical health and development and socioemotional well-being (Williams et
al.,, 2013). GUI is a national longitudinal study following the progress of two
groups of children: the Child Cohort includes 8,500 nine-year-olds; and the
Infant Cohort includes 11,000 nine-month-olds born in the Irish Republic who
participated in the study at 9 months, 3 years and 5 years of age (Figure 1.2)
(http://www.growingup.ie). The study is being carried out by a group of
researchers led by the Economic and Social Research Institute (ESRI) and
Trinity College Dublin (TCD). Funding is provided by the Department of
Children and Youth Affairs in association with the Department of Social
Protection and the Central Statistics Office. GUI began in 2006 and currently
the members of the infant cohort are 10 years old while those of the child cohort

are approximately 20 years old.

i Wave 2 Wave 3
iz (3 years) (5 years)
Uiz 9,793 9,001
8,712
11,134 9,793 completed completed
completed 794 not completed 289

households —| 139 hard refusal —p

) not completed
408 emigrated

Figure 1.2 Infant Cohort Longitudinal Sample, Growing Up in Ireland Survey.
Note: 11,134 questionnaires issued at Wave 2; 10,587 issued at Wave 3.
Questionnaires not completed at Wave 2= 794; not completed at Wave 2 but
included in Wave 3=289.

GUI is the most comprehensive study of children ever undertaken in Ireland
and the primary objectives include a description of child development over time
and investigating how different experiences in early childhood may affect
outcomes at an older age. A key focus is to provide an appropriate evidence

base to facilitate development of child and family policies (Williams et al., 2013).
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The study emphasises the bioecological approach to understanding child
development which places the child at the centre surrounded by multiple
influencing layers that include the child’s characteristics, family, neighbours and
community services that occur over time (Figure 1.3) (Bronfenbrenner and
Morris, 2007).

Community
Level
Influences

Fluoridation

Physical environment

Family Level
Influences

health care
system

Culture

Family
structure

Child Level
Influences
Sociodemographics

Oral health
behaviour Fluoride

Diet

Child Oral
Health

Figure 1.3 Bronfenbrenner’'s Bioecological Model of Human development.
Amended from Garbarino (1982).

This model also appears to have influenced the conceptual oral health models
developed more recently by Fisher-Owens (2007) and others (Casamassimo
et al., 2014, Johnson et al., 2016, Kim Seow, 2012).
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GUI has concentrated on three main aspects of child development:

e Physical health and development

e Social, emotional and behavioural well-being

e Educational achievement
From the perspective of examining oral health issues, a key strength of this
nationally representative study is the multidisciplinary nature of the data
collected. The dataset contains a comprehensive range of measures related to
both parents and children concerning general, psycho-social and behavioural
health. The themes of the health domain included: Pregnancy / pre-natal care;
Child’s birth; Child’s health/healthcare utilisation; Child’s nutrition/diet/
breastfeeding; Child’s physical activity levels/exercise; Child’s physical

development; Physical measures and Parental health and lifestyle.

In the infant cohort, questions related to the child’s oral health included dental
problem visits, oral behavioural habits including frequency of tooth brushing
and how often the child sucked a soother or finger/thumb at 9 months of age
and accessing dental care at 5 years of age. Information relating to diet was
also collected using a food frequency questionnaire. Other measures included
global health rating, detailed data on breastfeeding, iliness/hospital attendance,
socio-demographics and psycho-social variables including temperament and
behaviour. The only physical measures taken were the length and weight of the
infant. There are multiple publications arising from this cohort including
investigations of infant feeding (Castro et al., 2015, Castro et al., 2014) and
obesity (Layte et al., 2014a).

1.3.4. National Preschool Nutrition Survey
(NPNS)

The first NPNS study was conducted by the Irish Universities Nutrition Alliance
(IUNA) from October 2010 to September 2011. As with the scarcity of oral
health data for this age group there has been a similar lack of detailed estimates
of dietary intake for preschool children prior to this survey. Similar to problems
with questionnaire-based reporting of oral health related measures, there are
particular difficulties in estimating the pattern of consumption of food and drinks

at this age as the information is usually reported by a parent or guardian.

IUNA has completed a number of national nutritional surveys among various
other age groups including children (2003), teenagers (2005) and adults (2011)

(http://www.iuna.net). Analysis of these datasets has provided valuable

18



information on nutrient intake, food safety, informed food policy and
development of food based dietary guidelines. National dietary surveys among
preschool children are necessary for understanding and describing food
consumption patterns and nutrient intake and allow identification of
consumption that does not meet recommended dietary goals (Gibney and
Wolmarans, 2004). The NPNS also collected anthropometric measures and

information related to child health and lifestyle.

1.4. Diet, obesity and dental health- the
common risk factor approach

Oral health is inextricably linked with general health, especially with self-
reported health status (Lee et al., 2013, Sheiham, 2005, US Department of
Health and Human Services, 2000, Fisher-Owens et al., 2007). Poor nutritional
behaviours established in preschoolers are associated with an increased risk
of obesity and dental caries that can affect the individual throughout the life
course (World Health Organization, 2002, Kuh et al., 2003).

Obesity may be defined as an excess of body fat (Flegal and Ogden, 2011).
Body mass index (BMI) has only relatively recently been used for assessing
child weight/fatness and is more complicated than its use in adults as it is age
and gender specific with no universal agreement on growth reference charts or
cut off criteria to use for classifying obesity and overweight (Flegal and Ogden,
2011, Rolland-Cachera, 2011). However, most studies tend to classify child
BMI under age 5 years using the International Obesity Task Force (IOTF) and
WHO cut-offs (Cole et al., 2000, Onis, 2006, Cole et al., 2007). In 2013, 42
million preschool children, world-wide, were classified as obese or overweight
(de Onis et al., 2010, de Onis and Lobstein, 2010). Although the prevalence of
overweight and obesity in Irish children appears to be stabilising (Keane et al.,
2014), using the limited national data for preschoolers and the IOTF cut-offs,
the prevalence of obesity and overweight in 2-4 year old children was 15% and
3% respectively. In the same sample from NPNS, categorised using the
UK/WHO growth charts, obesity and overweight was estimated as 16% and
7%, respectively (Irish Universities Nutrition Alliance, 2012). In Europe, 12-15%
of preschool children were classified as overweight or obese based on IOTF
criteria (Ahrens et al., 2014, Walton, 2012). Similarly, epidemiological data on

the dental health of preschool children in Ireland is minimal and this age cohort
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(less than 5 years) have not previously been included in national dental
surveys. Given the relatively sparse studies of obesity in preschool children
globally it has been suggested that population surveys of this age group are
urgently required to both assess prevalence of overweight and obesity and also
attempt to identify potential patterns and susceptibility of subgroups (Wake et
al., 2007).

The primary caregiver (PCG) plays a key role in facilitating prevention of both
obesity and ECC through feeding patterns and other behaviours in the
preschool period (Wake et al., 2008, Pine, 2013, Gussy et al., 2006, Dye et al.,
2004, Chaffee et al., 2015). Obesity and dental caries share some common risk
factors such as food choice, patterns of dietary intake, poor quality diet and
socioeconomic factors such as education level of PCG and household income
(Marshall et al., 2007b, Kantovitz et al., 2006, Sheiham and Watt, 2000, Watt
and Sheiham, 2012). Dental caries and weight status are diet-related, and
patterns of nutritional behaviours are established in early life (Wake et al., 2007,
Chaffee et al., 2015). However, very few epidemiological studies have reported
anthropometric and dental health measures of preschool children, despite the
fact that both early childhood obesity and dental caries are strong predictors of
these respective conditions throughout the life course (Dye et al., 2015, Wake
et al., 2007).

Many of the cross-sectional and longitudinal studies that explored the
association between diet, dental caries and obesity have found conflicting
results (Alves et al., 2013, Costacurta et al., 2014, Hong et al., 2008, Liang et
al., 2016, Goodson et al., 2013, Qadri et al., 2015). Although some studies have
shown a positive relationship between BMI and dental caries, others suggest
that they are correlated weakly and that different predictors may be associated
with dental caries at both high and low BMI levels (Hooley et al., 2012a,
Kantovitz et al., 2006, 2015a, Arcella et al., 2002, Marshall et al., 2007b). This
should not be too surprising given the potential for confounding and the
complex aetiology of obesity, in particular. Although there is ample evidence
that dental caries will not develop without dietary sugar (Anderson et al., 2009),
numerous epidemiological studies have failed to find an association, or found
a low association between frequency of intake of carbohydrates and obesity
(Te Morenga et al., 2013, Hayden et al., 2012, Goodson et al., 2013, Stanhope,
2015). While evidence for the association of dental caries and sugar
consumption is derived from a wide variety of studies it is tacitly accepted that

a high sugar diet is a “necessary cause” of dental caries (Tinanoff et al., 2002,
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Rothman et al., 2008, Goodson et al., 2013). Recently, there appears to be an
increasingly controversial focus in identifying sugar as the primary cause of
obesity and a significant contributing factor to many non-communicable
diseases in the so-called “developed” world (Lustig et al., 2012, Stanhope,
2015, Pereira, 2006). It is generally accepted that excess caloric intake from
any macronutrient can lead to conditions such as overweight and obesity.
However, the current controversy relates to the argument that dietary sugar is
uniquely toxic and addictive and an independant cause of obesity (Lustig et al.,
2012, Bray and Popkin, 2014) while others have argued that obesity and
overweight continue to increase in countries where, at the same time, there
have been substantial declines in sugar consumption (Barclay and Brand-
Miller, 2011, Brand-Miller and Barclay, 2017).

Interestingly, there have been few reports on the oral health status of
underweight children and it is uncertain whether they have a low caries risk
(Tramini et al., 2009). It has been suggested that dental caries risk factors for
underweight children needs to be assessed independently and not included in
the “normal” weight category (Hooley et al., 2012a). There is some evidence to
suggest that dental caries may be associated with children who are
underweight and suffer with slow growth due to pain on mastication (Wagner
and Heinrich-Weltzien, 2017, Hooley et al., 2012c, Sheiham, 2006, Tramini et
al., 2009). This may inhibit growth hormone release via pain inducing altered
sleep patterns and increased glucocorticosteroid secretion, (Vania et al., 2011)
the effects of which may be further heightened by undernutrition due to an

inability to chew more healthy foods (Gussy et al., 2006).

As reduced socioeconomic status and a high intake of dietary sugars are risk
factors for both obesity and dental caries there is a strong conceptual basis for
adopting interventions that address these common risk factors (2015a,
Goodson et al., 2013, Qadri et al., 2015). Other common risk factors include
psychosocial, lifestyle and family/school based patterns (Crowe et al., 2016,
Watt and Sheiham, 2012, Sheiham and Watt, 2000). While obesity and dental
caries are strongly associated with lower socioeconomic status the causal
pathways have still not been fully elucidated. Furthermore, there are many
other risk factors for both conditions that are not shared (Public Health England,
2015a). The evidence that obesity and dental caries may be more likely to occur
in the same populations was found to be of “low-quality” according to a recent
summary report by Public Health England (2015a) which was largely based on

two systematic reviews (Hayden et al., 2012, Hooley et al., 2012a). As these
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were mainly compiled using cross-sectional data it was not possible to conclude
if “an individual who is overweight or obese is at higher risk of dental caries or

vice-versa” (Public Health England, 2015a).

Given the associations that exist between oral health and general health
(Sheiham, 2005, Pine, 2013) there is growing interest in utilising a common risk
factor approach to investigate the multidimensional causes of dental and weight
status problems, particularly in preschool children (Vania et al., 2011, Hooley
etal., 2012a, Hooley et al., 2012c, Hayden et al., 2012, Costacurta et al., 2014,
2015a). The main focus of what is described as the “common risk factor”
approach is to control a small number of overlapping or shared risk factors
between chronic diseases by promoting general health and thus exert a
greater, more efficient, impact than disease specific approaches (Sheiham and
Watt, 2000).

The Global Burden of Disease (GBD) study has indicated that the transition of
less developed countries to more economically developed, will also result in an
increase in chronic disease while infectious disease declines. The only feasible
long-term strategy for global oral health “must focus on health promotion and
disease prevention, through controlling the modifiable common risk factors” (Jin
et al., 2016). It is vitally important to identify common risk factors to accelerate
future oral health research targeted at prevention of ECC and childhood obesity
(Chi et al., 2017, Divaris, 2016, Watt and Sheiham, 2012). Using a common
risk factor approach to address both conditions is sensible as long as the
evidence for the role of sugar in causing obesity is convincing (Watt and
Sheiham, 2012). As highlighted by Dye (2017), the “epidemiological transition”
will impact on oral health globally as oral diseases share common risk factors

such as an unhealthy diet with other non-communicable diseases (NCDs).

1.5. Cariogenic food and drink

1.5.1. Overview

As mentioned previously, consumption of cariogenic food and drink (CF)
contributes to ECC (Hujoel and Lingstrom, 2017, Chankanka et al., 2015,
Newens and Walton, 2016, World Health Organization, 2017b). This section
will examine research that focuses on patterns of consumption of CF (Hujoel
and Lingstrom, 2017, Chankanka et al., 2015, Newens and Walton, 2016,
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World Health Organization, 2017b, Kassebaum et al., 2015). The carious
process occurs through the metabolism of fermentable dietary carbohydrates
at the plaque-biofilm interface resulting in localised demineralisation and
destruction of hard dental tissues over time (Selwitz et al., 2007, Bradshaw and
Lynch, 2013). While evidence describing the impact of nutrition intervention
during crucial growth periods is well established (Bhutta et al., 2013), it appears
to be surprisingly little known that the early stages of dental caries can be halted
and potentially reversed (Selwitz et al., Lingstrdm, 2009, Moynihan and
Petersen, 2004) and that food intake patterns play a key role in dictating the
progression or reversal of the disease (Moynihan and Kelly, 2014, Gussy et al.,
2016, Chaffee et al., 2015, Tinanoff et al., 2002).

In a sufficient-cause model (Rothman et al., 2008) dental caries cannot occur
without consumption of CF, especially sugar, and it is generally accepted that
this is a ‘necessary cause’ of dental caries (Tinanoff et al., 2002, Sheiham and
James, 2015). However, despite improvements in understanding many of the
proximal and distal determinants of ECC, (Selwitz et al., 2007, Divaris, 2016,
Fisher-Owens et al., 2007) an observation made more than 50 years ago
remains valid today: “no one yet knows the precise nature of dental caries and
all of the ramifications of the consumption of carbohydrates that influence
caries” (Peterson, 1963). While some studies have explored the relationship
between the pattern of consumption of CF and dental caries in young children
(Chaffee et al., 2015, Dye et al., 2004, Johansson et al., 2010, Marshall et al.,
2005, Llena and Forner, 2008, Hooley et al., 2012b) detailed understanding of
the frequency, amount and pattern of intake of CF in preschool children is still
limited (Marshall et al., 2005, Dye et al., 2004, Chankanka et al., 2015,
Moynihan and Kelly, 2014). While a wide range of risk indicators have been
found to be associated with ECC such as a cariogenic diet, poor oral hygiene,
low fluoride exposure, inappropriate feeding methods, poor parental education
and household income, very few studies have looked at risk factors using the
appropriate longitudinal study design and validated dietary instruments (Hooley
et al., 2012b, Harris et al., 2004, Selwitz et al., 2007).

Given the changing and dynamic nature of dietary habits in children it is
important to understand the typical intake of CF as snacks or part of main meals
(Llena and Forner, 2008, Johansson et al., 2010). A diet containing a greater
amount of CF before age 12 months is associated with an increased incidence
of dental caries by preschool age (Chaffee et al., 2015). Parental attitudes and

eating practices strongly influence the eating behaviours developed in
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childhood (Fisher et al., 2015). While infants are born with an innate preference
for sweet taste (Stephen et al., 2012) there is strong evidence to suggest that
learning to develop a liking for “healthy” foods is modifiable early in life
(Mennella, 2014). The early introduction of CF can foster a long-term pattern of
preference for the consumption of CF (Marshall et al., 2007a) and also increase
the virulence and levels of cariogenic bacteria such as mutans streptococci and
lactobacili (Marsh, 2006, Chaffee et al., 2015). However, this is also a crucial
period where the deleterious effects of a cariogenic diet could be modified by
the plaque disrupting beneficial effects of toothbrushing with fluoridated
toothpaste and exposure to fluoridated water (Gibson and Williams, 1999,
Harris et al., 2004, Gussy et al., 2006, Gussy et al., 2016). Children with a
history of snacking once or more per day or who consumed sweets a minimum
of once a day have higher rates of dental caries (Abreu et al., 2015, Bonotto et
al., 2017). Bonotto et al (2017) recently found that snack limits established by
parents were associated with a lower prevalence of untreated dental caries in
preschool children. Obviously, the parent or primary caregiver largely controls
the amount and frequency of food the preschool child may consume. Given that
food and drink items consumed between the traditional main meal patterns
typically contributes more than 25% of the daily energy intake of preschoolers
it is surprising that the determinants of snacking at this age are not well
established (Fisher et al., 2015, Jacquier et al., 2017).

Prior to water flouridation, the landmark study in Vipeholm, Sweden, in the
1940’s (Gustafsson et al., 1954), concluded that frequency and timing of
consumption of CF were more important than the total amount. More recent
studies have shown that this relationship still remains but is not as strong (Burt
et al., 1988, Sheiham, 2007, Moynihan and Petersen, 2004). Both frequency of
consumption and total amount of sugars/CF are strongly related (Moynihan and
Petersen, 2004) but there is still debate about which plays a more dominant
role in relation to dental caries development (Moynihan, 2002, Diaz-Garrido et
al., 2016). Some authors have have suggested that the evidence for both is
similar (Moynihan, 2002), others that the total amount is more strongly
associated with caries increment (Bernabe et al., 2015, Burt et al., 1988, Zero,
2004). A systematic review (Moynihan and Kelly, 2014) which informed the
WHO guidelines on sugar intake (World Health Organization, 2015) “identified
largely consistent evidence supporting a relationship between the amount of
sugar intake and the development of dental caries across age groups”. A recent

study (Diaz-Garrido et al., 2016) examined, in vitro, the effect of increased
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sucrose exposure on the cariogenicity of a biofilm-caries model and concluded
that even one daily exposure to sugar can initiate a carious lesion. Although
confirmation would require clinical trials to account for other protective factors
such as saliva, the results suggested that higher exposure to sugar increases
the acidogenicity and virulence of the Streptococcus mutans biofilm in a
frequency-dependant manner. Establishing what the threshold is for the
number of “exposures” and/or frequency of intake of CF per day to induce ECC
is difficult but has obvious implications for health education and advice on
caries risk. Other factors affecting cariogenicity include the physicochemical
properties of the food item (e.g. texture, stickiness), sequence and timing of
consumption, duration in the mouth and physical and chemical interactions with
other food components (Moynihan, 2002, Marshall et al., 2005, Lingstrom,
2009, Bradshaw and Lynch, 2013).

In nutritional epidemiology there has been considerable focus, and controversy,
on the role of “unhealthy” and “high- sugar” food and beverages in relation to
obesity (Hall et al., 2015, Erickson et al., 2017, Erickson and Slavin, 2015b,
Farpour-Lambert et al., 2015, Hu, 2013, Lustig et al., 2012) but comparatively
little emphasis on assessing if the pattern of consumption of CF can be further
defined to optimise dietary advice and reduce the risk of ECC (Johansson et
al., 2010, Marshall et al., 2005, Amezdroz et al., 2015, Chaffee et al., 2016).
People tend to consume combinations of food items as snacks or main meals
rather than individual nutrients (Leech et al., 2015) and recent research has
focussed on meal composition and eating patterns to explore diet-disease
relationships (Faber et al., 2013, Golley et al., 2017). There are many obstacles
to investigating consumption patterns of preschool children including
instrument selection, proxy reporting and seasonal variations in consumption
(Magarey et al., 2011). Even accepting the limitations of measuring food intake
in young children there is no universal, standardised method for reporting the
data and comparisons between studies can be very difficult (Faber et al., 2013).
Instrument selection and study design can impact on the quality of data
collected and interpretation of results is often dependant on how the data is
reported. For example, Faber commented that a study on young children in
South Africa sugar was ranked 17" based on the total amount consumed yet

3" based on most frequently consumed (Faber et al., 2013).

At the individual level there is even less standardisation of dietary assessment
and recent surveys of dentists’ use of food diaries suggested that further

research is required to develop a more reliable, acceptable dietary assessment
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tool for use in the dental setting (Arheiam et al., 2016a, Arheiam et al., 2016b).
Dentists are required to provide dietary advice to patients to promote good oral
health and reduce the frequency and amount of potentially cariogenic foods
and drinks (Moynihan, 2002). However, this practice is not standardised and
there is no universal dietary assessment system to monitor patient diets (Dye
et al., 2004, Moynihan and Kelly, 2014).

Professional recommendations are that the first dental visit should occur at 12
months of age, primarily to offer preventive advice to parents regarding
inappropriate dietary behaviours (American Academy of Pediatric Dentistry,
2016)). Furthermore, it is an opportune time to examine for early signs of
enamel demineralisation (“white-spot lesion”) while remineralisation and arrest
of caries is still possible (Tinanoff and Reisine, 2009, Selwitz et al., 2007, Gussy
et al., 2006) by utilising dietary counselling strategies (Marshall, 2013, Marshall
et al., 2005, Moynihan and Petersen, 2004, Moynihan and Kelly, 2014).
However, dietary recommendations need to be practical and realistic to
translate into behavioural change in the context of parental education, parental
diet, and socioeconomic background (Leech et al., 2015, Faber et al., 2013).
Apart from identification of foods high in free or total sugars dietary counselling
advice is often limited to the reduction of between-meal snacking of sugary
foods and drinks (Arheiam et al., 2016b, Moynihan, 2002). Obviously, any such
“reduction” is potentially beneficial in reducing caries risk but the premise of any
practical advice must be an understanding of the current nutritional status of
the child. Further research is required to develop a more reliable, acceptable

dietary assessment tool for use in the dental setting.

The dental health risks of different foods depend on multiple factors and
previous attempts to categorise them according to their relative cariogenicity
have proved difficult (Curzon and Hefferren, 2001, Lingstrém, 2009, Zero,
2004, Johnson et al., 2016). Food and drinks that have been categorised as
potentially cariogenic (Moynihan, 2002, Moynihan et al., 2009) are listed in
Table 1.3. Selecting a healthy diet that is concomitant with oral health should
be an important component of both population policy guidelines and individual
patient counselling (Navia, 1994). The most recent food pyramid guidelines in
Ireland suggest “small servings of chocolate, biscuits, cakes, sweets, crisps,
ice cream and sugary drinks - not every day, maximum once or twice a week”
(http://www.safefood.eu/Healthy-Eating/What-is-a-balanced-diet/The-Food-

Pyramid.aspx). An ‘unhealthy diet’ is associated with a number of poor health

outcomes and most of the items at the top of food pyramid guidelines are also
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cariogenic (Food Safety Authority of Ireland, 2011b, Food Safety Authority of
Ireland, 2011a).

Table 1.3 Selected foods and drink that are potentially cariogenic.

Biscuits

Cakes and pastries

Sugars, syrups, caloric sweeteners

Ice creams

Fruit juices

Sugared, Ready To Eat Breakfast Cereals (RTEBC)
Carbonated beverages (non-diet)
Squashes, cordials and fruit juice drinks
Chocolate confectionary

Non-chocolate confectionary

Tinned fruit in syrup

Rice puddings and custards

Desserts

Source: Amended from Moynihan (2002).

However, some foods that contribute significantly to nutrient intake such as
RTEBC can also contain high levels of added sugar (Priebe and McMonagle,
2016). Chankanka (2015) found that between 3 and 5 years of age different
foods and beverage categories were associated with increased risk of cavitated
caries compared to non-cavitated caries. Furthermore, greater consumption
frequency of RTEBC at meals was associated with a greater risk of non-
cavitated caries while greater consumption frequency of sugary drinks and
added sugar at snacks were associated with a higher risk of cavitated caries.
Many studies have found stronger associations between consumption of non-
diet carbonated beverages or sugar sweetened beverages and ECC than that

between fruit juice, with a similar sugar content, and ECC (Marshall et al., 2005,
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Marshall et al., 2003). Some researchers (Gussy et al., 2016, Sohn et al., 2006)
have similarly speculated that as the non-diet carbonated beverages are highly
acidic with increased buffering capacity which may result in a lower pH at the
tooth surface, they may be more cariogenic. However, these properties are
more likely to contribute to contribute to dental erosion which is strongly
dependant on the type of acid and extent of buffering capacity and titratable
acidity (Barbour, 2009, Shellis et al., 2013).

World Health Organisation (WHO) guidelines recommend that for adults and
children the intake of free sugars should not exceed 10% of total energy and a
conditional recommendation of a further reduction to below 5% of total energy
(World Health Organization, 2015). However, some have argued that restrictive
recommendations and mandatory food labelling may not be very effective
methods for reducing free sugar intake (Erickson and Slavin, 2015b, Erickson
et al., 2017). There have also been conflicting views about the efficacy of
providing information on reducing sugar intake as a preventive measure
(Lingstrém, 2009, Sheiham and James, 2015). It is important to understand that
the recommendations by the WHO are aimed at the level of the population
rather than that of the individual (Divaris, 2016, Meyer and Lee, 2015).

1.5.2. Assessing Dietary Intake

“It is easy to ask what people eat but finding an answer can be a daunting
task. For one thing, people do not eat the same food every day or week, or
throughout the year or their lives. Second, every person has different needs
and meets them in a different way from other people” (Becker and Helsing,
1991).

The main aim of nutritional epidemiology is to describe the variation and
distribution in peoples’ nutritional behaviour and relate that behaviour to causes
or prevention of a health outcome (Mackerras and Margetts, 2005). A key
aspect is to assess how useful and valid the estimations of dietary intake are
and how that may impact on investigating health outcomes and inform policy
for dietary advice at an individual or population level (Rockhill, 2001, Faber et
al., 2013). Dietary assessment includes food availability at a national level, food
purchase at household level and food consumption at the individual level
(Thompson and Subar, 2013). This thesis is only concerned with dietary intake
assessment at the individual level. While there is no generally accepted
instrument for capturing intake of CF the FFQ has been considered the

instrument of choice for studies exploring the relationship between diet and

28



dental caries due to its convenience, ease of use by subject/parent and, if it
questions intake over a sufficiently long period, ability to estimate habitual food
intake (Llena and Forner, 2008). The various methods for collecting dietary
intake data (Table 1.4) have been compared by numerous authors (Magarey
et al., 2011, Biro et al., 2002, Moynihan et al., 2009, Satija et al., 2015, Shim et
al., 2014, Thompson and Subar, 2013). Methods commonly available for
dietary estimation in public health epidemiology include the Food Frequency
Questionnaire (FFQ), 24-h recalls (24HR), multiple-day food diaries or records,
diet histories and short food questionnaires (SFQ) (Golley et al.,, 2017,
Thompson and Subar, 2013, Shim et al., 2014). More recently, biomarkers
have been developed for validation of nutrient intake that highlight other
person-specific errors that can occur with all self-report methods (Jenab et al.,
2009).

Table 1.4 Comparison of dietary assessment methods.

consumed over

over time and

Dietary Description Application Limitations
method
Weighed Subject weighs | Accurate Weighing food may
food diary and records all | assessment of food | affect food
food consumed | and nutrient intake | selection and usual
for defined and may apply to intake, requires
period of time. | all types dietary literacy, eating
data, e.g. outside home
assessment of problematic.
individual intake.
Estimated Subiject records | Suitable for looking | Accuracy reduced
food diary all food at changes in diet | due to portion size

estimation,

set number of assessing requires literacy of
days in diary individual nutrient subject.

using intake.

household

measures to
estimate

portion size.
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Precise All ingredients, | Accurate High subject
weighing foods served information on participation
method and left-over nutrient intake and | burden, prone to
food weighed accounts for reduced
and an aliquot | systematic error cooperation and
chemically using food tables. record error as
analysed for number days
nutrient increase.
composition.
Dietary Detailed Measuring habitual | Memory reliant,
history questionnaires | intake of requires skilled
administered individuals over a dietician, recall
by trained long period. bias
interviewer, Compared with
dietician on dietary
present/past recommendations.
intake.
24-hour Subject recalls | Suitable for Memory reliant, no
recall all food average population | account of daily
(24HR) consumed in intake. variation, not
previous 24h in suitable for reliable
interview. data on individual
dietary intake.
Repeat 24- 24-HR Suitable for Memory reliant, not
hour recall repeated average intake suitable for
several estimation and absolute nutrient
occasions. range of intake intakes or
populations. comparing levels of
intake to dietary
recommendations.
Food Self- Suitable for Not suitable for
frequency administered classifying subjects | comparing levels of

questionnaire

(FFQ)

questionnaire
in which

subject

into bands of intake
and for relative

ranking of

intake to dietary
recommendations,

little detail on other
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indicates their
usual
frequency of
consumption of
each food from
a list of foods

for a specific

individuals within
study. Easy to
apply to large
surveys and low

cost.

aspects, e.g.
methods of
cooking, portion

size.

qguestionnaire

(SFQ)

that focus on
specific eating
behaviour,
usually records

small number

assessment of the
total diet or
guantitative
accuracy in dietary

estimates. Low

period.
Short Simplified or Can be useful in Does not capture
frequency (or | targeted SFQs, | situations that do information about
food) questionnaires | not require either entire diet,

measures not
quantitatively
meaningful, can’t

estimate dietary

intake population.

cost.

of food groups.

Source: Amended from Moynihan et al. (2009).

Table 1.4 (continued) Comparison of dietary assessment methods.

The FFQ is the most widely used dietary method for large-scale studies and
this is sometimes further modified in terms of time-frame, food items and
estimation of quantity to a simple dietary screening tool or SFQ (Golley et al.,
2017). However, the usefulness of the resultant data that can be subsequently
obtained, especially from a SFQ, may be limited, particularly if key foods are
omitted and minimal consumption frequencies recorded. For example, even
relatively simple descriptive analysis of “unhealthy” food intake data can be
compromised and bias our understanding of habitual food consumption
patterns (Anderson 2016, Kirkpatrick, 2014). Furthermore, measuring typical
food intake has a number of inherent issues such as self-selection and social
desirability bias and selective underreporting of specific foods (Lissner, 2006,
Magarey et al., 2011, Thompson and Subar, 2013). Combining different
assessment instruments can improve intake estimates (Carroll et al., 2012).

Combining data from a number of 24HR with a FFQ has been shown to produce
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better estimates compared to a single FFQ or a few 24HR alone when exploring
associations with health outcomes by modelling usual intakes (Thompson and
Subar, 2013). Other approaches have developed mixed effects models for
reducing the measurement error when estimating typical nutrient intake with
repeated 24HR (Tooze et al., 2010). Methodological issues in research in both
oral health and dietary assessment are considerable (O'Mullane et al., 2012,
Thompson and Subar, 2013, Foster and Adamson, 2014, Archer and Blair,
2015). Comparisons between studies to identify the most important dietary
factors in oral health is difficult due to a lack of standardisation, use of non-
validated measures, brief dietary assessment instruments, reliance on parental
recall of dietary habits and inconsistent reporting methods (Thompson and
Subar, 2013, Harris et al., 2004, Magarey et al., 2011, Taren et al., 2006).

1.5.3. Data mapping

Linking different datasets and augmenting information in one dataset with
another is another way of optimising data quality and yield from subsequent
analyses (Slack-Smith, 2012, Schenker and Raghunathan, 2007). The quality
of food intake estimates may be augmented by using more accurate
information in another database and carrying out a data-mapping procedure
(Kettler et al., 2015). This type of data mapping allows for detailed dietary data
from a matched cohort to be mapped to simple data from a large cohort with
the aim of improving the quality of dietary data in large cohorts. Tools such as
natural language processing (NLP) can be used to sort, group and filter
categories to facilitate easy mapping. Combining information from multiple
surveys has been highlighted by others as an important area of research which
can elicit useful information gain and augment estimates of parameters lacking

in other surveys (Schenker and Raghunathan, 2007).

1.6. Sugars consumption and dental health
1.6.1. Sugars and health

In the early Islamic period sugar had a special status as a medicine. As Mintz
(1985), stated in his classic anthropological study ‘so useful was sugar in the
medical practice of Europe from the thirteenth through the eighteenth centuries
that the expression “like an apothecary without sugar’” came to mean a state of

utter desperation or helplessness’. Some medical doctors proposed that sugar
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was a “veritable cure-all, its only defect being that it could make ladies too fat”
and even suggested that it made for a valuable dentrifice (Mintz, 1985).
Nowadays, the main functionality of sugars is their sweet taste, but sugars also
contribute to colour, texture, flavour, structure and shelf-life (Clemens et al.,
2016).

Dietary sugars have become a focus of much debate in public health in recent
years with concerns regarding increased obesity prevalence and negative
impact on oral health the focus of recently updated guidelines by the WHO and
the Scientific Advisory Committee on Nutrition (SACN) (World Health
Organization, 2015, SACN, 2015, Pyne and Macdonald, 2016). It is generally
accepted that a reduction in sugar consumption levels may improve diet quality
and be beneficial to both oral and general health (Watt and Rouxel, 2012,
Gibson et al., 2016, Sheiham and Watt, 2000, Meyer and Lee, 2015). While
much interest prevails among regulatory agencies and government bodies to
reduce the sugar content in food and diet to help curb obesity prevalence
(Edwards et al., 2016, Public Health England, 2015b) this may have a greater
impact on dental caries rates given the stronger evidence base for the role of
sugar (Moynihan, 2016, Moynihan and Petersen, 2004, Marshall et al., 2005,
Sheiham and James, 2015). Sugar does not appear to uniquely contribute to
obesity above its caloric intake contribution (Kahn and Sievenpiper, 2014,
Brand-Miller and Barclay, 2017, Stanhope, 2015) but some commentators have
argued that sugar and sugar sweetened drinks in particular, are a key driver of
obesity related diseases over the last few decades (Bray and Popkin, 2014,
Cantoral et al., 2016, Hu, 2013). Others have argued that from a common risk
factor approach there is sufficient epidemiological evidence to support any
measures that reduce overall sugar intake (Hopcraft and Beaumont, 2016,
Sheiham and Watt, 2000, Watt and Sheiham, 2012). A reduction of sugar intake
across the population has long been a goal in public dental health (Sheiham
and James, 2014, Nicolau et al., 2003) and now appears to be the focus of
general public health advocates (Anderson, 2014, Hu, 2013, Lustig et al.,
2012).

1.6.2. Terminology and classification of dietary

sugars

The term “sugars” refers to all sugars. By definition, this means all
monosaccharides and disaccharides in a food, whether naturally occurring or

added during processing or cooking (Stephen et al., 2012) whereas “sugar”
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refers to sucrose or “table sugar” (Marshall, 2015). Total sugars (TS) is the sum
of natural and added sugars (AS) in a food. Intrinsic sugars can be defined as
the sugars incorporated in the structure of intact fruit and vegetables (Marshall,
2015) (Figure 1.4). Milk sugars are the natural sugars present in milk. AS
include those sugars added during the production or processing of food and
not naturally found in the food product (Erickson and Slavin, 2015b) and is the
term defined by the Food and Drug Administration (FDA) in the USA. Free
sugars (FS), which is the preferred term used by the WHO, includes sugars
naturally present in honey, syrups, fruit juices and fruit juice concentrates as
well as AS. TS can also be considered as the sum of FS, intrinsic sugars and
milk sugars. AS and FS are not chemically distinguishable from those sugars

naturally occurring in food and drink.

Total sugars
all mono- and di-saccharides
(glucose, fructose, galactose,
sucrose, lactose)

\ 4 \ 4

ED UL Intrinsic sugars Milk sugars
all sugars defined as Added sugars

plus the sugar from honey,
fruit juice and fruit juice

sugars naturally present in
whole, intact, fruit, vegetables

sugars naturally present
in milk and milk products

concentrate and grain
Added sugars Sugars in honey and fruit juice
sugars and syrups ‘added honey, fruit juice concentrates and
during processing or preparation’ residual fruit sugar in
(added dextrose,fructose,sucrose, alcoholic beverages fermented
lactose and sugar syrups from fruit

Figure 1.4 Classification of dietary sugars. Amended from Moynihan et al.
(2018).

1.6.3. Dietary recommendations

Dietary FS are the most important risk factor in the development of dental caries

and can contribute to excess energy intake. Consequently, the WHO have
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issued recommendations to apply over the lifetime; firstly, that adults and
children reduce their daily intake of FS to <10% of total energy intake (TEI)
(strong recommendation) and secondly, that a further reduction to <5% of TEI
could provide additional health benefits (conditional recommendation) (World
Health Organization, 2015). Evidence supporting these updated guidelines
were primarily based on a systematic review of the relationship between sugar
intake and dental caries (Moynihan and Kelly, 2014) and that between sugar
and obesity (Te Morenga et al., 2013). It is interesting that while the WHO
concluded that the overall strength of evidence of the relationship between
consumption frequency and amount of FS and dental caries supported a policy
for a stricter limit, it also acknowledged the weakness of the evidence linking
the association between FS and obesity (Moynihan and Kelly, 2014, Moynihan,
2016). Recommendations by the SACN were that the average population
intake of FS should not be greater than 5% of TEI for age from 2 years upwards
(SACN, 2015). The WHO have also recommended that the diet of two-year
olds should have “no sugars” from the perspective of a common risk factor

approach (World Health Organization, 2015).
1.6.4. Free sugar estimation and consumption

While it is vital to understand national consumption levels before considering
health strategies or policy (Brisbois et al., 2014) very few food databases
contain information regarding AS or FS levels (Erickson and Slavin, 2015b,
Newens and Walton, 2016, Brisbois et al., 2014). This may be due to multiple
difficulties in estimating AS or FS levels (Louie et al., 2015, Newens and
Walton, 2016). There is a lack of agreed standards in terms of definitions,
terminology, standardisation of estimation procedures and protocols for dealing
with the food industry in terms of ingredients/recipe and sugar reduction
programmes (Public Health England, 2017, Erickson and Slavin, 2015a,
Erickson and Slavin, 2015b).

While developed countries have reported an overall reduction in consumption
of AS/FS in the last 10-20 years (Welsh et al., 2011, Brand-Miller and Barclay,
2017, Wittekind and Walton, 2014) the majority of dietary research has
focussed on adults and older child cohorts whereas detailed information about
intake of food and drink with AS or FS in preschoolers has been lacking
(Amezdroz et al., 2015, Mis et al., 2017). A recent review which examined sugar
consumption in children, adolescents and adults, measured by dietary surveys

worldwide, concluded that AS/FS intakes in children and adolescents are
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higher than in other population groups and further research into dietary patterns
contributing to this is needed (Newens and Walton, 2016). Intakes of TS in 3
year old children ranged from 24.5 to 29.0 as a percent of TEIl. From a total of
10 surveys in children less than 4 years old only four reported AS intake and
for 3 year olds this ranged from 7.5 to 10.6 % of TEl (Newens and Walton,
2016). One Irish study examined the quantitative relationship between the
frequency (four times per day) of AS intakes and 10% TEI from AS in children
(5-12 years), teenagers and adult (Joyce et al., 2008). The researchers
suggested that, generally, the percentage energy from AS intakes increased
as the frequency of eating occasions (of AS) increased but there were notable
differences between age groups and food sources. The main contributors to
AS intake in children and adolescents were biscuits, cakes, buns and pastries,
carbonated beverages, squashes and cordials, confectionery and RTEBC.
Other researchers have found similar trends with children and adolescents in
particular, showing higher contributions of FS/AS to TEI than older cohorts and
have strongly recommended reducing intakes of energy-dense-nutrient poor
foods and drinks (Lei et al., 2016, Ruiz et al., 2017, Gibson et al., 2016, Brisbois
et al., 2014, Sluik et al., 2016).

1.7. Data mining and data analysis
techniques

“We are drowning in information and starving for knowledge”
(Rogers, 1985)

Data mining is a technique used in data analysis which has been described as
the discovery of models (Leskovec et al., 2014) and also as “the art and science
of intelligent data analysis” (Williams, 2011). Previously, the term was
synonymous with “data dredging” which was a derogatory description of
dubious efforts to extract (“torture”) from the data information that was not
supported by it. However, the current view is that data mining involves the
development “of a statistical model, that is, an underlying distribution from
which the visible data is drawn” (Leskovec et al., 2014). Data mining utilises
techniques derived from computer science, machine learning and statistics.
Models can help in the understanding of real world concepts but can also be
used to make predictions. George Box’s famous aphorism stated, “all models

are wrong, but some are useful” (Box, 1976). While developing a model may
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allow one to interpret the data in a useful way it is necessary to then evaluate
and, potentially, deploy the model to deliver a benefit (Williams, 2011).
However, the focus is removed from utilising a “regression approach” to all
epidemiological investigations as was best stated in a recent essay by
Rothman (2017): “Today it is typical to train epidemiologists to use regression
models as their first approach to data analysis. Such training fosters the idea
that regression modelling is the primary, and perhaps the only approach to use
in analysing epidemiologic data. As a result, the rift between epidemiologists
and their data, and more so between readers and the data, is growing”. The
continuing discourse about null hypothesis significance testing and the
“maligned” p-value has been highlighted by data scientists as an opportunity

for better education across all disciplines (Leek and Peng, 2015a).

1.7.1. Data pipeline

What is the optimal approach to exploring a new dataset? What are the first
steps required before beginning to build a model or carry out a formal statistical
analysis? The process of data analysis involves many features but, graphical
techniques are an essential step in checking assumptions, models and
communicating findings (Wickham and Grolemund, 2016). Data analysis or
data analytics can be described as the operations in a pipeline (Figure 1.5)
which include importing, “tidying” (cleaning) and transforming data. This is
followed by visualising, modelling and communicating data with the goal of
discovering useful information, forming conclusions, and supporting decision-
making (Wickham and Grolemund, 2016). Importing, tidying and transforming

are collectively described as wrangling.
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< Study design >

Data collection

Raw data

l Data cleaning

Tidy data

l Exploratory data analysis

Potential models

l Statistical modelling

Summary statistics

Inference/hypothesis testing

Figure 1.5 Data pipeline in the design and analysis of a successful study.
Adapted from Leek and Peng (2015a).

A data pipeline can be viewed as a logical series of processing steps (inputs)
that are connected together to produce an outcome (outputs) (Maimon and
Rokach, 2009). The terminology in this pipeline is adapted from Leek and Peng
(2015a).

While data analysis has multiple applications in diverse domains including
business and science, in the area of statistical applications it commonly
involves exploratory data analysis (EDA) or confirmatory data analysis (CDA).
John Tukey formalised and developed the use of graphs to display and
understand data to “encourage” the data to speak for themselves as part of, or

before, a formal statistical analysis (Maindonald and Braun, 2010). In CDA a
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statistical hypothesis test is used, and a statistical inference approach adopted.
However, depending on the aims of the study, most data analysis strategies
need both an EDA and more formal analyses ((Maindonald and Braun, 2010).
A key aspect is to use a step-by-step process or “Data Pipeline” that
encompasses the core activities of data analysis such as: (1) Stating the
question; (2) Exploring the data; (3) Building formal statistical models; (4)
Interpreting the results and (5) Communicating the results (Wickham and
Grolemund, 2016, Peng, 2012). There are numerous comprehensive reviews
of data mining and EDA available (Williams, 2011, Leskovec et al., 2014, Hastie
et al., 2009, Chawla, 2010, Yoo et al., 2014).

An important part of the data science approach is to carefully record any
programming code or syntax used in any part of the pipeline. For example, R
is a free open-source programming language for statistical computing and
visualisation. R studio (http://www.rstudio.com/download) is a powerful
integrated development environment for R (Williams, 2011). R markdown
combines the code and script editor and is an excellent method for retaining
both embedded code chunks and plain text formats as an accurate,

reproducible record of the data analysis (Lander, 2014).

1.7.2. Learning from the data: decision tree

methods

‘Big data’ is a term which refers to a wide variety of applications and includes
many different computational and statistical approaches (Binder and Blettner,
2015). It also embraces the concept of increasing amounts of data that cannot
be easily analysed using traditional methods. It is important to be aware of, and
understand, the function of data mining algorithms before applying them to
health outcome research (Yoo et al., 2012). Learning from the data can be
subdivided into two main approaches, supervised and unsupervised.
Supervised learning aims to predict an outcome or target value using a range
of predictor or independent variables while the goal of unsupervised learning is
to describe patterns and associations in a set of input values. Association rules
and cluster analysis are examples of unsupervised learning while decision
trees and linear regression techniques are examples of supervised learning
(Hastie et al., 2009).

Decision tree methods are particularly popular in the data mining community

for classifying multiple covariates or developing prediction algorithms for a
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target variable (Song and Ying, 2015). Decision tree methods can be used for
regression and classification problems. Regression trees are used for a
continuous outcome variable while classification trees are used when the
outcome variable is categorical or binary (Hastie et al., 2009). Classification
and regression trees have been used in clinical settings for risk assessment or
diagnostic prediction but less so in public health research (Yoo et al., 2012,
Song and Ying, 2015, Kuhn et al., 2014, Lemon et al., 2003). The use of
decision tree techniques for investigating chronic disease outcomes and dietary
intake patterns has been recently described as a useful “data-driven, outcome-

dependant” emerging method (Krebs-Smith et al., 2015).

The aim of classification tree analysis (CTA) is to create a model that predicts
a target outcome (dependent variable) based on the strength of interactions
between categorical or continuous input variables (independent variables)
(Loh, 2014). A decision or classification tree is a flow-chart-like structure (Figure
1.6) with internal nodes that represent a test on an attribute and leaf nodes
represent class labels or class distribution (Rokach and Maimon, 2009). The
branch represents the outcome of the test and each leaf node represents a
classification or decision. In turn, each leaf becomes a candidate to be the
node for a new split. The root or parent node has no incoming edges while all
other nodes have one incoming edge. The tree can be considered as a series
of “nested-if” logical statements, in programming terms, which are mutually
exclusive and exhaustive (Ho Yu, 2010). The most important input variables
are identified and displayed at the top level of the tree and splitting of data into
subgroups continues until the tree is stopped by user defined stopping criteria
(Rokach and Maimon, 2009). Ultimately, CTA allows for multilevel interactions
between predictor variables by using recursive partitioning of the data space
(Camp and Slattery, 2002). This is regarded as a distinct advantage over more
conventional methods such as logistic regression where predictor variables act
independently, and interactions are usually omitted in the final model to reduce
complexity. Another advantage of CTA over more traditional regression
techniques is that the output produces a visualisation of all the significant
interactions with the target variable at multiple levels (Kuhn et al., 2014, Song
and Ying, 2015). Furthermore, as many of the new EDA techniques, such as
CTA, are non-parametric, they are not subject to the assumption of absence of
multicollinearity for independent variables that is required for regression
analysis (Ho Yu, 2010).
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ROOT Node ROOT

Decision node Decision node LEVEL 1
Terminal node Decision node Terminal node Terminal node LEVEL 2
Termial node Terminal node LEVEL 3

e Root Node: represents entire population or sample and is further
divided into two or more homogeneous sets.

e Splitting: It is a process of dividing a node into two or more branch
nodes.

e Decision Node: All other nodes are called leaves and are represented
by Terminal or Decision nodes. When a sub-node splits into further sub-
nodes, then it is called decision node.

e Terminal Node: Nodes that do not split are called Terminal nodes.

Figure 1.6 Graphical illustration of the components and structure of a decision
tree. Amended from Rokach and Maimon (2009).

Inducers of decision or classification trees are algorithms that build a tree from
a dataset (Rokach and Maimon, 2009). The algorithms construct the decision
tree in a top—down, recursive manner and are greedy by nature (Rokach and
Maimon, 2009). Algorithms available for building decision tree models include
Chi-squared Automatic Interaction Detection (CHAID) (Kass, 1980), C4.5
(Quinlan, 1993) Classification and Regression Trees (CART) (Breiman et al.,
1984) and Quick, Unbiased, Efficient, Statistical Trees (QUEST) (Loh and Shih,
1997) are comprehensively reviewed by Loh (2014). CHAID, one of the most
popular techniques, uses Bonferroni-adjusted chi-square statistics for split
selection. Originally, the primary purpose of CHAID was to detect variable
interactions, although now it is mainly used as an alternative to multiple
regression in exploratory analysis especially when the data does not conform

to strict parametric requirements (Miller et al., 2014).
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Advantages of decision trees include that it is a non- parametric method with
no assumptions about the distribution, provides graphical representations
which are easy to understand, can handle missing data and can use both
categorical and continuous data (Rokach and Maimon, 2009). The main
disadvantage of decision trees is a tendency for overfitting which can limit the
generalisability of the model (Rokach and Maimon, 2009). Tree models can be
cross validated, to minimise overfitting of the model, by dividing the sample into
subsamples and trees generated with the data from each subsample excluded
in turn. Simply put, cross-validation divides the dataset into training and testing
sets (Ho Yu, 2010, Rokach and Maimon, 2009). The first tree is generated on
all cases except those in the first subsample, the second tree based on all
except those in the second subsample etc. Misclassification risk can be
calculated for each tree by applying the tree to the excluded subsample and

the final risk estimate based on the average for all trees.

A confusion matrix (also called an error matrix) is a common method for
evaluating the model performance. The matrix compares decisions made by
the model with the actual decisions showing the number of cases classified
correctly and incorrectly for each category of the dependant or target variable.
Measures can be determined for evaluating the accuracy of the predictions or
classification of the model such as sensitivity (true positive rate), specificity
(true negative rate) and overall accuracy (total number of correct predictions
divided by the total number of the dataset) (Rokach and Maimon, 2009).

1.7.3. Association analysis

Association analysis is an area of data mining that has grown rapidly in recent
years and is a useful methodology for discovering interesting relationships
hidden in a dataset. An association analysis algorithm generates frequent item
sets (Williams, 2011). These relationships or correlations are expressed as a
collection of association rules due to their frequent co-occurrence. Association
rules have been traditionally applied in market basket analysis but more
recently have also been applied to other domains such as bioinformatics,
medical diagnosis and scientific data analysis (Hoéppner, 2005). For example,
association rule mining has been used to generate quantitative rules that

predict mental illness based on psychological factors (Cheng et al., 2014).
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1.7.4. Visualisation of data

Given the rapid changes in data science we now have many exciting new ways
to help convey the information embedded in data. Data visualisation refers to
the coding techniques used in the visual representation of information obtained
from data (Yoe, 2011). The importance of statistical graphics in data science
was classically portrayed by Tufte in “The Visual Display of Quantitative
Information” (2001). Tufte used the famous Anscombe quartet to demonstrate
that graphics can be more revealing than conventional statistical parameters
where all four datasets described by the same linear model have very different
distributions (Figure 1.7). He stated “Furthermore, of all methods for analysing
and communicating statistical information, well-designed data graphics are

usually simplest and at the same time the most powerful”.
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Figure 1.7 Graphs in statistical analysis. Amended from Tufte (2001).
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Data visualisation has become a key component of EDA and there are many
techniques that are being used more widely in the era of “Big Data”. There are
many known visualisations that are used to show data patterns such as
histograms, stem-and-leaf-plots, boxplots, density traces, bean plots and
alluvial diagrams (Williams, 2011). Bean plots are an “alternative to the boxplot
for visual comparison of univariate data between groups” (Kampstra, 2008)
(Figure 1.8). The bean plot uses a combination of non-parametric kernel
density estimates of the probability density function with a scatter plot of all data
points. A kernel density estimates the probability density function of a random
variable in a non-parametric fashion (Williams, 2011). The individual
observations are depicted as short horizontal lines in a one-dimensional scatter
plot and the estimated density shape of the distributions is displayed as a
polygon. The name derives from green beans as the density shape represents
the pod and the scatter plot shows the seeds inside the pod. The heavy solid
horizontal line represents the average for each subgroup and the dashed

horizontal line is the overall average value for the dataset.
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Figure 1.8 Comparison of boxplots and beanplots for a biomodal, a uniform
and a normal distribution. Green lines in the beanplots show individual
observations, while the purple area shows the distribution. Amended from
Kampstra (2008).

Parallel co-ordinates are a multi-dimensional visualization tool first developed
in 1885. Inselberg (1985) promoted the method and explained that “By means

of Parallel Coordinates planar "graphs" of multivariate relations are obtained.
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Certain properties of the relationship correspond to the geometrical properties
of its graph. On the plane a point <-> line duality with several interesting
properties is induced”. They are commonly used to identify how variables or
groups may be related to each other and can represent common scales on
parallel axes. This form of measurement, i.e., position along a common scale,
is the easiest visual comparison for humans to make (Cleveland and McGill,
1985). A series of parallel axes are labelled according to the variables and a
point on the Cartesian plane is represented by the variable value on its
respective axis (Figure 1.9). Finally, the resulting points are joined by a broken

line segment representing all the observations in a dataset (Wegman, 2003).
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Figure 1.9 Parallel coordinates: illustration of mapping on the plane with x y-

Cartesian, starting on the y-axis, N copies of the real line, labelled x1, 2., Xy are

placed equidistant and perpendicular to the x-axis. The point C = (c1, c2, c3,
c4, c5) is represented by the polygonal line shown. Amended from Inselberg

(1985).

An alluvial diagram is a form of parallel coordinates plot used for categorical
variables (Figure 1.10). They are useful for showing how multiple groups,
represented as ‘nodes’ on a vertical axis, are related to one another over time.
As with parallel coordinates, variables are positioned on vertical axes that are

parallel. Values are represented by blocks on each axis and the width of the
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connecting ‘streams’ illustrates the proportion in each category (Rosvall and
Bergstrom, 2010).

Change over time

Time 1 Time 2

Figure 1.10 Alluival diagram mapping change in networks. The height of each
block represents the volume of flow though each cluster, with significant
subsets in darker colour. Amended from Rosvall and Bergstrom (2010).

1.8. Conclusions

The importance of adopting an interdisciplinary approach to oral health
research in preschool children has become more evident in recent years. High
quality oral health related data for the preschool age group is lacking and there
are many additional complicating factors that contribute to interdisciplinary
research difficulties such as proxy parent/PCG reported information, lack of
standardisation of dietary intake measurement and reporting, practical
difficulties carrying out clinical examinations, lack of national reference growth
curves for determining weight status and ethical issues with data sharing and
linkage of databases. Innovative new approaches which utilise the powerful
tools of data science can assist in progressing oral health research and effect
strategies and policy development (Binder and Blettner, 2015, Divaris, 2016,
Krebs-Smith et al., 2015).

46



The growth of ‘Big Data’ science has led to wider availability of these
techniques but a greater understanding of both data mining and its limitations
is required to successfully apply these powerful analytical tools. A strong
conceptual basis is still required in oral health research as the accuracy of
predictive modelling continues to improve (Binder and Blettner, 2015, Ho Yu,
2010). However, there are opportunities to successfully use a data science
approach for both exploratory (hypothesis generation) data analysis and
modelling (Ho Yu, 2010, Wickham and Grolemund, 2016), particularly for
focusing on high risk groups such as the overweight/obese who may share
common risk factors with dental caries (Divaris, 2016, Chi et al., 2017). Using
a data science approach and techniques such as decision trees, it is possible
to combine the “two cultures” from both the statistics and data mining

communities (Breiman, 2001).

Few studies have examined patterns of consumption of CF in preschool
children. It is remarkable, given the importance of CF, and free sugar
specifically, in contributing to ECC that greater emphasis has not been placed
on understanding these meal/snack patterns of consumption and interactions
between food components. A lack of standardised methods for measuring and
comparing food intake at this age and a poor level of interdisciplinary
cooperation has not assisted progress in this vital area of understanding early
childhood dental problems. Given the number of risk factors associated with
both obesity and dental caries it is logical, from a public health perspective to
pursue this common risk factor approach while acknowledging that the
empirical evidence does not yet support it. This research hopes to encourage
an interdisciplinary data science approach and utilisation of predictive

modelling tools to explore risk indicators and dental problem visits in children.

1.9. Aims and Objectives

The main aim of this thesis is to explore risk indicators associated with dental

problem visits in preschool children in Ireland using a data science approach.
Objectives:

o Identify key associations between infant/child and PCG general,
psychosocial and physical health parameters and dental problem visits

using decision tree methods.
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Visualise the multilevel relations between weight status and dental
problem visits in 3-year old children using classification tree analysis.
Use data mapping protocols to compare and augment dietary intake
estimates from the National Preschool Nutritional Survey (NPNS)
database and Growing Up in Ireland (GUI) cohort survey.

Link data from NPNS and GUI infant surveys to investigate the
distribution patterns of cariogenic food and drink consumption in
preschool children combined with meal association analysis.
Determine and describe the consumption pattern of dietary free sugar
in 3-year old Irish preschool children in relation to recent dietary

goals/recommendations by the WHO.
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Chapter 2. General Methods

2.1. Overview

A key theme of this research study was to use data science analytical
techniques to investigate risk factors/indicators related to dental problems in
child cohort surveys, particularly, the Growing Up in Ireland (GUI) study. Most
analytical approaches to national cohort surveys have previously focussed on
reporting parameters such as population mean or median and used regression
models for investigating associations between dependent and independent
variables (Christensen and Langberg, 2012) This thesis focussed on using
descriptive analytics and predictive models (supervised learning) rather than
discovery models (unsupervised learning). The traditional focus of modelling is
inference or hypothesis confirmation (Wickham and Grolemund, 2016) using
approaches such as null hypothesis significance testing (NHST) (Leek and
Peng, 2015a). While there is much ongoing controversy about the value of
NHST and p-values, decisions taken earlier in the data pipeline have, arguably,
greater impact on the end results (Leek and Peng, 2015b). In this study, a data
science approach was adopted to explore the question of factors affecting child
dental problem visits in preschool children. The cycles of data acquisition,
setting the question, exploratory data analysis, model building, interpretation
and communication were the framework for this investigation (see Figure 1.4)
(Zumel et al., 2014, Peng and Matsui, 2015). Interpretation of initial models also
included acquiring additional data from other sources, specifically, the National
Preschool Nutrition Survey (NPNS) and continuing the same theme of data
science analysis. Part of this approach included using the R programming
language for statistical computing and visualisation and reporting while SPSS

was used in the early stages of the study and for decision tree building.

The initial phase of this research focussed on conceptual models of oral health
and associated risk indicators in the GUI infant cohort of preschool children.
The second phase concentrated on the interdisciplinary aspect of dental
problems and weight status with dietary intake as a common risk factor. Finally,
analysis focussed on linking the NPNS and GUI datasets to explore the dietary
risk factors in more detail including free sugar consumption, cariogenic food
intake patterns and meal analysis. The following sections (2.2 and 2.3) provide

details of the data sources and analytical methods used and their application
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to each chapter is outlined in detail in sections 2.4-2.6. Relevant code
fragments are provided in the methods section of each chapter or code used
for analysis (SPSS/R) listed in “index” Table A1 and included in Appendix A.

2.2. Data sources and the study population

‘...invariably, simple models and a lot of data trump more elaborate models

based on less data’ (Halevy et al. 2009)

Data sources used were derived from the GUI survey
(http://www.esri.ie/growing-up-in-ireland/) and the NPNS
(http://iuna.net/index.php/national-pre-school-nutrition-survey-npns/). An
overview of each cohort was described in Chapter 1 and further details of the
study participants, data collection and data pipeline are outlined in each section
below. The main datasets utilised were derived from the infant cohort of the
GUI study and the NPNS study.

Before importing the datasets in to the pipeline the following steps were taken

in the initial phase of accessing the data:
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Questionnaires
and

Application for

' GUI-AMF* Data workshops
documentation through I1SSDA ESRI-GUI
GUI, NPNS And NPNS

application IUNA, UCD

Start spplication
for GUI-RMF**
Officer of statistics

Inform ISSDA/DCYA Import into
on corrpletion data ppehqe
and delete data and Analysis

* Anonymised Microdata Files (AMF)
** Researcher Microdata Files (RMF)

Figure 2.1 Data access protocol for Growing Up in Ireland (GUI) and the

National Preschool Nutrition Survey (NPNS) datasets.

The initial datasets obtained from the Irish Social Science Data Archive (ISSDA,
University College Dublin) were described as the Anonymised Microdata Files
(AMF) and were deposited as flat rectangular data files in SPSS format. The
information contained in the file was collected under the Statistics Act, 1993
and can only be used for statistical purposes. Subsequently, more detailed
Researcher Microdata Files (RMF) were obtained after appointment of the
researchers as Officers of Statistics by the Director General of the Central
Statistics Office (CSO). The RMF files contained less collapsing and more
variables but had more restricted access. There were three main categories of
information available on the RMF only; identifiable information such as details
of chronic physical health problem or illness, sensitive information such as
variables related to survey questions on drug-taking or alcohol abuse and,
finally, individual items from instrument scales. Initial analysis in this research
study used the AMF but all results presented were from analyses using the
RMF.
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There were two types of statistical adjustment factors included in the data files:
a weighting factor and a grossing factor. The weighting factor was applied to
the total number of children in the GUI sample and generally used for
descriptive analysis while the grossing factor grossed to the total number of
children in the lIrish population to provide population estimates. Prior to
analysis, Wave 1 data were reweighted based on population statistics from the
Central Statistics Office (CSQO) and the National Child Benefit Register for 2008
to ensure that sample was representative of the total population. Data from
Wave 2 were adjusted for the children who were resident in Ireland at Wave 1
but not at Wave 2, and for differential response and attrition between interviews
(Williams et al., 2013). As our primary interest was to investigate the
relationships between these predictor variables and dental problems at a
population level, all analyses of the GUI infant cohort reported here were

carried out with weighted data.

The National Child Benefits Register was used as the sampling frame for the
GUI infant cohort which is a universal welfare entitlement in the Republic of
Ireland. A random sample of over 11,134 households was recruited using a
simple, systematic selection procedure, a random start and a constant
sampling fraction (Quail et al., 2011). The sample was pre-stratified by marital
status, county of residence, nationality and number of children. Families were
first invited to participate when the infant was 9 months old in 2007 (Wave 1).
The sampling fraction was 0.42 with an overall response rate was 64.3% at
Wave 1. Subsequent follow-up interviews took place between December 2010
and July 2011 (Wave 2) when the children were 3 years old. Family response
was 91% at Wave 2 while 3.8% emigrated or deceased and the remainder were
either uncontactable or refused to participate. The GUI survey used a fixed
panel design. Full details of the population, sample design, participant
response, fieldwork/implementation, survey instruments, structure and content
of the datafile and interviewer training are available from GUI at
http://www.esri.ie/growing-up-in-ireland/ (Quail et al., 2011, Murray et al,,
2013).

For the GUI study, interviews were carried out by trained fieldworkers
administering a computer based questionnaire with the primary caregiver
(PCG) in the family home after informed consent was obtained in writing
(Williams et al., 2013). The PCG was defined as the person, in most cases the
mother and biological parent, who delivered most care to the study child and

who was best placed to provide information about him/her. The Computer-
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Assisted Personal Interview (CAPI) questionnaires used in GUI mainly used
closed questions. The program incorporated an extensive range of cross-

variable consistency checks (Murray et al., 2013).

The NPNS had a total sample of 500 children aged 2-4 years; but only the 3-
year olds were included for this analysis (n=126). NPNS used a quota sampling
approach to obtain a nationally representative sample of 125 children within
each of the four preschool age groups between 1-4 years of age (Walton and
Flynn, 2013). The NPNS sample was recruited from an Irish parenting resource
database (https://www.eumom.ie/) or from childcare facilities randomly chosen
in selected locations (Irish Universities Nutrition Alliance, 2012). The NPNS
datafiles are available on application to IUNA. Field work for NPNS started in
October 2010 and was completed in September 2011. In the NPNS study the
researcher visited the participant’s home on three occasions during the 4-day
food record period. Full details for NPNS are available at http://www.iuna.net/.
These include details of the quality procedures that were used to help
consistency and minimise error throughout the collection and manipulation of

the food intake data.

Data formats in GUI were flat rectangular files in SPSS. Datafiles in NPNS were
in .csv format. GUI data files were either read directly into SPSS or R or
converted into .csv format before import into R as a data frame. Both studies
were conducted according to guidelines laid down in the Declaration of
Helsinki. Ethical approval for the GUI project was received from a Research
Ethics Committee convened by the Department of Health and Children while
approval for the IUNA-NPNS project was obtained from the University College
Cork Clinical Research Ethics Committee of the Cork Teaching Hospitals,

University College Cork.

2.3. Data pipeline and Analytical Techniques
2.3.1. Data pipeline

The data pipeline used (Figure 2.2) was a logical series of processing steps as
adapted from Wickham and Grolemund, 2016 (Wickham and Grolemund,
2016).
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< Import Data >

sqldf
foreign
read.csv Visualise
data.frame
lattice
ggplot2
alluvial
T ‘ filter knitr
Tidy (Prepare and clean data) » ranstom summarise kable Communicate
join shiny
chind plyr Github
reshape
data.table
glm

rpat
caret

Model

Figure 2.2 Data pipeline, indicating R packages for each step. Amended from
Wickham and Grolemund (2016). R packages highlighted in blue font can be

applied at each stage of the analysis pipeline.

Full details of the R language definitions and packages are available at
https://cran.r-project.org/doc/manuals/r-release/R-lang.pdf. Wrangling the data
is a term used to describe the functions of the packages in the pipeline that
import, tidy and transform. Visualisation and modelling are the final part of the

pipeline before communication or hypothesis generation.
2.3.2. Statistical programmes

R studio is an integrated development environment (IDE) for the R language.
As stated on the Comprehensive R Archive Network (CRAN) R is “a freely
available language and environment for statistical computing and graphics
which provides a wide variety of statistical and graphical techniques: linear and
nonlinear modelling, statistical tests, time series analysis, classification,
clustering, etc”. All downloads of the base system, packages manuals and
many other resources are available at https://cran.r-project.org/. R markdown
is a variant of Markdown that has R code chunks along with Markdown text that
can be rendered into a formatted html, pdf or Word file. A key part of the open
data science approach includes accurate recording of the syntax used in the
pipeline to provide reproducible reports and offer repeatability of the analyses
(Zumel et al., 2014, Maindonald and Braun, 2010, Peng, 2012).
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Initially, data cleaning, tidying and transformations for the early data in GUI was
carried out using IBM SPSS statistics (v. 20.0: SPSS, Chicago, IL). Further data
wrangling was carried out with R Studio (https://www.rstudio.com/). Data in
SPSS file formats were either read directly or converted to .csv files before
importing into R. Merging of datafiles was carried out with both SPSS and R
Studio. IBM SPSS Modeler (v. 14.2: Chicago, IL) was also used for
classification tree modelling. The R environment is capable of reading and
processing several data formats. The functions in the readr package mainly
relate to turning flat files into data frames which are the primary data structure
in R. The data frame generally relates to “tabular’ data, i.e. data stored in
columns and rows where each column contains measurements on only one

variable and each row contains one case (Wickham and Grolemund, 2016).

Raw data was checked for errors (whether in SPSS format or .csv) such as
incorrect data type where numbers were stored as strings or wrong category
labels. Datafiles were initially analysed using SPSS/SPSSmodeler but further
analyses were carried out primarily in R studio. Many of the R packages now
available for cleaning, processing and manipulating data such as tidyr, tibble
and dplyr were not released when this analysis was initially completed. For
example, the sqldf package was used frequently to aggregate data whereas
dplyr is more commonly used now to make manipulation of data frames easier.
Tibbles are enhanced data frames which are generally used currently instead
of the data.frame package as they make it easier to work in the tidyverse as
described by Hadley Wickham who developed the tidyr package (Wickham and
Grolemund, 2016). Both SPSS and R Studio were used for variable recoding,
transformations, assessing data distributions e.g., for normality, checking
outliers and generating initial data visualisations and descriptive statistics.
Assumptions were checked before applying any parametric or non-parametric
tests such as checking residuals or inspecting correlation coefficients for
multicollinearity. The analytical techniques used are outlined below and the
relevant code snippets or R markdown documents detailed in each chapter and

included in Appendix A.
2.3.3. Analytical techniques

Decision tree methods, specifically classification and regression tree analysis,
were carried out using both SPSS Statistics and SPSS Modeler. The precise
criteria and validation settings used for each analysis are listed in the relevant

sections, but classification trees were typically generated using Chi-squared
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Automatic Interaction Detection (CHAID) algorithm (Kass, 1980) and the
Bonferroni-adjusted chi-square statistic. Binary logistic regression analyses

(Agresti, 2007) were carried out using SPSS.

Model performance was assessed using a confusion matrix, also described as
an error matrix (Table 2.1) to provide an estimation of selected metrics. This is
a commonly used means for evaluating the quality of a model when predicting
a categorical target as occurs with binary classification (Williams, 2011, James
et al., 2013). Derivations from the matrix that can be used for this purpose
include sensitivity or True Positive Rate (TPR), specificity or True Negative
Rate (TNR) and accuracy (TP + TN/ P + N) where P= the number of real

positives in the data and N= the number of real negatives in the data.

Table 2.1 Confusion matrix for model performance evaluation.

Total Positive Negative

Predicted positive True positive (TP) False positive (FP)

(type 1 error)

Predicted negative False negative (FN) True negative (TN)

(type 2 error)

TPR=TP/P = TP/ TP + FN

TNR=TN/N=TN/ TN + FP

For all statistical hypothesis tests the alfa-level was set at p<0.05 or p<0.01.

Statistical tests used to compare differences between groups included:

1. The chi-square test for homogeneity (or test of two proportions) was
used to determine if there was a difference in proportions between two
groups (p<0.05 alfa level) (Woodward, 2013).

2. Equivalence tests were carried out to determine if population means
were equivalent to each other (Robinson et al., 2005). The aim of an
equivalence test was to show that the population means were
equivalent to each other while the aim of a significance test was to show
that there was a statistically significant difference between the

population means if the null hypothesis is true (Lakens, 2017).
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3. A two-sample Kolmogorov-Smirnov test (p<0.05 alfa level) was carried
out to compare the overall shape of probability distributions. The K-S
test is a non-parametric test for differences in the shape of two sample
distributions (Wellek, 2010).

4. The Wilcoxon rank sum test was also used as a non-parametric
permutation test to compare density plots (p<0.01) (Bowman and
Azzalini, 1997).

2.3.4. Graphics visualisation tools

Ggplot2 is an R package based on the grammar of graphics (Wickham, 2010)
a package that is based on the concept of building all graphs using the same
components.  Other graphics visualisation tools used included
Graphviz/Notepad++  (https://www2.graphviz.org/)  (https://notepad-plus-
plus.org/); Lucidgraph (https://'www.lucidchart.com/); Inkscape
(https://inkscape.org/en/); Dia (http://dia-installer.de/); bean plots (Kampstra,

2008), alluvial diagrams and parallel coordinates (https://www.rstudio.com/).
2.3.5. Mapping/filtering

Manual mapping of the food groups in GUI with those from NPNS was carried
out using Microsoft Excel 2016 (v16.0) as detailed in Sections 5.2 and 2.6.
Filters were applied and shallow natural language processing (NLP) used to
complete the mapping. Shallow NLP can be broadly described as a semi-
automatic processing of human language in the area of information retrieval
(Indurkhya and Damerau, 2010). Manual mapping was also carried out for free
sugar estimation following criteria based on a modified version of methodology

described previously Louie et al. (2015) (Sections 2.6 and 7.2).
2.3.6. Association analysis

Association analysis is a useful methodology for discovering interesting
relationships hidden in a dataset which can be represented as sets of frequent
items or in the form of association rules (Williams, 2011). This technique is
commonly used in domains varying from market basket data to bioinformatics,
medical diagnostics and data mining. In this study, the technique was used to
explore the combination of component food items in meal pattern analysis
(Sections 6.2 and 2.6).
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2.4. Early childhood dental problems:
classification tree analyses at 9 months and 3
years of age

24.1. Data and variables

This section of the study used classification tree analysis (CTA) to explore a
complex network of infant/child and primary caregiver (PCG) psychosocial and
physical health variables and identify key parameters related to early childhood
dental problems. Data used for this analysis was derived from the infants in the
GUI study at 9 months (Wave 1) and when the children were 3 years old (Wave
2). The dependent variable in the analysis was a PCG reported dental problem.
At 9 months information on reported experience of dental problems for which
the infant was taken to see a health care worker was recorded as a
dichotomous variable with a positive response indicating a dental problem. In
Wave 2 of the study, when the child was 3 years old, the PCG was asked: ‘Has
child been to visit the dentist because of a problem with his/her teeth?’. Again,
this was recorded as a dichotomous variable with a positive response indicating

a dental problem.

Independent variables were chosen based on their relevance to child dental
health.

2.41.1. Sociodemographic variables

Socioeconomic and demographic variables selected were ethnicity and highest
education level of the PCG, family social class and equivalised household
annual income (Williams et al., 2013). The gender (male/female) of the child

and age and gender of the PCG was recorded.
2.4.1.2. Variables related to health

At 9 months of age health was assessed by PCG global ratings of infant general
health and whether the infant was admitted to a hospital ward because of an
illness or health problem. The global health rating of the infant was
dichotomised as ‘Very healthy’ or ‘Not very healthy’ in a similar fashion to
previous studies with preschool children (Wake et al., 2008). At 3 years of age
health was assessed by PCG global ratings of child health and whether the

child ever had an accident or injury requiring hospital treatment or admission.
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At both time points PCG (global) health was assessed by self-rating on a 5-

point Likert scale.
2.41.3. Psychosocial variables/Behavioural habits

At 9 months infant temperament was assessed by the 24-item Infant
Characteristics Questionnaire-ICQ (Bates et al., 1979) covering four domains:
Fussy-difficult, Unadaptable, Dull (or Subdued) and Unpredictable. Other
questions relating to behavioural habits were whether or not the infant used a
soother/dummy in the past week and whether the PCG ever woke the baby at
night for a feed. PCG stress levels were indicated by the 18-item Parental
Stress Scale (Berry and Jones, 1995) and PCG depression was assessed
using the 8-item short form measure of the Centre for Epidemiological Studies
Depression Scale (Radloff, 1977). The ‘Quality of Attachment’ (QoA) to the
infant was measured using the QoA subscale from the Maternal Postnatal
Attachment Scale (Condon and Corkindale, 1998).

At 3 years child behaviour and emotional development were assessed using
the 25-item Strengths and Difficulties Questionnaire (SDQ) (Goodman, 1997).
Child temperament was measured using a modified version of the Short
Temperament Scale for Toddlers (Prior et al., 2000). Questions relating to child
oral behavioural habits included frequency of tooth brushing and how often the
child sucked a soother or finger/thumb. The child-PCG relationship was
assessed using the Child-Parent Relationship Scale (Pianta CPR-S) (Berry and
Jones, 1995). Again, when the child was 3 years of age, PCG depression was
assessed using the 8-item short form measure of the Centre for
Epidemiological Studies Depression Scale yielding a total depression score.
PCGs were categorised as ‘depressed’ or ‘not depressed’. PCGs were also

asked whether they had been ‘treated for depression, anxiety or nerves’.
24.2. Data Analysis

Classification trees were generated with PCG reported experience of a dental
problem at 9 months or at 3 years of age as the target variable for each output
using IBM SPSS Statistics (v. 20.0: SPSS, Chicago, IL) and the Chi-squared
Automatic Interaction Detection (CHAID) algorithm (Kass, 1980). Classification
tree analysis is a non-parametric technique which repeatedly partitions the
sample into subgroups based on the relationship with the target variable
(‘dental problem’). The most significant predictor or independent variable is

used to split the group and this process repeated until there are no statistically
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significant differences remaining in the subgroups with respect to the
independent variable. In the model, CHAID maximum tree depth was set at 5,
default parent and child node size settings were selected (parent node=100,
child node=50), and the Bonferroni-adjusted chi-square statistic was used to
determine node splitting and merging at a significance level of <0.05. After
growing trees of greater depths, it was decided to prune to a tree depth of 4 or
5 as higher levels resulted in p-values approaching p=0.05 or minority class
size numbers at the child nodes were small (<5). A 10-fold cross-validation
procedure was carried out and both datasets evaluated to see if boosting or
resampling would improve the prediction accuracy. The model tree for each
dataset was selected and saved as a training sample and a higher
misclassification cost was specified for misclassifying those with a ‘dental
problem’ as ‘no dental problem’ (0.95) than for misclassifying those with ‘no
dental problem’ as having a ‘dental problem’ (0.05). The classification results
without undersampling or boosting were evaluated for both datasets. Random
undersampling was carried out which modified the class distribution by
discarding the majority class (Yap et al., 2014). The minority class in both
datasets was the positive instances of having ‘a dental problem’ and the
negative response was the majority class. The CHAID algorithm handles
missing values by defining a separate category and then deciding whether to

merge this or keep it separate.

Following on, a series of binary logistical regression analyses (forward-wald)
was conducted to compare findings with those generated by the classification

tree output.

2.5. Weight status and dental problems at 9
months and 3 years of age: classification tree
analysis

2.5.1. Data and variables

Data used for this analysis was derived from the infants in the GUI study at 9
months (Wave 1) and followed up when the children were 3 years old (Wave

2) providing the data file with 9,793 cases.

2.5.1.1. Anthropometric measurements
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A standard (Leicester) portable stadiometer was used to measure height of
PCGs and children. The weight of the children was recorded using digital scales
(SECA 835). PCG weight was recorded using a flat mechanical scale (SECA
761, Hamburg, Germany). The heights and weight for the PCG were fed-
forward from Wave 1 and were not retaken unless missing or noted for
rechecking (Murray et al., 2013). The RMF files were used for all calculations
of BMI as the BMI values for the AMF were calculated based on the top and
bottom-coded weights and heights included in that datafile rather than the

original measurements that were included in the RMF.

BMI was calculated as weight divided by height squared (kg/m?) and, for
children, classified as overweight, obese, normal weight or thinness according
to the IOTF age and gender specific cut-offs for 3-year olds (Cole et al., 2000,
Cole et al., 2007).

Table 2.2 International Obesity Task Force (IOTF) Body Mass Index Cut-Offs
for Thinness, Overweight and Obesity in 3 year old Children.

BMI classification BMI Kg/m? cut- | Male 3 years of | Female 3
off point at age | age years of age
18
Thinness <18.5 <14.83 <14.60
Normal range 18.5-24.99 14.83-17.849 14.6-17.639
Overweight >25 17.85-19.499 14.64-19.379
Obese >30 19.5-20.749 19.38-20.739
Morbidly obese >35 >20.75 >20.74

Source: Amended from Cole and Lobstein (2012).

For simplicity, the classification of thinness (low BMI for age) was also
described as underweight in this analysis although the latter strictly means low
weight for age in children. It is common practice to report weight status using
two distinct methods of estimation. Thus, overweight and obesity for children
was also classified using the UK adaptation of percentile cut-offs from the WHO

Multicentre Growth Reference Study (MGRS) with overweight criteria defined
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as a BMI between the 915 and 98" percentile while obesity was defined as a
BMI on or greater than the 98" percentile (Cole et al., 2012). LMS parameters
were created using Cole’s LMS method (Flegal and Cole, 2013, Cole, 1990)
and the SPSS syntax used included in Appendix A. PCG BMI was categorised
into underweight (BMI<18.5), normal (BMI 18.5-24.9), overweight (BMI 25-
29.9) and obese (BMI>30).

2.5.1.2. CTA target variable

The dichotomous target variable was a PCG reported dental problem. The
question asked was: Has <child> been to visit the dentist because of a problem
with his/her teeth?

2.5.1.3. CTA predictor variables

Attributes (independent variables) that were relevant to the target variable
(dependent variable) were selected for inclusion in the model based on findings
from Chapter 3. The demographic and socioeconomic variables selected were
child gender, PCG age and gender, ethnicity, PCG education level, family
social class and annual equivalised household income (Gussy et al., 2006,
Harris et al., 2004, Hayden et al., 2012, Hooley et al., 2012c, van der Tas et al.,
2016, Hooley et al., 2012a). Ethnicity was defined as Irish, Any other White
background, Black, Asian or Other. The highest education level attained by the
PCG was one of thirteen categories ranging from no formal education to
doctorate level which was collapsed to five groups for descriptive analysis.
Family social class was measured using the Irish Central Statistics Office’s
classification based on occupation, categorising families into one of seven
groups which was collapsed to four groups for descriptive analysis. Annual
disposable household income was calculated by using an equivalence scale to
“weight” each household for differences in size and composition with respect to
number of adults and children (Murray et al., 2013). Markers of health status
(Sheiham, 2006, Harris et al., 2004, Sheiham and Watt, 2000, Kantovitz et al.,
2006) included PCG reported child illness, disability, allergies and injuries, as
well as TV-viewing hours, tooth-brushing, soother/thumb-sucking, and
breastfeeding (duration and if ceased now) as markers of health behaviour
(Harris et al., 2004, Hooley et al., 2012a, Chaffee et al., 2015, Layte et al.,
2014b). Dietary intake (Marshall et al., 2007b, Chaffee et al., 2015, Harris et
al., 2004) was assessed using a modified version of the Sallis-Amherst Food
Frequency Questionnaire from the Longitudinal Study of Australian Children
(LSAC) (Sallis et al., 2002). PCG reported the child’s frequency of consumption

62



of 15 food categories (e.g. sweets, fizzy drinks/minerals/cordials) over the

previous 24 hours as once, more than once or none at all.
2.5.2. Data analysis

Wave 1 GUI data were statistically re-weighted to represent the population.
Wave 2 data was weighted for attrition between waves and emigration
combined with the Wave 1 weight (Quail et al., 2011). For this analysis, the
following parameters were selected in either SPSS (v. 20.0: SPSS, Chicago,
IL) or SPSS Modeler (IBM SPSS Modeler v. 14.2: Chicago, IL) using the Chi-
squared Automatic Interaction Detection (CHAID) algorithm (Kass, 1980):
maximum tree depth=5, parent node=100, child node=50 and Bonferroni-
adjusted chi-square statistic, significance <0.05. A 10-fold cross-validation
assessed model performance and produced an average misclassification risk.
To compensate for class imbalance, a higher misclassification cost was
specified for misclassifying those with a ‘dental problem’ as ‘no dental problem’
(0.95) than for misclassifying those with ‘no dental problem’ as having a ‘dental
problem’ (0.05). The degree of missing cases in the 3-year old GUI infant cohort
was small except for the PCG BMI (5.2%), equivalised annual income (5.5%)
and child BMI (2.6%), as previously reported (Layte et al., 2014b). The CHAID
algorithm handled missing values by defining a separate category and treating
them as a single category so that they are not excluded in the analysis (Maimon
and Rokach, 2005). A binary logistical regression analysis (forward-wald) was
also conducted to compare findings with those generated by the classification
tree output. A confusion matrix for a binary classifier provided an estimation of

selected performance metrics.

2.6. Measuring dietary intake

2.6.1. Data collection and participants

This research utilised data collected as part of two studies: the second wave of
the GUI infant cohort longitudinal survey which was carried out by the joint
Economic Social Research Institute-Trinity College Dublin (ESRI-TCD) GUI
study team from December 2010 to July 2011 and the NPNS cross-sectional
study which was conducted by Irish Universities Nutrition Alliance (IUNA) from
October 2010 to September 2011. The second wave of the GUI infant cohort
were 3 years of age at the time of interview (n=9,793). The NPNS had a total
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sample of 500 children aged 2-4 years; but only the 3-year olds were included
for this analysis (n=126). Both samples were nationally representative, and

surveys were conducted at a similar time.
2.6.2. Food intake measurement

In the GUI study, dietary intake was assessed using a SFQ, previously used in
the Longitudinal Study of Australian Children (LSAC), to characterise healthy
and unhealthy food intake (Sallis et al., 2002). The PCG reported how
frequently their child consumed 15 food categories during the previous 24
hours. Intakes were recorded as once, more than once, or none at all. No
information on food portion size was recorded. Foods were categorised as
“healthy” or “unhealthy” as follows: fresh fruit; cooked vegetables; raw
vegetables or salad; hamburger, hot dog, sausage, meat pie; hot chips or
french fries; crisps or savour snacks; biscuits, doughnuts, cake, pie or
chocolate; sweets; full fat cheese/yoghurt/fromage frais; low fat cheese/low fat
yoghurt; water (tap, still sparkling); fizzy drinks/minerals/cordial/squash (diet);
fizzy drinks/minerals/cordials/squash (not diet); full cream milk or full cream
milk products; skimmed/semi-skimmed milk or milk products. The survey
questionnaire containing the SFQ is available at:

http://www.ucd.ie/issda/data/growingupinirelandgui/.

A 4-day weighed food record was used in NPNS to collect food and beverage
intake data (Irish Universities Nutrition Alliance, 2012). At least one of the 4
days included a weekend day and a nutrition researcher trained caregivers on
how to use the food diary and weighing scales to record intakes. The caregivers
were requested to record information relating to the amount, brand and type of
foods and beverages consumed by the child and to include cooking method,
recipes, packaging type, food leftover and time of eating occasion. Food and
beverage intake data were reported, after weighing, in grams. The
quantification protocol used is available at http://www.iuna.net/ and has been
previously reported (Walton and Flynn, 2013). In total, there were 1,652
different food codes in the NPNS and each food was also assigned to one of
77 food group categories. Data from McCance and Widdowson (2002) were
used to estimate nutrient intake using WISP®© (Tinuviel Software, Anglesey,
UK) as described elsewhere (Irish Universities Nutrition Alliance, 2012). Data
analysed did not exclude under-reporters which were estimated previously for
this cohort (Walton, 2012, Walton et al., 2017).
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2.6.3.

Data preparation and mapping protocol

Data files were imported from SPSS (v. 20.0: SPSS, Chicago, IL) or converted

to .csv format before importing to R (version 3.2.2) for linkage and analysis

(Further details in Appendix). The 77 Food group categories were used for this

analysis and other variables such as food name, cooking method, day of

consumption, meal-type and food description were also selected. A

unidirectional mapping procedure (Figure 2.3) was carried out using a shallow

natural language processing (NLP) approach.

GUI Database NPNS Database
q Anthro- Socio- A Meal Anthro- | Socio- Cooking Food
S pomorphic i C228 G258 Sl E number |pomorphic|E jcfFood Code Method | Weight
1 4 Once > Once None A ! 1 3 1023 &5 509
A 1 2 3 459 37 80g
2 3 None Once > Once A 2 1 3 1023 65 40g
\ J A 2 2 3 459 37 80g
A 3 1 3 201 30 509
A 4 1 3 1023 65 709
v A 4 2 3 201 37 509
GUI Food Descrintion B 1 1 2 201 37 509
Code escript B 1 2 2 459 37 80g
C25A Fresh fruit
C25B Cooked vegetables
Y Feature
selection [
NPNS Food Code Description Name Cooking Method
Manually
17377 Other beverages Water, distilled Not Cooked < mapped
and
11453 Rice & pasta, | Spaghett, white, Combination shallow
flours, grains & boiled ¥ Natural
Language
Food Processing
» Mapping
Process
S Food Cookil <
NPNS Foo L ooking
Code Description Name Method GUI Code
17377 Other | \ater, distilled | Not Cooked CosK |
beverages
Rice & pasta, Spaghetti, - A
11453 flours, grains &| white, boiled Combination Uit
»[ Merging |«
. Meal Anthro- Socio Food | Cooking Food
Sl Day number | pomorphic [Economic| Code | Method EUEes Weight
A 1 1 3 1023 65 C25A 509
A 1 2 3 459 37 Unmapped 80g \
A 2 1 3 1023 65 40g
A 2 2 3 459 37 Unmapped 80g Augmented
A 3 1 3 201 30 C25F 50
9 Database
A 4 1 3 1023 65 C25A 709
A 4 2 3 201 37 C25F 509
B 1 1 2 201 37 C25F 509
B 1 2 2 459 37 Unmapped 80g

Figure 2.3 Flow diagram showing data processing steps for unidirectional

mapping of GUI food codes with NPNS food codes. GUI: Growing Up in Ireland;

NPNS: National Preschool Nutrition Survey. Feature selection identified

variables from both GUI and NPNS databases that were desired, e.g.

socioeconomic class, cooking method, food weight.
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All food categories in NPNS were sorted, grouped and filtered to facilitate easy

mapping whereby all GUI food groups were filled with information from the

NPNS food datafile and consolidated into a single augmented database. The

augmented data were analysed to examine all food groups described in NPNS

and GUI and what proportion of foods were covered, non-covered or partially-

covered by GUI food groups relative to the NPNS database which included a

more detailed dietary record. The term non-covered indicated a specific food

consumption that could not be mapped using a GUI food code, i.e., the food in

NPNS is not matched by the same food in GUI. If a food category in NPNS was

only partially covered by a GUI food description, then the resulting mapped GUI

database was only partially-covered for that food category.

< covered

Lo

covered

EB FOODNAME = COOKINGME = | IUNA_NPNS_77FG Y FCPDE = Food_description_first_first = GUI_CODE =
L12| Fruit purees & smoothies (incl veg/fruit combinations)  Not Cooked 75 5989 Smoothie (Orange & Pineapple)-Juice Press C25a
SUI Fruit purees & smoothies (incl veg/fruit combinations)  Not Cooked 75 5972 Recipe-Fruit Smoothie (Mango/Ban/App/Orange) C25a
SCI Fruit purees & smoothies (incl vegffruit combinations)  Not Cooked 75 5970 Recipe-Fruit Smoothie (B'currant/Rasp/Apples/Bana) c25a
.| Fruit purees & smoothies (incl veg/fruit combinations) Not Cooked 75 5990 G25a
c | Fruit purees & smoothies (incl veg/fruit combinations)  Not Cooked 75 5983 Smoothie (Pineapple, OJ, Banana) c25a
E=B Fruit purees & smoothies (incl veg/fruit combinations)  Not Cooked 75 5980 Smoothie (Pineapple,0J,Mango, Low Fat Yog)

LW Fruit purees & smoothies (incl veg/fruit combinations)  Not Cooked 75 17391 Fruit desserts, baby

EEZ Fruit purees & smoothies (incl vegfruit combi Not Cooked 75 6646 Raspberry and Cranberry Smoothie

ELC Fruit purees & smoothies (incl veg/fruit c ations) Not Cooked 75 5995 Cow & Gate baby balance fruit puree (fort with Vit G 10mg)

RN Fruit purees & smoothies (incl vegffruit combinations)  Not Cooked 75 6001 Smoothie with 80% whey powder

EL AN Fruit purees & smoothies (incl veg/fruit combinations)  Not Cooked 75 5979 Strawberry & Banana Smoothie (PJ's)

ECTW Fruit purees & smoothies (incl veg/fruit combinations)  Not Cooked 75 5629 Recipe-Banana & Strawberry Smoothie w/ Yogurt & OJ

SN Fruit purees & smoothies (incl vegffruit combinations)  Not Cooked 75 5633 Recipe-Banana Smoothie (Yogurt,Milk,Honey)

EUTN Fruit purees & smoothies (incl veg/fruit combinations)  Not Cooked 75 5991 Fruit Puree apple & banana (fort with Vit C 15mg)

LEN Fruit purees & smoothies (incl veg/fruit combinations)  Not Cooked 75 5987 Ellals kitchen carrots,apples & parsnip

EUEN Fruit purees & smoothies (incl veg/fruit combinations)  Not Cooked 75 5635 Recipe-Banana & OJ Smoothie (w/Yog)

RLEN Fruit purees & smoothies (incl vegffruit combinations)  Microwaved 75 5987 Ella's kitchen carrots,apples & parsnip

ECTN Fruit purees & smoothies (incl vegffruit combinations)  Microwaved 75 17391 Fruit desserts, baby

ECEN Fruit purees & smoothies (incl veg/fruit combinations)  Boiled 75 5987 Ella's kitchen carrots,apples & parsnip

SO Fruit purees & smoothies (incl veg/fruit Not Cooked i) 5981 Smoothie (Banana,Peach,Mango,Low Fat Yog)

NPNS code

Figure 2.4 Code snippet illustrating manual mapping of GUI food codes and an

example of a partially-covered group (Fruit purees and smoothies), showing
the food name, cooking method, NPNS food group code (n=77), NPNS

individual food code, food description and GUI food code. Food descriptions in

area shaded green is covered while those in area shaded orange is non-

covered. Food consumption was described as covered if there was a matching

GUI food group that the food consumption could be fully mapped to, i.e., the

food in NPNS was matched by the same food group in GUI.

For example, Figure 2.4 illustrates a snippet from the manual mapping for

various categories of Fruit purees and smoothies. Some of these were mapped

to GUI food code descriptions for ‘Fresh fruit and vegetables’ (top rows, shaded

dark green, labelled covered and GUI code C25a) while others were not

(orange shaded area labelled non-covered) as they were deemed not to

constitute only fresh fruit and vegetables. Thus, this GUI food code group would

result in a partially-covered group.
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Subj | Survey | Meal | Meal | Time | FWT | Food description | NPNS_ GUI_

ID Day | Type No 77FG | CODE

108 1 1 1] 07:45 30 Recipe-Brown 4 NA
Soda Bread

108 1 1 110745 | 122 Porridge made 7 NA
with whole milk
(Irish Recipe)

108 1 1 1] 07:45 3 Fat spreads 22 NA
(59% Fat) Not
polyunsaturated
(Irish)

108 1 1 1| 07:45 4 Jam, fruit with 57 NA
edible seeds

108 1 1 1| 07:45 20 Water, distilled 65 | C25k

108 1 2 2 | 12:00 17 Bunalun 8 | C25¢g
Yogurt/Milk
Chocolate Rice
Cakes (not fort)

108 1 2 21 12:00 21 Golden Vale 14 | C25i
Cheese Strings

108 1 2 2 12:00 | 100 Fortified food- 15| C25i
Drinking Yoghurt-
Actimel (Danone)

108 1 2 21 12:00 90 Kid's Yoghurts 15| C25i
(Irish) (13-14%
sugars)

108 1 2 2 12:00 55 Orange juice, 35 NA
unsweetened

108 1 2 2112:00 | 176 Bananas, 36 | C25a
weighed with skin

108 1 2 2 12:00 50 | Grapes, average 37 | C25a

108 1 2 21 12:00 14 Raisins 37 | C25a

108 1 2 21 12:00 88 Water, distilled 65 | C25k

108 1 7 3| 16:00 17 Bunalun 8 | C25¢g
Yogurt/Milk
Chocolate Rice
Cakes (not fort)

108 1 7 3| 16:00 11 Sandwich 8 | C25¢g
biscuits, cream
filled

108 1 17:00 3 | Ice cream wafers C25¢g

108 1 17:00 28 Sponge cake, C25¢g
with dairy cream
and jam

108 1 5 4 1 17:00 34 | Ice cream, dairy, 16 NA
vanilla

108 1 5 4 1 17:00 31 New potatoes, 25 NA
boiled in unsalted
water

108 1 5 4 1 17:00 24 Peas, frozen, 29 | C25b
boiled in unsalted
water

108 1 5 4 | 17:00 57 Orange juice, 35 NA
unsweetened

108 1 5 4 | 17:00 30 Ham, gammon 43 NA
joint, boiled
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Table 2.3 Food consumption entries for day 1 of survey for child subject ID 108,
depicting survey day, meal type, meal number, time, food weight (FWT), food
description, NPNS food code, GUI food code where mapped and NA indicating

non-covered.

A consumption in NPNS was defined as any eating occasion (EO) of a food or
drink (snack or main meal) and an entry in the food diary was considered a
consumption as indicated in Table 2.3 which shows the food entries for child

subject number 108.

2.6.4. Aligning two surveys- GUl and NPNS

To determine if the subjects in NPNS and GUI were sampled from the same
population it was necessary to compare the estimates of food intake
consumption from both surveys. If both surveys were aligned, then food
consumption data from NPNS could be used directly to report on the GUI
sample population. Following the mapping procedures, a series of proportion
tests were carried out to assess if the GUI and NPNS surveys could be aligned.
The assumption proposed was that both datasets were sampled from the same

population. The protocol is outlined in Figure 2.5.
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<Mappa:1 GUI with NPNS data>

Define conditicns to match
frequency of consumption

Qutput from conditiors
defined generated for NPNS data in R
and GUI data in SPSS

;

Classified proportion subjects in both
datasets by weight status and gender

v

Test rull hypothesis that both populations are the same
using chi-squar e test proportions

l

Fail to reject the nul - =
use eqUivalence testing

Figure 2.5 Protocol for aligning GUI and NPNS surveys.

Initially, the conditions for defining frequency of consumption were used to
generate the proportion of subjects in each category for NPNS according to the
GUI food code mapped. The proportion of subjects in GUI for each category of
weight and gender was also estimated according to the GUI food code. The Z
score for each proportion was calculated and a p-value estimated according to
the chi-square test for proportion. A series of equivalence tests were also
calculated. This was repeated for each of the three different defined sets of

conditions as outlined below.

As the two surveys used different instruments to estimate food intake it was
necessary to propose a set of conditions to “match” frequency reporting. The
GUI SFQ recorded responses to food group consumption in the previous 24
hours as ‘none’ (zero), ‘once’ or more than once. The objective was to align the
1 day SFQ to the 4 day FD. This procedure started by firstly defining ‘zero’ as
the absence of consuming a specific food. Then the definition of ‘zero’ was

relaxed, meaning that if the food was consumed less than n times over the 4
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days the frequency for the food was set to zero. Gender and weight status using
the I0OTF classification were taken into consideration when computing the

frequencies. The approaches to define “zero” consumption considered were:

1. “Total frequency zero”: no consumption of the food during the 4-day
period of NPNS

2. “Total frequency one”: food consumed once during the 4-day period of
NPNS

3. “Single day multiple consumption”: this included the previous definitions
plus those foods that were consumed multiple times in only one day of
the NPSN survey

For each definition of zero above the percentage of GUI and NPNS subjects in
each weight category (using IOTF criteria) was calculated for each food code.
The chi-square test for homogeneity (or two proportions) was used to test the
null hypothesis (p<0.05, alfa level) that there was no difference between the
two sample populations under the conditions of each of the approaches defined

above.

A further series of approaches were used to define “once” and “more than once”
based on the “zero” definitions already tested. For example, defining zero
consumption as “total frequency one”, a food consumption frequency of “once”
in GUI was defined as a maximum average of 1.0 over the 4-day NPSN period.
The chi-square test for proportions was repeated for all these categories in GUI
and NPNS.

Finally, a series of equivalence tests were carried out to test if the populations

were the same (Robinson et al., 2005).

2.6.5. Quantitative analysis of mapped data and

augmented database

The initial aggregation was done at the subject and survey day levels meaning
that for each subject and each day of the survey an aggregated record was
obtained. Aggregate metrics were defined and determined for all food items
included mean, interquartile range, maximum, minimum, standard deviation
and standard error of the mean. Aggregates estimated included the frequency
and amount (g/day) of covered, non-covered and partially-covered food groups
which were also expressed as a percentage of the total amount of food
consumed. The analysis treated each day of the 4 days in NPNS as an

independent day. The mean daily intake amount and the frequency of each
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food consumed was calculated for each NPNS participant. The amount and
frequency of food consumed was also calculated using an average

consumption method (Section 2.6.6).

The total number of times when a non-covered food was consumed (total
consumption frequency per day) and the total food amount (g/d) of a non-
covered food was calculated. The ratio of the frequency of consumption of non-
covered food over the total food frequency was determined. A similar ratio was
determined for the amount of non-covered food consumed over amount of total
food consumed. Partially-covered food groups were also included in the
analyses and included in either the covered or non-covered category after the
final mapping. The frequency distributions of the ratio of consumption
frequency and amount of non-covered food consumed divided by the total food
consumed were displayed as histograms. Using a non-parametric density
estimation, the distribution of the proportion of non-covered food consumed
each day of the week was displayed graphically using kernel density plots and

tested formally using the Wilcoxon rank sum test (p<0.01) (Dalgaard, 2008).

2.6.6. Data preparation and analysis for

cariogenic food intake and meal analysis

The pattern of consumption of selected cariogenic food and drink (CF) in 3 year
old preschool children was investigated using the NPNS food database
mapped with food intake codes for 3 year olds from the GUI survey (section
2.6.3). This mapped dataset was then analysed to explore the pattern of dietary
intake of selected CF items as snacks or main meals. The mean daily intake
amount (g/day) and the frequency of each food consumed was calculated for
each NPNS participant, by summing the amount of all foods a subject
consumed per food code, averaging across the four days for each subject and
then calculating the total sample average. Frequency was estimated by
summing the total number of times the food appeared in the diary and dividing
by four, i.e. the number of days in the survey. The average consumption
amount (g/day) and frequency for each food was computed by aggregating the
data across each subject and each survey day before averaging the food
weight. Thus, if a food was consumed more than once on a given day the
average consumption amount was calculated to provide a closer representation
of the actual amount of food consumed on a single EO. If a food was not
consumed at all on a given day, it was not included in the estimations for

average consumption amount. Therefore, the average consumption gave an
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estimate of portion size per EO, rather than the average amount consumed
over the 4-day record or mean daily intake. For most food items the average
consumption is generally greater than the mean daily intake of that food. All
results reported were for consumers only. Analysing intake using average
consumption estimates and consumer-only data provided the “worst-case”
exposure as it prevented reduction of the estimates through inclusion of days
or individuals with no intake of a particular cariogenic food or drink (CF)
(Connolly et al., 2010).

Global statistics were generated for the number of subjects who either never
consumed a CF or consumed a CF. Each meal type (both ‘snacks’ and ‘meals’)
was defined by its food components. A food component was defined as a single
food item from each meal. The number of food components, both CF and non-
cariogenic food and drink (NCF), in a meal, were determined at the meal level

and at the subject level.

Bean plots were generated in R for dietary intake estimated using both mean
daily intake and average consumption methods. These plots are an “alternative
to the boxplot for visual comparison of univariate data between groups”
(Kampstra, 2008) as outlined in Section 1.7.4. The bean plot uses a
combination of non-parametric kernel density estimates of the probability
density function with a scatter plot of all data points. A kernel density estimates
the probability density function of a random variable in a non-parametric fashion
(Williams, 2011). The individual observations are depicted as short horizontal
lines in a one-dimensional scatter plot and the estimated density shape of the
distributions is displayed as a polygon. The name derives from green beans as
the density shape represents the pod and the scatter plot shows the seeds
inside the pod. The heavy solid horizontal line represents the average for each
subgroup and the dashed horizontal line is the overall average value for the
dataset. Asymmetric bean plots allow for easy comparison between two
subgroups such as main meals and snacks and reveal anomalies such as
bimodal distributions (Kampstra, 2008). Main meals were coloured blue while
snacks were coloured red. CF items (rice puddings and custard, tinned fruit and
carbonated beverages) with a small number of subjects (<20) were not included
as the number of observations were too low to generate a meaningful plot. A
two-sample Kolmogorov-Smirnov test (p<0.05 alfa level) was carried out to
determine if the distributions of CF items as a snack or main meal, as estimated

by both mean daily intake and average consumption, were similar.
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2.6.7. Meal and CF pattern analysis

Association analysis was carried out using the NPNS database mapped with
the GUI food codes to: (1) identify the food components that comprised a meal;
(2) compare meals by chaining the components within a meal using either the
GUI coding or the NPNS 77 Food group coding; (3) identify the combinations
of food components that characterise the most frequently consumed meals and
(4) assess the dietary interaction of each CF with NCF and the other CF items
selected. Variables included were: subject ID, meal type, time of consumption,
NPNS 77 FG, food weight and GUI food code. An association analysis
algorithm generated frequent item sets (Williams, 2011). Association analysis
is a useful methodology for discovering interesting relationships hidden in a
dataset. The algorithm iterated through each subject and day of the survey and
identified each meal that the subject consumed by sorting the records in the
diary by time of the day and meal type. For each subject, all food and drink
consumed at the same time of the day and coded with the same meal type
were considered part of a distinct meal. After identification of each meal the
data was restructured into a tree shape where each branch was a subject and
each leaf was a list of days and corresponding meals. Two distinct analyses
were then carried out by going through each of the leaves of the tree and
retaining the metadata (subject information) of each branch. The first analysis
used a set of distinct GUI food codes and labelled foods not-covered by GUI
as non-covered to build a unique identifier for each meal. This was called key
and this meal identifier was the key for GUI-derived food codes. A key-value
pair is a fundamental data representation in computing systems and
applications and is also described as an attribute-value pair (Williams, 2011).
The second analysis repeated this process but used a set of distinct NPNS 77
Food group codes and was defined as key for NPNS-derived food codes.
Finally, the association tree was re-shaped using “cariogenic” and “non-
cariogenic” descriptors to describe the combinations and interactions between

CF consumed as snacks or a main meal.

2.7. Sugar intake and free sugar mapping

Figure 2.5. outlines the algorithm used to carry out the FS mapping which was

based on a modified version of the method developed by Louie et al (Louie et
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al., 2015) to estimate added sugar (AS does not include sugars naturally

present in honey, syrups and unsweetened fruit juices).

Yes
Step 1. Food contains Og total sugars > Free Sugar =0

o

Yes
Step 2. Food only contains intrinsic sugars and/or milk sugars ||

No

A

. Yes
Step 3. Food contains free sugars only ———>| Free Sugar= 100% of total sugars

i No
Yes

Step 4. Is there a comparable unsweetened variety of the food? Calculate free sugar based on unsweetened

variety method
l No

Yes
Step 5. If analytical data available for Lactose l——)l Estimate based on analytic data
‘L No

Step 6. Similar products with known free sugar content Yes Use value from similar food
OR h
Estimation of Free sugar based on > overseas Faht:lbase
recipe/ingredient label or overseas or recipe/la

No

Step 7. 50% of the total sugars as free sugar

Figure 2.6 Decision algorithm for estimating free sugars content of national

preschool nutrition survey (NPNS) foods. Amended from Louie et al. (2015).

Briefly, the steps were followed starting from step 1 until the food fulfilled the
criteria for assignment at a step. If a food did not meet the criteria in any of
steps 1-6 then FS was set at 50% total sugar (TS) (step 7). To carry out the FS
mapping, foods were assigned 0 g of FS if steps 1 or 2 applied. All the total
sugar (TS) was assigned as FS for foods at step 3. If an unsweetened variety
of the same food existed, then FS estimation was based on the difference
between the sweetened and unsweetened variety at step 4. At step 5 if
analytical data existed for lactose or other sugars then an estimate of FS was
based on subtracting lactose. The more subjective steps were 6 and 7. These
involved a subjective decision to use a recipe, ingredient label or overseas
database such as the AUStralian Food and NUTrient Database (AUSNUT)
2011-13 food composition database (Food Standards Australia New Zealand,
2014). Step 7 which assigned 50% of TS as FS was only used if there was no

other means of estimating FS content.

The TS and lactose estimates from the NPNS database were imported into

RStudio and then exported to a .csv file before manually estimating FS content
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based on the rules described above. Two researchers (AOS and MC) estimated
FS in the NPNS food database. The results were compared and where
differences occurred in FS estimation the final value was based on agreed
interpretation or an average between the two estimates. The mapped GUI
database (Section 2.6.3) was then augmented by importing the FS estimates
(Appendix A). This FS mapping was also compared to a previously reported
estimation of FS using the same cohort of 3-year olds (Newens and Walton,
2016) and the distributions compared using the Kolmogorov-Smirnov tests
(p<0.01). Quantitative analysis and metrics similar to that detailed in chapter
2.6.5 were carried out. All statistical analyses were carried out using R Studio

(https://www.rstudio.com/).
After the data was loaded into RStudio it was aggregated across:

1. Subject ID
2. Day of the week
3. Day of the survey

To compare how well the GUI-SFQ captured TS and FS intakes the following

metrics were computed:

The total number of times when a non-GUI consumption occurred.
The total food weight for non-GUI consumptions.

The total sugars (weight) for a non-GUI consumption.

The total sugars for a GUI consumption.

The total number of times when a GUI consumption occurs.

The total sugars.

The total number of consumptions.

© Nk wbdhd-=

The total food weight.
The following ratios were then derived for both TS and FS:

1. Ratio of the count (frequency) of non-GUI over total food

2. Ratio of the food weight of non-GUI over total food weight.
3. Ratio of non-GUI sugars over the total sugars
4

Ratio of GUI sugars over the total sugars.

Complete details of these analyses are reported in the code documents
detailed in Appendix A. TS and FS were determined by multiplying the weight
of food consumed daily, aggregated at the subject level, by the percentage of
TS or FS. The mean daily intake of TS and FS (g/d), frequency of consumption

and as a percentage of total energy intake, (TEI) were presented as summary
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statistics. The percentage of consumers of each food group were calculated.
The probability of consuming a food or drink as a snack or main meal was
estimated by using the total count of snacks or main meals over all 4 days of
the survey. The daily intake of TS and FS covered and non-covered by GUI
food groups by amount (g/day) and as a percentage of total energy intake
(%TEI) were presented as bar graphs. In NPNS there were 1,652 food codes
which were categorised into 77 food groups and further re-categorised into 19
food groups. In GUI, there were 15 food groups. Food groups for both GUI and
NPNS were also recategorised as follows to highlight the main FS food
sources: bread and cereals, RTEBC, cakes and biscuits, dairy products,
desserts and puddings, fruit and vegetables, Fruit juice and smoothies, sugar
and syrups, chocolate confectionary, non-chocolate confectionary, soft drinks
(non-diet), soft drinks (diet) and other. Dairy products included all milk, yoghurt,
cheese and ice-cream products. Soft drinks (non-diet) included carbonated
beverages, squashes, cordials and fruit juice drinks. Breads and cereals
included all rice, pasta, grains and cereal based products except RTEBC. Full
details of the mapped food groups are listed in Appendix A. Sugar intake (TS
and FS) as a percentage of TEl was calculated using 0.017 MJg-1 ((World
Health Organization, 2003). The percentage of the sample population with a
FS intake greater than the WHO recommendations (World Health Organization,

2015) were determined.
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Chapter 3. Early childhood
dental problems: classification
tree analyses of two waves of

an infant cohort study

3.1. Introduction

The prevalence of oral health problems in young children has increased in
recent years, following a decline in previous decades (Bourgeois and Llodra,
2014, Dye et al., 2010). The bidirectional relationship between oral health
problems and child health and development is complicated by a variety of
sociodemographic influences (Hooley et al., 2012b, Sheiham, 2006). In
addition, the primary caregiver (PCG) is the gate-keeper in providing and
promoting general and oral health care for the developing child. Therefore,
PCG health and wellbeing is inextricably linked to child health and ultimately

defined by similar social determinants (Moimaz et al., 2014).

In recent years, dental research has expanded, recognising that psychosocial,
behavioural and environmental factors significantly impact oral health
outcomes (Fisher-Owens et al., 2007, Newton and Bower, 2005). A number of
studies have reported relationships between PCG psychological distress, child
socio-emotional behaviour or infant temperament and child oral health
outcomes (Tang et al., 2005, Menon et al., 2013, Quinonez et al., 2001a, Spitz
et al., 2006, Aminabadi et al., 2014). Parental stress and depression may
impact on the caregivers’ ability to impart preventive oral health measures at
critical developmental stages (Tang et al., 2005, LaValle et al., 2000) and are
often related to aspects of infant temperament and child socio-emotional
behaviour (Spitz et al., 2006, Renzaho and Silva-Sanigorski, 2013, Mantymaa
et al,, 2006). Depressive symptoms in mothers may lead to inconsistent
parenting and unhealthy feeding habits (Kim Seow, 2012). Furthermore, a
positive child temperament appears to be protective against early childhood
caries (ECC) while a difficult temperament and poor feeding practices are both

equally strongly associated with ECC (Aminabadi et al., 2014). Influenced by
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behavioural and social science research, conceptual models of oral health have
developed to incorporate a wider framework, including psychosocial and
behavioural factors which expand beyond the individual, to the family and
community level (Kim Seow, 2012, Fisher-Owens et al., 2007). While several
studies have focused on the socio-demographic components within models,
few have examined the role of psychosocial and behavioural factors in large

population studies (Hooley et al., 2012b).

Classification and regression trees have been used in clinical settings for risk
assessment or diagnostic prediction but less so in public health research (Kuhn
et al., 2014). The aim of classification tree analysis (CTA) is to create a model
that predicts a target outcome (dependent variable) based on the strength of
interactions between categorical or continuous input variables (independent
variables) (Loh, 2014). To date, most of the research on early childhood dental
problems and the health and psychosocial attributes of the child and PCG have
concentrated on the effect of a single variable using relatively small sample
sizes (LaValle et al., 2000, Hooley et al., 2012b). This study uses CTA to
explore a complex network of infant/child and PCG psychosocial and physical
health variables and identify key parameters related to early childhood dental
problems in a large nationally representative sample of Irish children in infancy

and again in early childhood.

3.2. Methods

3.2.1. Data and variables

This section of the study used CTA to explore a complex network of infant/child
and PCG psychosocial and physical health variables and identify key
parameters related to early childhood dental problems. Data used for this
analysis was derived from the infants in the GUI study at 9 months (Wave 1)
and when the children were 3-years old (Wave 2). The dependent variable in

the analysis was a PCG reported dental problem.

Independent variables were chosen based on their relevance to child dental
health. Socioeconomic and demographic variables selected were ethnicity and
highest education level of the PCG, family social class and equivalised
household annual income, child gender and age and gender of the PCG. Health

was assessed by PCG global ratings of general health and whether the infant
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or child required hospital admission or treatment. Other variables included at 9
months of age were infant temperament and questions relating to behavioural
habits such as whether or not the infant used a soother/dummy in the past week
and whether the PCG ever woke the baby at night for a feed. PCG stress levels,
depression and the ‘Quality of Attachment’ (QoA) to the infant were also
measured. At 3 years child behaviour and emotional development were
assessed using the Strengths and Difficulties Questionnaire. Child
temperament was measured using a modified version of the Short
Temperament Scale for Toddlers. Questions relating to child oral behavioural
habits included frequency of tooth brushing and how often the child sucked a
soother or finger/thumb. The child-PCG relationship was assessed using the
Child-Parent Relationship Scale. Again, when the child was 3 years of age

PCG depression was assessed.
3.2.2. Data Analysis

Classification trees were generated with PCG reported experience of a dental
problem at 9 months or at 3 years of age as the target variable for each output
using IBM SPSS statistics (v. 20.0: SPSS, Chicago, IL) and the Chi-squared
Automatic Interaction Detection (CHAID) algorithm (Kass, 1980). The
Bonferroni-adjusted chi-square statistic was used to determine node splitting
and merging at a significance level of <0.05. Following on, a series of binary
logistical regression analyses (forward-wald) was conducted to compare
findings with those generated by the classification tree output. Further details

are included in Section 2.4.

3.3. Results

3.3.1. Profile of the sample

At 9 months of age 2.7% (n=302) of infants had a PCG-reported dental problem
for which they had sought care from a health care professional. When children
were 3 years old 5.0% (n=493) had a dental problem for which they had sought
care from a dentist (Table 3.1). The sociodemographic profile of the study
populations was similar at both time points apart from the variable reflecting
family income (Table 3.1). The mean equivalised annual household income

was lower at Wave 2 compared to Wave 1.
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Table 3.1 Demographics and profile of Growing Up in Ireland Infant Cohort

Study Participants.
Characteristic

Survey Date

Sample Size, n
Child gender, n (%)
Boy
Girl
Dental problem, n (%)
Hospital admission (ever)*, n (%)
Yes
No
Global health child, n (%)
Very healthy
Not very healthy

Total at 9
months old
Sept
2008/April
11,134

5715 (51.3)
5419 (48.7)
302 (2.7)

1453 (13.1)
9674 (86.9)

9197 (82.6)
1895 (17.0)

Infant Characteristics Questionnaire, mean (SD)

ICQ Fussy-difficult
ICQ Unpredictable
ICQ Unadaptable
ICQ Dull

Strength and Difficulties Questionnaire

14.83 (5.00)

6.15 (2.66)
9.01 (3.83)
5.84 (2.46)

Child-Parent relationship (CPR- PIANTA), mean (SD)

CPR- Positive
CPR- Conflict
Short Temperament Scale (LSAC),
Persistence
Sociability
Reactivity
Quality of attachment score (ASQ),
Parental stress score, stressors
PCG Depression score, mean (SD)
Gender of PCG, n (%)
Male
Female
Global health Rating of PCG, n (%)
Excellent/very good
Good/fair/poor
Ethnicity PCG, n (%)
Irish
White non-Irish
Black
Asian
Other
Family Social Class, n (%)
Professional/Managerial

Other non-manual/Skilled manual
Semi-skilled/Unskilled

80

4250 (2.59)
14.64 (4.19)
2.49 (3.66)

41 (0.4)

11,093 (99.6)

7746 (69.6)
3387 (30.4)

9275 (83.3)
1203 (10.8)
295 (2.7)
273 (2.5)
53 (0.5)

5340 (48.0)
3643 (32.7)
1148 (10.3)

Total at 3
years old
Dec
2010/June
9,793

5024
4769
493 (5.0)

1569
8201

7312
2476

7.98 (4.63)

33.77
15.64

4.71 (0.82
4.12 (1.13)
2.88 (1.07)

12.35
2.42 (3.58)

161 (1.6)
9632

6760
3032

8261(84.4)
1018

252 (2.6)
202 (2.1)
54 (0.6)

4553
3233
1061



Unclassified 1002 (9.0) 947 (9.7)
Education PCG, n (%)

Lower secondary or less 1955 (17.6) 1361

Upper secondary 2806 (25.2) 3192

Non-degree 3112 (28.0) 2080

Third level 3249 (29.2) 3144
Equivalised Annual Income, mean (SD) 21,507 17,874
(13,414) (9,551)

PCG, primary caregiver.

"Hospital admission (ever): at 9 months this question related to an illness or

health problem whereas at 3 years of age was for accident or injury.

Table 3.1 (continued) Demographics and profile of Growing Up in Ireland Infant
Cohort Study Participants

3.3.2. Classification tree at 9 months of age

The results from CTA for infants at 9 months are shown in Figures 3.1 and
Figure 3.2 which included the independent (predictor) variable used for each
split. The tree model, without boosting or undersampling, had a sensitivity of
31.2%, a specificity of 90.4% and an overall accuracy of 88.8%. Boosting and
resampling did not greatly improve the model performance for either dataset.
The parameters used for growing the tree with the CHAID algorithm partitioned
the data into 5 levels with 33 nodes of which 20 were terminal nodes. Each
node contained the node number, the number and percentage of infants in each
category for the dependant variable (dental problem), the adjusted p-value and
chi-square statistic, the categories chosen by CHAID for the predictor variable
and the cut-off points for continuous variables (Figure 3.1.2). The six
independent variables that reached significance in the model included three
infant temperament subscales (ICQ subscales Fussy-difficult, Dull and
Unpredictable), the PCG depression score, infant use of a soother/dummy and
child global health.

Four subscales are used for ICQ (Fussy-difficult, Unadaptable, Dull and
Unpredictable) which are rated on a Likert scale with a higher score indicating
an increased level of perceived difficulty in dealing with the behaviour
described. The first level of the tree was split according to the infant
temperament score (ICQ subscale Unpredictable) which split the tree root

(parent node) into four branches (child nodes) with infant temperament scores
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between 6.0-7.0 and greater than 8.0 ending in two terminal nodes (no further
splits). Infants with an ICQ subscale Unpredictable score between 7.0-8.0
(node 3; 8.3% of total sample) had a dental problem prevalence of 5.7% and
was split at the second level by whether or not they had used a soother/dummy.
Those who used a soother/dummy had a dental problem prevalence of 7.0%
compared to 3.0% for those who did not. Below this side of the tree those who
had a habit of soother/dummy use were split by the Dull subscale of ICQ at
level three (node 8; 5.6% of total sample) and, in general, where Dull subscale
of ICQ was a predictor (levels 2, 3 and 4), those who had a higher Dull ICQ
score had a lower prevalence of dental problems. For those who did not use a
soother/dummy (node 7; 2.7% of total sample) the third level split was by infant
global health with those who rated “Very good” having a lower prevalence of
dental problems. It should be noted that the sample size for the minor class in

these subgroups was very low.

Generally, throughout the tree, as the subscale score for ICQ Unpredictable or
Fussy-difficult increased there was a relative increase in the proportion of
infants with a reported dental problem while an increase in score for ICQ Dull
tended to reduce the risk of having a dental problem. There was also a
tendency towards a subtree replication problem with the ICQ temperament
variables Dull and Unpredictable. On the other side of the tree the subset of
infants with the lowest score for ICQ subscale Unpredictable (63% of total
sample) also had the lowest prevalence of dental problems (2.3%) and was
split at the second level by the PCG total depression score (node 1). Almost
10% of the total sample had a PCG depression score greater than 4.0, with
4.3% of the subset of infants in this group having a dental problem (node 6)
whereas only 1.9% of those infants who had a PCG total depression score less
than 4.0 (node 5; 53% of total sample) had a dental problem. Below this branch
second and third level predictors were all ICQ temperament subscale scores.
The largest subgroup terminal nodes were those split at level 3 (node 10; 40%
of total sample) by ICQ Unpredictable with those scoring <4.0 having half of the
prevalence of dental problems (1.2%) as those who scored >4.0. Again, at
levels 4 and 5 it is important to cautiously interpret the significance of predictors

as the sample numbers in the minor class are very low in some nodes.
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Dental problem age 9 months
Node 0

No: 97.3% | 10775
Yes: 2.7% | 301

unpredictable ICQ

<=6 6.0, 7.0 8.0 > 8.0
Node 1 Node 2 Node 3 Node 4
No: 97.7% | 6811 No: 96.7% | 1187 No: 94.3% | 863 No: 97.5% | 1914
Yes: 2.3% | 158 Yes: 3.3% | 41 Yes: 5.7% | 52 Yes: 2.5% | 50

Have baby used soother?

Total Depression score PCG

<=4.0 No

missing

Node 6
No: 97.7% | 1048
Yes: 2.3% | 47

Node 5
No: 98.1% | 5763
Yes: 1.9% | 111

Node 7
No: 97.0% | 288
Yes: 3.0% | 9

child golbal health

fussy-difficult ICQ

inot very good

very good,

=8.0, missing 8.0, 18.0 missing <=3.0 >3.0
Node 9 Node 10 Node 11 Node 12 Node 13 Node 14 Node 15 Node 16 Node 17

No: 99.5% | 775 )  No: 98.2% | 4313 )| No: 96.3% | 675 No: 93.9% | 540 |( No: 97.7% | 508 No: 98.3% [234 ) ( No: 91.5% |54 |( No:86.3% | 88 )( No: 94.4% | 487

Yes: 0.5% | 4 Yes: 1.8% | 81 Yes: 3.7% | 26 Yes: 6.1% | 35 Yes: 2.3% | 12 Yes: 1.7% | 4 Yes: 8.5% | 5 Yes: 13.7% | 14 Yes: 5.6% | 29

unpredictable ICQ

unpredictable ICQ

unpredictable ICQ

4.0 <=4.0, missing >a.d <=6.0, missing 6.0, 7.0 7.0 <=4.0 >4.0
Node 18 Node 19 Node 20 Node 21 Node 22 Node 23 Node 24 Node 25 Node 26
No: 100% | 581 | [ No: 98% | 194 || No: 98.8% | 2105 | |No: 97.6% | 2208 | ( No: 96.2.2% | 455 | [ No: 88.2% | 45 | (No: 98.9% | 175 ) | No: 91.4% | 288 No: 96.9% | 252
Yes: 0.0% | 0 Yes: 2.0% | 4 Yes: 1.2% | 25 Yes: 2.4% | 55 Yes: 3.8% | 18 Yes: 11.8% | 6 Yes: 1.1% |2 Yes: 8.6% | 27 Yes: 3.1% | 8
unpredictable ICQ fussy-difficult ICQ
<=3.0 3.0,5.0 >5.0 >4.0 <=11.0, missing

Node 27 Node 28 Node 29 Node 30 Node 31 Node 32 Node 33
No: 100% | 51 No: 92.0% | 46 No: 100% | 97 No: 93.3% | 152 No: 97.7% | 303 No: 98.5% | 128 No: 86.5% | 160
Yes: 0.0% | 0 Yes: 8.0% | 4 Yes: 0.0% | 0 Yes: 6.7% | 11 Yes: 2.3% | 7 Yes: 1.5% | 2 Yes: 13.5% | 25

Figure 3.1 Prevalence of reported dental problems at 9 months of age among
classification tree subgroups, percentage (%) and number (N) in each class.
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Figure 3.2 SPSS output showing prevalence of reported dental problems at 9 months of age among classification tree subgroups, percentage (%) and
number (N) in each class, adjusted p-value and chi-square statistic.
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In regression analyses three factors were significantly associated (p<0.05) with
having a reported dental problem at 9 months: Both Dull and Fussy-difficult
temperament (ICQ subscale scores), use of a soother and PCG depression
score. Having a dull temperament or using a soother reduced the likelihood of
a dental problem while having a difficult temperament and an increased PCG

depression score increased the likelihood of the infant having a dental problem.
3.3.3. Classification tree at 3 years of age

The CTA for children at 3 years of age is shown in Figures 3.3 and Figure 3.4.
This tree model resulted in a sensitivity of 66% and specificity of 58.5% and
overall correctly classified almost 59% of all children in the dataset. This dataset
was partitioned using the CHAID algorithm into 4 levels with 25 nodes of which
15 were terminal. Ten independent variables were significant in the model;
child health (PCG global rating), ethnicity and education of the PCG, history of
hospital admission for an injury, family annual income, PCG treated for
depression, PCG stress score, total depression score, PCG health rating and
persistence subscale of LSAC child temperament measure. The most
important splitting variable was child global health rating and of those children
who were classified as “Not very healthy” in total, 7.1% had a dental problem
whereas of those who were classified as “Very healthy” only 4.3% had a dental
problem. Approximately 75% (n=7274) of the total sample was classified as
“Very healthy” and the next variable splitter at this node was PCG ethnicity. In
the subset of children where the PCG was “other white background” (white non-
Irish) the prevalence of dental problems was 8.4% whereas those of children
of a PCG of Irish and “any other” ethnicity had a dental problem prevalence of
3.8%.

At the first level the node (2) representing the “Not very healthy” children split
into two groups (Yes/No) on the basis of hospital admission for an accident or
injury. Of those who had a hospital admission 11.1% had a dental problem
compared to 6.2% for those who did not have a hospital admission. The second
level splits in the tree were based on the highest education level of the PCG,
whether PCG was treated for depression/anxiety, equivalised household
annual income and PCG parental stress scores. At node 5 the prevalence of
infant dental problems among families with an equivalised household annual
income less than €11,800 was 4.0%, between €11,800 and €13,600 was 12.0%
and greater than €13,600 was 5.7%. Only the lowest income group was split

further according to the PCG global health rating.
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On the “Very healthy” side of the tree those infants of PCG’s from “Any other
white background” (non-lrish white) was split at the second level by PCG
“treated for depression/anxiety” with infants of those who were treated having
a dental prevalence of 16.4% compared to 7.6% for infants of those who were
not treated for depression/anxiety. At node 3 the infants of those who were in
the remainder of the ethnic groups were split into 3 subgroups by the PCG
highest education level with no clear direction of association with dental
problems. Only one of these groups had a final split at level 3 (node 8)
according to PCG depression score with those greater than 4.0 having infants
with a dental problem prevalence of 12.3% whereas those with a PCG

depression score less than 4.0 had a dental problem prevalence of 6.2%.
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Very healthy

Dental problem age 3
Node 0

No: 95% | 9254

Yes: 5% | 488

Not Very Healthy; <missing>

Child global health rating

Node 1
No: 95.7% | 6962

Irish,

Black, Yes: 4.3% | 312

Aslan: Any other white
background

Other (including mixed background)

Ethnicity

Node 4
No: 91.6% | 653
Yes: 8.4% | 60

Node 3
No: 96.2% | 6309
Yes: 3.8%252 |

Treated for depression
anxiety nerves

PCG highest educational
qualification

no, kmissing>

Node 9 Node 10 Node 11
No: 97.9% |1731 No: 92.4% | 59 No: 83.6% | 56
Yes: 2.1% | 38 Yes: 7.6% |49 Yes: 16.4% | 11

Edull

Node 7 Node 8
No: 96.5% | 3283 No: 93.2% | 1295
Yes: 3.5% | 119 Yes: 6.8% | 95

Node 2
No: 92.9% |2292
Yes: 7.1% | 176

child in hospital for
accident or injury?

Decision variable

Leaf node
% target split (count)

£
0

Node 6

Node 5
No: 93.8% | 1883 No: 88.9% | 409
Yes: 6.2% | 125 Yes: 11.1% | 51
Equivalised household Parental stress score PCG
Annual Income W2
<= 11/800 (11,800-13,600] = 10.0 (10.0-12.0]
Node 12 Node 13 Node 14 Node 15 Node 16 Node 17
No: 96.0 % |548 No: 88.0% | 285 | No: 94.3% | 1050 | No: 94.0% | 11/ No: 76.5% | 6 No: 90.5% | 237
Yes: 12.0% | 39 Yes: 5.7% | 63 Yes: 6.0% | 7 Yes: 23.5% | 19 Yes: 9.5% | 25

Yes: 4.0% | 23

Total depression score PCG

Excellent |Very good

<=4.0,(<missing>

Node 20
No: 93.8% |255
Yes: 6.2% | 17

Node 19
No: 87.7% | 136
Yes: 12.3% | 19

Node 18
No: 93.8 % | 1159

Yes: 6.2% |76

Figure 3.3 Prevalence of reported dental problems at 3 years of age among classification tree subgroups, percentage (%) and number (N) in each

class.

PCG global health rating

Good Fair Poor

LSAC temperament-Persistence

No: 98.0% | 293
Yes: 2.0% | 6

Node 22
No: 79.7% | 4
Yes: 20.3% | 1.

)=

Node 24
No: 89.0% | 81
Yes: 11.0% | 10

Node 23
: 97.3% | 109
Yes: 2.7% | 3
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dental problme age 3

Node 0

Total 100.09742

Child health Global rating
Adj. P-value=0.000, Chi-square

281, ag=1
Very ‘hcu]thy Yot very hc‘a]thyr <nissing>
Node 1 Yode 2
category 8 n category 3 n
o 95.76962 o 92.92292
Syes 4.3 312 Byes 7.1 176
Total  74.77274 Total _25.32468

KI5, PCG ethnicity Wave 2
Adj. P-value=0.000, Chi-square=32.
778, af

Cl1. Has <child> ever had an
accident or injury that required
hospital treatment or admission?

Adj. P-value=0.001, Chi-square=13.

358, af

Irish; Black or Black Irish - African; Any other Wl
Asian or Asian Irish - any other Asian
background; Other, including mixed
background; Asian or Asian Irish -
Chinese; Black or Black Irish - any
other Black background; <missing>

ite background no; <missing> yes

Node 3

Eono 96.26309
Hyes 3.8 252
Total  67.36561

KI. PCG highest educational Equivalised Household Annual

parental stress scores for pegs Wave 2
qualification Adj. P-value=0.034, Chi-square=16.
Adj. P-value=0.000, Chi-square=ig. Adj. P-value=0.001, Chi-square=24. 299, de=2
537, ag=2 078, ae=2
| |
Postgraduate Certificate or Dipldmgree (Masters); Primary Degresgondary; Technical or vocational
Both upper secondary and a Degree and a Lification; Doctorate; <missing>
or Vocational qualification;  qualification
Professional qualification (of Degree
status at least)
Node 7 Node & Node 9 Node 10 Node 11 Node 12 Node 13 Node 14 Node 15 Node 16 Node 17
category & n category 3 n category 3 n category 3 n category 3 n category n category 3 n category 3 n category 3 n category 3 n category 3 n
Hono 96.53283 Hono 93.21295 Hono 97.91731 Eno 92.4 597 no 83.6 56 Hno 96.0 548 no 88.0 285 Eno 94.31050| |Wno 94.0 110| (Wno 6.5 62 Hno 90.5 237
= yes 3.5 119 = yes 6.8 95 = yes 2.1 38 = yes 7.6 49| [®yes 16.4 11 = yes 4.0 23 Hyes 12.0 39 o yes 5.7 63| [®yes 6.0 7| [Hyes 23.5 19 = yes 9.5 25
Total  34.93102 Total  14.31390 Total  18.21769 Total 6.6 646 Total 0.7 61 Total 5.9 571 Total 3.3 324 Total 11.41113 Total 1.2 117 Total 0.8 81 Total 2.7 262
Total depression score for primary PCG Global health rating persistence subscale of LSAC
caregiver Wave 2 Adj. P-valu 0, Chi-square=6. temperanent measure
Adj. P-value=0.050, Chi-square=g. 634, Adj. P-value=0.028, Chi-square=14.
059, a=1 302, a
|
Node 18 Node 20 Node 21 Node 23
category ® n category © n Category & n n Category ¢ n n
oo 93.81159 "o 93.8 255| |Mno 96.0 293 o 79.7 47| |Wno 97.3 109 81
Hyes 6.2 16 B yes 6.2 17| [Myes 2.0 6 B yes 203 12| [Wyes 2.7 3 10
Total  12.71235 Total 2.8 272 Total 3.1 299 Total 0.6 59 Total 1.1 112 91

Figure 3.4 SPSS output showing prevalence of reported dental problems at 3 years of age among classification tree subgroups, percentage (%) and
number (N) in each class, adjusted p-value and chi-square statistic.
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In logistic regression analyses five factors were significantly associated
(p<0.05) with the likelihood of being a child at 3 years of age with a reported
dental problem: child global rating of health, hospital admission for injury, PCG

ethnicity and PCG education level and family social class.

3.4. Discussion

The findings highlight the relatively high prevalence of reported dental problems
in early childhood with one in fifty children at 9 months and one in twenty at 3
years of age with a reported dental problem which resulted in the PCG seeking
child health care. Only 16 children had a dental problem at both time points.
CTA showed that certain psychosocial characteristics, sociodemographic
factors and measures of PCG and child health were key predictors of dental
problems in preschool children. Specifically, infant temperament
(Unpredictable) at 9 months and child health at 3 years were the most
significant predictors of dental problems. While the logistic regression analyses
largely supported these findings the CTA more clearly illustrated the complex

multilevel interactions among a greater number of predictors.

This study provided exploratory analyses of the GUI infant cohort (at age 9
months and age 3 years) which is the largest child population study in Ireland
covering key aspects of child health and development. Currently, national data
is limited on child dental health and preschool children were not included in
previous national dental surveys (Sagheri et al., 2013). To our knowledge no
study has previously investigated the association between the prevalence of
dental problems in preschoolers and health and psychosocial characteristics of
the PCG and child using CTA. On a national population basis this represented
approximately 2,000 infants age 9 months and 3,200 children age 3 years. This
was similar to trends reported in other countries (Slack-Smith, 2003, Declerck
et al.,, 2008). However, as our secondary analysis utilised a PCG reported
dental problem as opposed to, for example, clinically diagnosed ECC,
comparisons with other oral health indicators must be made with caution.
Prevalence rates for ECC in 2 to 5 year olds from other European countries
vary from approximately 6 to 28% (Baggio et al., 2015). The actual prevalence
of dental problems in our cohort is possibly much higher given that only dental
problems for which care was sought was recorded but not the actual outcomes

of the visit. It is widely acknowledged that early childhood dental problems are
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often neglected or not treated unless symptomatic (Sheiham, 2006, Slade,
2001).

The classification and assessment of important psycho-social variables is a
common task in analysing data from large cohort studies related to child
development. Typical statistical approaches include a univariate analysis and
construction of a global model using a regression technique to see how well, or
poorly, the parameters fit the model. The method of recursive partitioning in
CTA facilitates visual identification of complex relationships in a large number
of variables among subgroups of a population while not requiring the variable
form and distribution assumptions necessary for parametric techniques (Lemon
et al,, 2003). CTA model multilevel interactions while regression methods

largely assume that predictor variables act independently (Kuhn et al., 2014).

It is common when dealing with real problems such as medical or dental
classification that the datasets are imbalanced (Rahman and Davis, 2013). Our
study target variable involved a binary response with two classes where the
one of interest was underrepresented which is described as the minority or
positive class (Yap etal., 2014). Furthermore, the frequency of dental problems
in the dataset for 9 month old infants was less than 5% which is described,
statistically, as a rare event. Boosting and resampling techniques were applied
to attempt to address the class imbalance but did not greatly improve the
performance of either model. While class imbalance was greater in the 9 month
dataset the main objective was to generate a classification tree for description
of the characteristics affecting dental problems in the population subgroups.
Overall accuracy of the model at 9 months was high (88.8%) but the sensitivity
was low (31.2%) whereas the model at 3 years had high sensitivity (66.0%) and
accuracy (58.9%). Given the problems of dealing with class imbalance the
overall accuracy is often less useful an indicator of model performance than
sensitivity (true positive rate) and specificity (true negative rate). A relatively
high accuracy (88.8%) for the 9 month model belies the fact that the true
positive rate (correctly predicting a dental problem) was only 31.2%. This has
been referred to as the accuracy paradox, where the accuracy measure is high
but only reflects the underlying class distribution. This emphasises the
importance of reporting more performance indicators than accuracy alone. It
would generally be more desirable to have a relatively high sensitivity and
reasonably high accuracy to utilise the tree as a good predictive model
(Hausen, 1997).
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Social determinants and oral health problems are strongly related (Watt, 2007)
as is supported by the results at 3 years of age. However, these factors were
not significant predictors of infant dental problems at 9 months of age. Results
from the Victorian Child Health and Wellbeing Study (Renzaho and Silva-
Sanigorski, 2013) similarly found that socioeconomic factors were only
significantly related to child oral health status in older children aged from 4-7
years. While the parental factors most commonly investigated that were
associated with child oral health were sociodemographic there is an increasing
awareness of the importance of the PCG and child psychological, general
health and behavioural profiles as risk factors for ECC (Abreu et al., 2015). Our
results suggest that the experience of dental problems at 9 months of age
appears to be more related to infant temperament, use of a soother and PCG

depression score.

The regression model also identified those infants at 9 months of age with a
Fussy-difficult temperament as significantly associated with the prevalence of
dental problems. Similar findings were previously reported with regard to
increased prevalence of ECC and infants with a Difficult temperament (Spitz et
al., 2006, Aminabadi et al., 2014). It may be that infant behaviours associated
with a more Difficult temperament are interpreted as signs of hunger and those
infants are fed more frequently. Poor infant feeding habits including a high
frequency intake of ‘sugary drinks’ and ‘night feeds’ are high risk factors for
ECC (Abreu et al., 2015); although waking infants at night for feeds was not a

significant predictor in our classification.

Previous conceptual models have proposed that mothers with depressive
symptoms and high parental stress may contribute to oral health problems in
children through a number of pathways including early cessation of
breastfeeding, unhealthy eating practices, poor oral hygiene behaviour and
negatively affecting infant temperament (Kim Seow, 2012). The CTA (Figures
3.1 and 3.2) suggested that while PCG depression score was an important
predictor (level 1) for dental problems at 9 months (p<0.001) for 63% of the
sample population it was only a predictor at level 4 of the CTA when the infant
was 3 years old (p=0.05). Results of regression analysis also found that PCG
depression score was significantly associated with dental problems at 9 months
but not at 3 years of age. However, whether the PCG was “treated for
depression, anxiety or nerves” was a level 2 predictor (p=0.04) which split the
children at 3 years who were from a non-Irish, white ethnic background (node
4).
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It is important to note that as CHAID relies on contingency tables for calculating
significance tests, continuous or ordinal variables must be coerced into a
categorical form by binning. Thus, some continuous predictors were split by
the algorithm at different cut points not necessarily related to clinical
significance. For example, the CES-D depression score is a screening tool
(increased score indicating increased likelihood of depressive symptoms)
developed to measure depressive symptomology with “emphasis on the
affective component, depressed mood” (Radloff, 1977) and is not a clinical
diagnostic tool. Thus, CHAID does not determine the practical or applied cut-
point for the CES-D depression score but automatically splits subgroup at that
node according to the binning process. When the algorithm splits according to
a predetermined categorical, binary, cut-point such as a ‘depressed/not-

depressed’, then the actual score is not selected or coerced by binning.

The classification tree output at 3 years of age (Figures 3.3 and 3.4) showed
that child global health was the most significant predictor of dental problem
prevalence followed, at level 1, by PCG ethnicity and whether the child had a
hospital admission for injury. Although child global health was a second level
predictor at 9 months this was for a relatively small subgroup (node 7).
Evidence for an association between a child’s general and oral health continues
to strengthen (Sheiham, 2006) and adverse childhood experiences, including
psychosocial issues, are associated with poorer dental health (Bright et al.,
2015). Previous national studies have used PCG-reported child health as a
valid and ‘more holistic’ proxy measure for child health as defined by the WHO
(Shrivastava et al., 2014). The percentage of infants classified as “very healthy”
at 9 months of age was almost 83% while at 3 years of age this had reduced to
75%. As both the prevalence of dental problems and of children classified as
‘not very healthy” increased at 3 years of age this may explain why child global
health did not feature as a significant predictor at 9 months of age. The current
analysis strengthens the evidence for the association between overall child
health and oral health in a nationally representative sample of preschool

children.

In the current study, the “very healthy” children were split by PCG ethnicity and
the infants of those from a non-Irish white background had a significantly higher
prevalence of dental problems (8.4%) and this group was subdivided according
to PCG being treated for depression or anxiety, which had almost double the
rate of dental problems again (16.4%). It is not clear why this particular ethnic

group appear to be more at risk for early childhood dental problems, but it may
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be due to cultural differences related to caries risk factors such as diet, oral

hygiene behaviours or PCG oral health beliefs (Kim Seow, 2012).

While PCG education level was the predictor that split the remainder of the
“very healthy” subgroup it was difficult to interpret the results in a meaningful
way. However, it was not surprising that PCG education and ethnicity were
important components of the classification tree and regression analysis given
the strong correlation between these sociodemographic factors and early
childhood oral health (Abreu et al., 2015, Hooley et al., 2012b).

Results from the logistic regression analysis largely supported the results from
the CTA in that, child health, PCG education, ethnicity, household income and
family social class were significant factors (p<0.05) associated with reported

dental problems at 3 years of age.

It was interesting to note that only 16 of the infants who had a dental problem
at 9 months also had a dental problem at 3 years of age. While the nature of
the dental problem may differ at these ages the associated predictors also
varied with sociodemographic factors being more relevant at the older child
age. This underlined the importance of a life course approach to investigating
dental problems and using an exploratory analytical approach that can detect

multilevel interactions (Ben-Shlomo and Kuh, 2002).

The GUI study is representative of the Irish population and a key strength is the
range of detailed data collected that are useful in exploring predictors of dental
problems in preschoolers. As far as we are aware, this is the first nationally
representative study of this age cohort to investigate dental problems and
psychosocial factors using CTA. The use of a graphical display tree allowed for
easier visualisation of potentially important interactions and subgroups that
might not be discovered using a more traditional statistical approach.
Furthermore, as a non-parametric technique it is not restricted by the form and
distribution of the variables being explored and doesn’t require data

transformations to utilise heavily skewed data.

It is important to acknowledge that although the classification tree method is
useful from the clinician’s perspective there are a number of limitations such as
underfitting, overfitting and instability and the interpretation of the tree must be
carried out with a degree of critical awareness of what may constitute a
plausible relationship. The “oversensitivity” of CTA can cause small changes in

input data to result in large changes to the tree appearance as all node splits
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are dependent on the preceding splits (Kuhn et al., 2014). As indicated in
Section 1.7.2 decision tree models can be cross validated, to minimise
overfitting of the model, by dividing the sample into subsamples and trees
generated with the data from each subsample excluded in turn (Ho Yu, 2010,
Rokach and Maimon, 2009). A decision to manually stop splitting the tree or
prune the tree by deleting nodes also helps limit the complexity of the tree and

thus, reduce overfitting (Kingsford and Salzberg, 2008).

The data in the study is PCG-reported and consequently there is an increased
risk of recall bias and social desirability. Although the psycho-social variables
used are validated the study could be strengthened by including information
relating to the children’s dental condition. The outcome variable measured was
PCG-reported dental problem requiring a health-care or dentist visit, which
encompassed all oral health problems (including physiological problems such
as teething), dental trauma and early childhood caries. Furthermore, the actual
dental problems at 9 months of age can differ from those at 3 years of age
when the child has a more developed primary dentition and risk factors for ECC
are more likely to have an impact (Gussy et al., 2016, Wagner and Heinrich-
Weltzien, 2017).

3.5. Conclusions

This study provides a clear visual representation, using classification tree
analysis, of how PCG and child psychosocial and general health factors are
associated with early childhood dental problems, even before the primary
dentition is complete. The findings extend previous research by highlighting the
relative importance of some known predictors and recognising the
interconnected role of these factors in adopting an integrated multidisciplinary
approach to assist in formulating a coherent oral health policy. CTA appears to
be a useful, flexible and appropriate statistical approach to analysis of variable
interactions in a large population-based research study without requiring
particular distributional assumptions. Future research should focus on a life
course approach to understand the multiple pathways through which these
health and psychosocial factors in early childhood may impact on oral health

throughout life.
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Chapter 4. Weight status and
dental problems in early
childhood: classification tree

analysis of a national cohort

4.1. Introduction

Early childhood caries is the most prevalent dental problem in preschoolers
(Public Health England, 2013b), one of the most common causes of hospital
admission and the most frequent reason for unplanned general anaesthesia in
children (Gussy et al., 2006, Public Health England, 2013b). Obesity, defined
as an excess of body fat (Flegal and Ogden, 2011), is another growing concern
among preschool children. Body mass index (BMI) is frequently used to classify
adults as overweight or obese; however, classifying overweight and obesity in
children is complicated by age and gender specific differences (Flegal and
Ogden, 2011, Rolland-Cachera, 2011). For this reason, the International
Obesity Task Force (IOTF) defines childhood weight status based on BMI
centile curves that correspond to adult criteria from 2-18 years for males and
females (Cole et al., 2000). In Europe, 12-15% of preschool children are
classified as overweight or obese based on IOTF criteria (Ahrens et al., 2014).
Concerns around EEC and childhood obesity are heightened by the fact that
both are strong predictors of these respective conditions throughout the life-
course (Dye et al., 2015, Wake et al., 2008).

The preschool age is a particularly important period to minimise the risks for
dental caries and obesity (Chaffee et al., 2015) and the primary caregiver
(PCG) plays a key role in facilitating prevention through feeding patterns and
other behaviours (Wake et al., 2008, Gussy et al., 2006, Dye et al., 2004).
Obesity and dental caries share some common risk factors including food
choice, dietary intake patterns, diet quality and socioeconomic factors such as
PCG education and household income (Marshall et al., 2007b, Kantovitz et al.,
2006, Sheiham and Watt, 2000). Given the associations that exist between oral

health and general health interest is growing in using a common risk factor
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approach to investigate the multidimensional causes of dental and weight-
status problems, particularly in preschool children (Hooley et al., 2012a, Hooley
et al., 2012c, Hayden et al., 2012, 2015a). Although some studies have shown
a positive relationship between BMI and dental caries, others suggest that they
are weakly correlated and that different predictors may be associated with
dental caries at both high and low BMI levels (Hooley et al., 2012a, Kantovitz
et al., 2006, 2015a, Marshall et al., 2007b). Indeed, very few studies report the
oral health status of underweight children and often group underweight and
normal weight without considering differences in risk (Tramini et al., 2009,
Hooley et al., 2012a).

Data-driven methods are being increasingly proposed to empirically derive
dietary patterns associated with chronic disease (Krebs-Smith et al., 2015).
Methods that aim to uncover the relationship between independent variables
and a dependent variable are described as supervised learning. The
discovered relationship is typically presented as a classification or regression
model (Yoo et al., 2012). Thus, in Classification and Regression Tree Analysis
(CART) when the target (dependent) variable is continuous a regression
analysis is performed and when the target variable is categorical a classification
tree analysis (CTA) is carried out. Data mining techniques are invaluable when
analysing multidimensional data from large-scale survey microdata files as they
provide a means to identify novel diet-disease relationships and can help

establish inter-relationships between causal factors (Yoo et al., 2012).

With few exceptions, most national dental surveys tend to focus on children
aged 5 years and older. While nationally representative studies of obesity
prevalence in older Irish children are well documented (Keane et al., 2014)
there are few, apart from a National Preschool Nutrition Survey (Walton, 2012)
that relate to preschoolers. The “Growing Up in Ireland” (GUI) study is a large,
nationally representative cohort of 3-year old preschool children which does
contain data related to weight status and dental problems. The research in this
secondary analysis proposed to use a flexible analytical approach (CTA) to
explore the multilevel relations between weight status and dental problems in
this GUI cohort.
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4.2. Methods

Data used for this analysis was derived from the GUI study when the children
were 3-years old (Wave 2). BMI was calculated as weight divided by height
squared (kg/m?) and, for children, classified as overweight, obese, normal
weight or thinness according to the IOTF age and gender specific cut-offs for
3-year olds (Cole et al., 2000, Cole et al., 2007). Overweight and obesity for
children were also classified using the UK adaptation of percentile cut-offs from
the WHO Multicentre Growth Reference Study (MGRS) with overweight criteria
defined as a BMI between the 915 and 98" percentile while obesity was defined
as a BMI on or greater than the 98" percentile (Cole et al., 2012, Flegal and
Cole, 2013). LMS parameters were created using Cole’s LMS method (Cole,
1990) and PCG BMI was also categorised.

The dichotomous target variable was a PCG reported dental problem.
Attributes (independent variables) that were relevant to the target variable
(dependent variable) were selected for inclusion in the model based on findings
from Chapter 3. Dietary intake (Marshall et al., 2007b, Chaffee et al., 2015,
Harris et al., 2004) was assessed using a modified version of the Sallis-Amherst
Food Frequency Questionnaire from the Longitudinal Study of Australian
Children (LSAC) (Sallis et al., 2002).

Classification tree analysis was carried out using the following parameters in
either SPSS (v. 20.0: SPSS, Chicago, IL) or SPSS Modeler (IBM SPSS
Modeler v. 14.2: Chicago, IL) using the Chi-squared Automatic Interaction
Detection (CHAID) algorithm (Kass, 1980): maximum tree depth=5, parent
node=100, child node=50 and Bonferroni-adjusted chi-square statistic,

significance <0.05.

4.3. Results

4.31. Cohort profile

Five percent of 3-year olds had a dental problem. As is common in
investigations of health outcome the class distribution of the dataset was
imbalanced. The minority class was the positive instances of having “a dental

problem” and the negative response was the majority class.
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Table 4.1 describes the cohort characteristics, including anthropometric
measurements, child health and behaviours. Almost all of the self-identified
PCGs were female and the biological parent of the study child. Eighty five
percent were “Irish”. Using the IOTF cut-offs (Cole et al., 2000) the prevalence
of thinness and obesity were 5.7% each with an additional ~18% of children
being overweight. Using the WHO growth charts and BMI cut-offs, the

prevalence of obesity was 12.8% with an additional 18.5% overweight.
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Table 4.1 Weighted ~ Sample Characteristics, Growing Up in Ireland infant
cohort participants 2010/11 (Child 3-years of age).

Child PCG
Mean SD

Age (years) 29.6 (6.1)
Gender n % n %
Male 5024 51.3 161 1.6
Female 4769 48.7 9632 98.4
Anthropometrics Mean SD Mean SD
Weight (Kg) 15.27 (2.02)
Height (m) 95.48 (3.92)
Body Mass Index (Kg/m?)
Total 16.71 (1.61) 25.99 (5.16)
Male 16.99 (1.52) 26.98 (5.59)
Female 16.71 (1.61) 25.97 (5.15)
BMI Categories n % n %
Thinness IOTF 557 5.7 166 1.7
Normal IOTF 6685 68.3
Normal WHO 6464 66.0 4523 46.2
Overweight IOTF 1737 17.7
Overweight WHO 1815 18.5 2941 30.0
Obese IOTF 559 5.7
Obese WHO 1257 12.8 1655 16.9
Missing 256 2.6 508 5.2
Child health and behaviours n %
Dental Problems (in last 12 months) 493 5
Longstanding illness or disability 1543 15.8
Hospital admission (ever) 1569 16.1
Tooth brushing 2 or more per day 5107 52.2
Tooth brushing <2 per day 4685 47.8
Thumb sucking 765 7.8
Soother 3163 32.3
TV viewing 1 hour or less per day 3569 36.4
TV viewing 2 hours or less per day 3587 36.6
TV viewing 2 hours or more per day 2630 26.9
Socio-demographics n %
Ethnicity
Irish 8261 84.4
Non-Irish white 1018 10.4
Black 252 2.6
Asian 202 21
Other 54 0.6

Family Social Class
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Professional/Managerial 4553 46.5

Other non-manual/Skilled manual 3233 33.0
Semi-skilled/Unskilled 1061 10.8
Unclassified 947 9.7
Highest Education level
Lower secondary or less 1361 13.9
Upper secondary 3192 32.6
Non-degree 2080 21.2
Third level 3144 321
Mean SD
Equivalised Annual Income (€) 18,004 (10,997)

Data presented as mean and standard deviation (SD) or n and percentage.
"Sample weighting factors applied to statistically adjust the data to be more
representative of the population. IOTF, International Obesity Task Force; WHO,
World Health Organisation.

Table 4.1 (continued) Weighted = Sample Characteristics, Growing Up in
Ireland infant cohort participants 2010/11 (Child 3-years of age).

4.3.1. Dietary Intake

The frequency of food items consumed is reported in Figure 4.1. The majority
of children consumed water (~83.0%), full-fat milk/cream (~84.5%), full-fat
cheesel/yoghurt (~85.0%), cooked vegetable (~85.0%), fresh fruit (~89%), and
biscuits/doughnuts/cake/chocolate (~74%) once or more than once in the
previous 24-hours. Of interest, a considerable proportion of 3-year olds
consumed “un-healthy” foods including crisps (~47%), hot-chips (~28%), sugar

containing drinks (~30%), and sweets (~49%).
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Food and drink items

Fizzy drinks/minerals/cordial/squash (diet)
Tap water, still, sparkling
Skimmed/Semiskimmed milk or milk products
Full cream milk or full cream products

Low fat cheese/low fat yoghurt

Full fat cheese/low fat yoghurt

Raw vegetables or salad

Cooked vegetables

Fresh fruit

Crisps or savoury snacks

Hot chips or French fries

Hamburger, hot dog, sausage, meat pie
Fizzy drinks/minerals/cordial/squash (not diet)
Sweets

Biscuits, doughnuts, cake, pie or chocolate

Not at all
Once
More than once

| 73.2% | 11.4% | 15.3% |
| 17.1% | 13.3% | 69.6% |
| 88.5% +4"/{ 7% |
| 15.5% | 19.3% | 65.1% |
| 91.7% F.B#Bi{w
| 15.1% | 40.9% | 43.9% |
| 74.8% | 18.6% |6A6%|
| 15.2% | 48.7% | 36% |
| 10.8% | 29.9% | 59.2% |
| 52.8% I 39.1% | 7.9% |
| 71.7% | 26.3% 1|9}/6
| 63.7% I 32.2% |4%|
| 70.3% | 13.2% | 16.4% |
| 51.3% | 37.8% | 10.9% |
| 25.8% 52.3% | 21.8% |
0 ) 4o 80 8o 100

% consumptions

Figure 4.1 Food and drink items consumed in the previous 24 hours by the

Growing Up in Ireland infant cohort at 3-years of age. For example, almost 38%

of children consumed sweets once while almost 11% consumed sweets more

than once in the previous 24 hours.

4.3.2.

Classification Tree Analysis

CHAID analysis generated a CTA output as depicted in Figure 4.2 with 30

nodes, including 17 terminal nodes. Each node contains the number and

percentage of infants in each category for the dependant variable (dental

problem), the categories chosen by CHAID for the predictor variable and the

cut-off points for continuous variables. PCG ethnicity was the most important

predictor of the 3 year old child having a dental problem splitting the root node.

Twelve predictor variables were included in the final tree (Bonferroni-adjusted
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p<0.05). Two predictors appeared twice in the output, PCG BMI (nodes 2 and
5) and equivalised household annual income (nodes 3 and 4). A confusion
matrix (Table 2) produced performance metrics for the classification tree:

sensitivity 66.8%, specificity 58.5% and overall accuracy 58.9%.

The ethnic subgroups were split into 3 nodes with the highest prevalence of
dental problems (8.4%) among those children from a “non-lrish white”
background (Node 3). Node 1 contained almost 87% of the sample (Irish and
Asian ethnicity) with a 4.7% prevalence of dental problems. The tree output
from node 1 to nodes 22-24 delineated subgroups linking child BMI categories
with dental problems by the following predictors: PCG from an Irish/Asian
background (node1), the presence of a longstanding iliness or disability in the
child (node 5) and an overweight mother (node 13). The final predictor at node
13 was BMI classification of the child, which split into three terminal nodes
resulting in normal, overweight/missing and obese/underweight subgroups.
The highest dental problem prevalence (19%, n=17) was in those children in
this final subgroup who were obese or underweight (node 24). In addition, the
subgroup at node-1 who had a longstanding iliness or disability had a reported
dental problem prevalence of 7.0% while those with no iliness or disability had
a prevalence of 4.3% (node 4). The food variables included in the tree output
were water (level 3), low-fat cheese/yoghurt (level 4) and raw vegetables/salad,
fresh fruit and hot chips. Logistic regression failed to generate a significant
model (chi-square (6)=9.38, p=0.15).
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Dental problem age 3
Node 0

No: 95% | 9254

Yes: 5% | 488

Legend

PCG Ethnicity

Irish, Asian

Leaf node
% target split (count)

Black or

,other,
Node 1

No: 95.3% (8034)
Yes: 4.7% (400)

Any other White background
Node 3
No: 91.6% (907)

Node 2
No: 98.4% (313)
Yes: 1.6% (5)

Yes: 8.4% (83)

Equivalised annual income
Yes <32.74, kmissing> >32.74 <31,000 >31,000, <missing>
Node 4 Node 5 Node 6 Node 7 Node 8 Node 9
No: 95.7% (6744) No: 93.0% (1290) No: 99.6% (250) No: 94.0% (63)
Yes: 4.3% (303) Yes: 7.0% (197)

No: 92.8% (800) No: 83.6% (107)
Yes: 0.4% (1) Yes: 6.0% (4)
Equivalised annual income
<31,000 >31,000,

Yes: 7.2% (62) Yes: 16.4% (21)
Node 10

>24.9 Not at all, >once y£\ Once
No: 96.1% (5734)

Node 13 Node 14 Node 15
Yes: 3.9% (230) No: 90.5% (628)

Child longstanding illness
or disability?

No, <missing

O 11
No: 93.3% (1010)
Yes: 6.7% (73)

No: 95.5% (662)
Yes: 4.5% (31)

No: 93.5% (732) No: 86.1% (68)
Yes: 9.5% (66) Yes: 6.5% (61) Yes: 13.9% (11)

Low fat cheese / yoghurt

Often use a soother? Ehlldiinihospital

for accident or injury? C EL e

Never, o
’ Overweight, Obese,
| Once/ >once most of time Yes Normal <missing> underweight
Node 16 Node 17 Node 18 Mode 19 Node 20 Node 21 Node 22 e 23 Node 24
No: 96.4 % (5303) || No: 92.9% (431) | | No: 94.5% (736) | | No: 90.1% (274) No: 96.4% (531) || No: 92.3% (131) No: 90.0 % (404)
Yes: 3.6 % (197) /| Yes: 7.1% (33) Yes: 5.5% (43) Yes: 9.9% (30} Yes: 3.6% (20)

No: 97.4% (152)
Yes: 7.7% (11)

Yes: 10.0 % (45) Yes: 2.6% (4)

No: 90.9 % (72)
Yes: 19.1 % (17)

Raw vegetables or salad

Hot chips or french fries

Not at all, Not at alf; Once
<missing>. Once/ > once >once Once
Node 25 Node 26 Node 27 Node 28 Node 29 Node 30
No: 96.6% (4197) No: 94.5% (1106) No: 90.7% (303) No: 98.5% (128) No: 93.4% (578) No: 98.7% (157)
Yes: 3.1% (133) Yes: 5.5% (64) Yes: 9.3% (31) Yes: 1.5% (2) Yes: 6.6% (41) Yes: 1.3% (2)

Figure 4.2 Prevalence of reported dental problems by the Growing Up in Ireland infant cohort at 3-years of age among classification tree
subgroups, percentage (%) and number (n) in each class.
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Table 4.2 Confusion matrix showing selected performance measures for
Classification tree analysis of dental problem prevalence in the Growing Up in

Ireland infant cohort at 3-years of age.

Predicted
Percentage
Observed Dental Problem Measure
Correct
Yes No
Dental Yes 326 162 66.8% Sensitivity ?
problem
No 3839 5415 58.5% Specificity °
Overall percentage 58.9% Accuracy °

@Sensitivity = True Positive Rate = Number of True Positives/(Number of True
Positives + Number of False Negatives); ° Specificity = True Negative Rate =
Number of True Negatives/(Number of True Negatives + Number of False
Positives); © Accuracy = (True Positives + True Negatives)/(True Positives +

False Positives + False Negatives + True Negatives).

4.4. Discussion

This study used a CHAID classification tree as a method to classify the dataset
and identify relationships between the predictor variables selected and the
target variable (a PCG-reported dental problem requiring a visit to the dentist).
PCG ethnicity was the most significant predictor of dental problems in the CTA
model and the highest prevalence of dental problems in this study was among
children who were obese or underweight with a longstanding illness and an

overweight PCG.

This analysis was carried out using data from a nationally representative cohort
of 3 year old children, the largest child population study ever carried out in
Ireland, which includes a wide range of PCG and child health and development
characteristics. CTA is a non-parametric method which handles nominal and
numeric input and classification trees are ideal for representing complex
interactions (Yoo et al., 2012). The output produces a visualisation of all the
significant interactions with the target variable at multiple levels and can,

potentially, uncover subgroups that might not be discovered using other data
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methods. Classification and decision trees can also handle data with missing

data and errors (Maimon and Rokach, 2005).

However, there are limitations in interpreting main effects (Maimon and
Rokach, 2005). Given the hierarchical nature of recursive partitioning CTA has
an inherent instability to small changes in the learning data. Overfitting of the
model is a known problem in CTA and this can be guarded against by using
cross-validation which splits the dataset into a training portion and test portion
before estimating an average misclassification risk (Yoo et al., 2012). The
problem of handling imbalanced class distributions when investigating health
outcomes is discussed in the next section. While dental caries is the most
common dental problem at this age the survey did not include a report of the
outcome of the dental visit. However, it has been shown that dental disease
and treatment need of young children are associated with parents’ perceptions
of their children’s oral health status (Talekar et al., 2005). This study was based
on a cross sectional rather than longitudinal analysis of the infant cohort from
the GUI survey. The data is reliant on PCG reporting and this is subject to recall
bias and social desirability, particularly in relation to reporting of food and drink

perceived as ‘healthy’ or ‘unhealthy’.

It is important to understand both the type of data mining algorithms available
before applying them and evaluate the quality of the input data selected to avoid
the risk of adopting a “black-box approach” (Breiman, 2001). This analysis used
CHAID which uses Bonferroni-adjusted significance testing and can be used
for prediction or classification and interaction between variables (Yoo et al.,
2012). While the results of our CTA were exploratory they identified certain
characteristics previously suggested as risk factors or risk indicators for both
obesity and dental caries (Harris et al., 2004, de Onis and Lobstein, 2010,
Hooley et al.,, 2012a). The study supports recent views that data driven-
outcome dependant methods such as CTA are potentially useful for
investigating dietary components or patterns most associated with a health
outcome and are a valid, non-parametric, alternative to logistic regression
analysis (Krebs-Smith et al., 2015).The results of this analysis must be
cautiously interpreted by gauging the model performance (Table 4.2) and
understanding the limitations of both the data structure and classification tree
algorithms. An imbalanced class distribution has been characterised as “one
that has many more instances of some classes than others” (Sun et al., 2007).
CTA of imbalanced data sets tends to result in high predictive accuracy for the

majority class and low accuracy for the minority class. The algorithms generally
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favour high overall classification without any regard for individual class
significance (Maimon and Rokach, 2005). In most health outcome
investigations, including dental problems, the correct classification of the
minority class is of greater interest or value than that of the majority class. The
confusion matrix (Table 2) shows the results of the actual and predicted
classifications carried out by CTA. The metrics calculated include sensitivity or
recall (66.8%) which is the proportion of actual positive cases correctly
predicted by the model and specificity (58.5%) which is the proportion of actual
negative cases correctly identified by the model. The overall accuracy (58.9%)
indicated the proportion of the total number of correct predictions. Logistic
regression did not perform well as a classifier and none of the same input
variables were significant in the final regression model. To be suitable as a
prediction model for targeting risk it has been suggested that both sensitivity
and specificity should be 80% or the sum be at least 160% (Hausen, 1997).
While the CTA model performed well compared to logistic regression as a
classifier the metrics achieved would not be sufficient to consider it appropriate

for prediction or prevention at the level of the individual.

The partitioning variable at the first level of the classification tree was PCG
ethnicity while at the next level the most significant predictors of dental
problems were the child having a longstanding illness, PCG BMI and household
income. It has been reported that trends in overweight and obesity differ among
different ethnic groups, even at the early preschool age, and that this cannot
be explained by variations in household income (Karlsen et al., 2014). Similarly,
the disparities in dental caries prevalence between different ethnic groups
is not fully explained by social inequalities (van der Tas et al., 2016).
Surprisingly, ethnicity has been used as an independent variable in relatively
few studies of dental caries in children while the PCG education level, although
it was not a significant predictor in our CTA model, has been consistently shown

to be an important risk factor for caries in children (Harris et al., 2004).

While overweight and obesity dominate the focus of recent research with
children, it is also important to consider underweight (thinness) in early
childhood as a condition related to poor health outcomes. There is some
evidence to suggest that dental caries may be associated with children who are
underweight and suffer with slow growth due to pain on mastication (Hooley et
al., 2012c, Sheiham, 2006, Tramini et al., 2009). The results (Table 4.1)
showed a similar prevalence of underweight and obese children. A small

subgroup (node 24) of children which combined obese and underweight
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categories had the highest prevalence of dental problems (19%) in the sample.
This group were predominantly Irish with a longstanding illness and had an
overweight PCG. It should also be noted that normal weight children (node 22)
in this group had a dental problem prevalence of 10%; approximately half that
of the obese/underweight group, but double that of the overall sample. This
finding of itself highlights the interconnected nature of weight status, dental
problems and general health and reinforces the importance of adopting a
common risk factor approach when dealing with prevention of these diseases
(Sheiham and Watt, 2000, Peres et al., 2016). However, while of interest in
classifying this dataset, it is important to be cautious when interpreting these
subgroups identified by CTA as hierarchical splitting means that they are
mutually exclusive. Furthermore, successful targeting of high risk population
subgroups for problems with both weight status and dental health would require

a risk prediction model with both high sensitivity and specificity.

The prevalence of PCG-reported dental problems requiring a visit to the dentist
was 5% which may be an under-estimation given that dental problems are often
not treated in the preschool years unless symptomatic (Sheiham, 2006). This
age is a pivotal period for development of both obesity and dental caries as
patterns of eating behaviour that predispose to later development of these
conditions are established (Wake et al., 2008, Dye et al., 2004, Hooley et al.,
2012c). The prevalence of overweight or obesity in 3 year old children
determined by IOTF cut-offs was approximately 23% which was similar to
previous reports (Walton, 2012). Almost 47% of PCGs were overweight or
obese and it is well established that parental overweight and obesity increases
the risk of a child becoming overweight (Lobstein et al., 2015). There are
limitations in using BMI as an indirect measure of “fatness” particularly with
respect to children (Rolland-Cachera, 2011) and it is important to note that
there is no reference population in Ireland for grading BMI. In the CTA, the
IOTF classification was used as the more conservative estimate of obese
children with a higher cut-off threshold. The FFQ adopted for the GUI survey
was a modified dietary screening recall and provided an indication of types and
frequency of foods consumed. While PCG-reported measures of foods
consumed on a single occasion may be useful in differentiating patterns of food
intake it does not provide a good estimate of usual daily consumption and
cannot accurately capture total energy or total nutrient intake (Magarey et al.,
2011). Preschool children with unhealthy eating habits have an increased

likelihood of experiencing dental caries (Dye et al., 2004). While obesity and
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dental caries are both diet-mediated diseases it is clear that sugars are required
in the diet for dental caries to occur (Peres et al., 2016) whereas a high
consumption of energy dense foods including sugars and saturated fats are
linked with obesity (Hayden et al., 2012, Lobstein et al., 2015). Fundamentally,
obesity occurs due to an energy imbalance between calories consumed versus
those expended over a period of time (Marshall et al., 2007b, Lobstein et al.,
2015). Approximately 74% of the children in GUI consumed biscuits,
doughnuts, cake, pie or chocolate at least once or more than once in a 24- hour
period (Figure 4.1). Almost half of the children ate sweets and 30% drank non-

diet fizzy drinks, minerals, cordials or squash at least once or more than once.

Further research should be focussed on maximising the quality of food intake
data by augmenting the GUI survey data with more reliable dietary intake
values from a national nutritional database (See Section 5). Inclusion of more

detailed oral health measures should also be considered.

4.5. Conclusions

The highest prevalence of dental problems in this study was among children
who were obese or underweight with a longstanding illness and an overweight
PCG. Societal changes may require renewed focus on oral health policies to
focus on minority groups and CTA is a novel approach for exploring large
survey data and health-related outcomes. The common risk factor approach
may be a pragmatic means of developing shared modifiable strategies for

prevention of both dental and weight problems.
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Chapter 5. Data mapping
protocols to augment the
quality of reported food intake
data in a short food

questionnaire

5.1. Introduction

Exploring potential diet-disease relationships requires an accurate estimate of
food intake. The difficulties associated with measuring diet are well
documented (Foster and Adamson, 2014, Biro et al., 2002, Faber et al., 2013,
Thompson and Subar, 2013, Satija et al., 2015). Collecting accurate and
detailed dietary intake data is costly at a national level, therefore, dietary
assessment tools are often modified or limited accordingly (Faber et al., 2013,
Golley et al., 2017). While all dietary assessment methods are prone to
measurement error (Carroll et al., 2012, Thompson and Subar, 2013) there are
a number of factors to consider when selecting the most appropriate method,
particularly for young children where the primary caregiver (PCG) usually
provides a proxy report of food intake (Magarey et al., 2011). Firstly, it is
important to consider which aspects of the diet are of interest such as specific
foods, episodically consumed foods, or total food and nutrient intake, while
study design and objectives will also influence the method selected (Table 1.4).
In large-scale cohort surveys dietary intake is often assessed to either describe
usual intake distributions or estimate the relationship with a particular health

outcome.

Food Frequency Questionnaires (FFQ), 24 hour recalls, multiple-day food
diaries (FD) or records, diet histories, and biomarkers are some of the most
commonly used methods to assess dietary intake (Golley et al., 2017, Shim et
al., 2014, Biro et al., 2002, Rutishauser, 2007, Thompson and Subar, 2013).
Smaller studies tend to use prospective methods such as the detailed weighed

FD over a number of days or weeks which can estimate the distribution of
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habitual intake of a group (Rutishauser, 2007). Despite having limitations, the
weighed FD method is considered the “standard” reference for relative
validation in nutritional research (Satija et al., 2015, Taren et al., 2006). In
addition to the self-report methods described, there are a number of dietary
biomarkers that reflect nutrient and food intakes; for example, serum vitamins,
blood lipids and urinary electrolytes (Jenab et al., 2009, O'Sullivan et al., 2011).
Comprehensive reviews of the different methods and their limitations and
strengths have been widely reported (Foster and Adamson, 2014, Biro et al.,
2002, Faber et al., 2013, Thompson and Subar, 2013, Satija et al., 2015, Shim
et al., 2014, Moynihan et al., 2009).

A FFQ is the most widely used dietary method for epidemiological studies and
this is sometimes further modified in terms of time-frame, food items and
estimation of quantity (Golley et al., 2017). However, the data generated is
limited, particularly if key foods are omitted and minimal consumption
frequencies recorded. For example, even relatively simple descriptive analysis
of “unhealthy” food intake data can be compromised and bias our
understanding of the potential association with chronic disease (Kirkpatrick et
al., 2014, Thompson and Subar, 2013). Furthermore, measuring habitual food
intake has a number of inherent issues such as self-selection, social desirability
bias and selective underreporting of specific foods (Lissner, 2006, Magarey et
al., 2011, Thompson and Subar, 2013). Short Food Questionnaire (SFQs) are
increasingly used in national cohort surveys to measure aspects of dietary
intake, however, publications rarely report details of relative validation or

measurement error (Golley et al., 2017).

An “unhealthy” diet is a major factor that contributes to obesity, diabetes,
cardiovascular disease and poor oral health (Anderson et al., 2016, Lobstein
and Davies, 2009). Sugar intake is the most important risk factor for dental
caries. Sugar containing foods and drinks are also targeted as a means to
reduce total energy intake and therefore help control body weight and obesity
(Te Morenga et al., 2013, World Health Organization, 2015, Moynihan and
Petersen, 2004, Moynihan, 2016). Socioeconomic status is another common
risk factor for dental caries and obesity (Public Health England, 2015a).
Therefore, it makes sense to adopt a common risk factor approach to address
both conditions, given the limited public health resources available (Chi et al.,
2017, Public Health England, 2015a, Sheiham and Watt, 2000). Although there
is a lack of good quality dietary data for preschool aged children (Amezdroz et

al., 2015, Chankanka et al., 2015) there is evidence that total and free sugar
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intakes in most developed countries exceeds the population dietary guidelines
and the WHO recommended thresholds (World Health Organization, 2015).
Free sugars include monosaccharides and disaccharides added to foods and
beverages by the manufacturer, cook or consumer, as well as sugars naturally
present in honey, syrups, fruit juices and fruit juice concentrates (World Health
Organization, 2015). Recent studies have also indicated that this early
preschool period may be a critical opportunity for early intervention to promote
healthy growth, body composition and dental health. In particular, studies show
that early changes in dietary behaviour can result in remineralisation of non-
cavitated early lesions in teeth (Johnson et al., 2016, Gussy et al., 2016).
Similarly, although there is a paucity of studies at this age, multicomponent
programs to prevent or treat childhood obesity, particularly with parental
involvement, have successfully impacted on pre-school child weight (Bluford et
al., 2007).

GUI is a nationally representative longitudinal study of infants in the Republic
of Ireland which used a SFQ (with no portion sizes) to assess the intake of
“healthy” and “unhealthy” food and drink by 3-year old preschool children (Sallis
et al.,, 2002, Quail et al.,, 2011). The NPNS provides the most accurate
estimates available for dietary intake of young children in Ireland (Irish
Universities Nutrition Alliance, 2012) using a detailed 4-day weighed FD. This
chapter describes a method that can be used to link matched datasets to
improve the quality of dietary data collected using SFQ’s in large cohort
surveys. It illustrates the application of this method using two national surveys:
i) GUI, which collected food consumption data using SFQs and ii) NPNS, which
collected food consumption data using a weighed FD. We report foods that
were covered or non-covered by the SFQ in GUI relative to the detailed dietary
assessment in NPNS. In this study the NPNS food database was used as the
“reference standard” to map onto the larger national cohort survey and create
an augmented food intake database. This study adds to previous reporting of
the risk involved when selecting brief SFQs for large studies which may be less
costly and less burdensome than detailed methods but increase the risk of
attenuating the relationship between dietary factors and health outcomes
(Faber et al., 2013, Golley et al., 2017, Shim et al., 2014, Taren et al., 2006).
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5.2. Methods

This research utilised data collected as part of two nationally representative
studies: the second wave of the GUI infant cohort longitudinal survey and the
NPNS cross-sectional study. The second wave of the GUI infant cohort were 3
years of age at the time of interview (n=9,793). The NPNS had a total sample
of 500 children aged 2-4 years; but only the 3 year olds were included for this

analysis (n=126).

In the GUI study, dietary intake was assessed using a SFQ, previously used in
the Longitudinal Study of Australian Children (LSAC), to characterise healthy
and unhealthy food intake (Sallis et al., 2002). No information on food portion
size was recorded. A 4-day weighed food record was used in NPNS to collect
food and beverage intake data (Irish Universities Nutrition Alliance, 2012). In
total, there were 1,652 different food codes in the NPNS and each food was

also assigned to one of 77 food group categories.

Data files were imported from SPSS (v. 20.0: SPSS, Chicago, IL) or converted
to .csv format before importing to R (version 3.2.2) for linkage and analysis
(Appendix). The NPNS Food group categories (n=77) were used for this
analysis and other variables such as food name, cooking method, day of
consumption, meal-type and food description were also selected. A
unidirectional mapping procedure (Figure 2.3, Section 2.6.3) was carried out

using a shallow natural language processing (NLP) approach.

All food categories in NPNS were sorted, grouped and filtered to facilitate easy
mapping whereby all GUI food groups were filled with information from the
NPNS food datafile and consolidated into a single augmented database. The
augmented data were analysed to examine all food groups described in NPNS
and GUI and what proportion of foods were covered, non-covered or partially-
covered by GUI food groups relative to the NPNS database which included a
more detailed dietary record. The term non-covered indicated a specific food
consumption that could not be mapped using a GUI food code, i.e., the food in
NPNS is not matched by the same food in GUI. Examples of both the food
intake entries for a subject on a survey day (Table 2.2) and the manual mapping
process illustrating partially-covered GUI food categories (Figure 2.4) are

shown in Section 2.6.3.

The initial aggregation was done at the subject and survey day levels meaning

that for each subject and each day of the survey an aggregated record was
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obtained. The analysis treated each day of the 4 days in NPNS as an
independent day. The mean daily intake amount (g/day) and the frequency of
each food consumed was calculated for each NPNS participant, by summing
the amount of all food consumptions a subject consumed per food group,
averaging across the four days for each subject and then calculating the total
sample average. Frequency was estimated by summing the total number of
times the food appeared in the diary and dividing by four, i.e. the number of

days in the survey.

Estimates were also derived for the percentage of consumptions per subject
per day for each NPNS food group that was non-covered as a percentage of
the total number of consumptions. A similar ratio was calculated for the
percentage amount of food items non-covered over the total amount of food
consumed per day. The total number of times when a non-covered food was
consumed (total consumption frequency per day) and the total food amount
(g/d) of a non-covered food was calculated. The ratio of the frequency of
consumption of non-covered food over the total food frequency was
determined. A similar ratio was determined for the amount of non-covered food
consumed over amount of total food consumed. The frequency distributions of
the ratio of consumption frequency and amount of non-covered food consumed
divided by the total food consumed were displayed as histograms. Using a non-
parametric density estimation, the distribution of the proportion of non-covered
food consumed each day of the week was displayed graphically using kernel
density plots and tested formally using the Wilcoxon rank sum test (p<0.01)
(Dalgaard, 2008).

Further details are included in Section 2.6.5. and Appendix A.

5.3. Results

The unidirectional mapping protocol (Figure 2.3, Section 2.6.3) created an
augmented food database which was then aggregated to produce quantitative
metrics to assess how well the SFQ in GUI performed in matching a detailed

national food database for the same age cohort in NPNS.
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GUI Database NPNS Database

. Anthro- Socio- . Meal Anthro- Socio- Cooking Food
SHiEEilD pomorphic| i (e €z SR Day number |pomorphic|E o o G Method | Weight
1 4 Once > Once None A 1 ! 8 1023 65 509
A 1 2 3 459 37 80g
2 3 None Once > Once A 2 1 3 1023 65 409
\ J A 2 2 3 459 37 80g
) A 3 1 3 201 30 509
A 4 1 3 1023 65 709
v A 4 2 3 201 37 509
GUI Food Deserintion B 1 1 2 201 37 509
Code P B 1 2 2 459 37 809
C25A Fresh fruit
C25B Cooked vegetables
9 Feature
selection [~
NPNS Food Code Description Name Cooking Method
Manually
17377 Other beverages Water, distilled Not Cooked < mapped
_ S— and
11453 Rice & pasta, Spaghetti, white, Combination > shallow
flours, grains & boiled \ ] Natural
Language
Food Processing
»| Mapping
Process
NPNS Food Cooki <
00 e ooking
Code Description Name Method GUI Code
17377 Other | \yater, distilled | Not Cooked CosK |
beverages
Rice & pasta, Spaghetti, - Y
11458 flours, grains &| white, boiled Combination EOmanEEs
» Merging [«
" Meal Anthro- Socio Food | Cooking Food
SubIEC Day number | pomorphic [Economic, Code | Method CElicore Weight
A 1 1 3 1023 65 C25A 509
A 1 2 3 459 37 Unmapped 80g v
A 2 1 3 1023 65 409
A 2 2 3 459 37 Unmapped 80g Augmented
A 3 1 3 201 30 C25F 50g D
atabase
A 4 1 3 1023 65 C25A 709
A 4 2 3 201 37 C25F 509
B 1 1 2 201 37 C25F 509
B 1 2 2 459 37 Unmapped 80g

Figure 2.3 Flow diagram showing data processing steps for unidirectional
mapping of GUI food codes with NPNS food codes. GUI: Growing Up in Ireland;
NPNS: National Preschool Nutrition Survey. Feature selection identified
variables from both GUI and NPNS databases that were desired, e.g.
socioeconomic class, cooking method, food weight. All GUI codes were
manually mapped with food categories from NPNS, e.g. NPNS food code
17377 mapped to GUI code C25k; NPNS food code 11453 was unmapped and

this created a non-covered food group.

Characteristics of both the NPNS and GUI surveys are presented in Table 5.1.
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NPNS GUI
Sample size (n) 126 9,793
Subject age 3 years 3 years
Nationally representative Yes Yes
Date of survey Oct 2010-Sept 2011 Dec 2010-July 2011
Food measurement 4-day weighed food Short frequency
instrument diary questionnaire

Table 5.1 Comparison of survey characteristics of National Preschool
Nutritional Survey (NPNS) and Growing Up in Ireland (GUI) national infant

cohort survey.

The frequency and amount of food consumed that was not mapped by the GUI

survey is depicted in Figures 5.1a and 5.1b, respectively.

The histograms represent the distribution of the ratio of consumption counts
(Figure 5.1a) or amount (Figure 5.1b) of food items consumed per person per
day in NPNS that were not covered by the mapped GUI database divided by
the total number of consumptions or amount, respectively, per day. For
example, the ratio of consumption counts is the number of food consumptions
non-covered by the mapped GUI model divided by the total number of food
consumptions in any given day. The overall pattern of the distribution of
percentage consumption frequency was symmetrical while the shape of the
distribution for percentage food amount was skewed slightly to the right. The
mean (SD) for consumption frequency was 44% (12%) and for consumption
amount was 34% (15%). As some food codes in NPNS were partially mapped
by GUI the % of coverage was estimated for all foods. For example, other fruit
in NPNS was partially mapped to GUI and approximately 63% of this food group

was non-covered.

A selection of the most commonly consumed non-covered (by GUI) food items
during the NPNS 4-day period is displayed in Table 5.2. Food items rich in
sugar that were non-covered included RTEBC, fruit juice, sugars, syrups,

preserves and sweeteners and ice-cream.
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Figures 5.1a and 5.1b Food frequency and consumption weight non-covered
by GUI survey representing the distribution of the ratio of consumption counts*
(Figure 5.2a) or weight (Figure 5.2b) of a food item consumed in NPNS that
were non-covered by the mapped GUI data model. *number of food
consumptions non-covered by the mapped GUI model divided by the total

number of foods consumed in a given day.
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Table 5.2 Number of Eating Occasions (EO), Food amount (g/day) and Standard Deviation (SD) of selected non-covered food items in augmented food

database.

Food wt

EO (g/d)
Food group description Number Mean SD
RTEBC 351 31 17
White sliced bread and rolls 239 61 34
Other spreading fats 224 8 5
Wholemeal and brown bread and rolls 192 50 29
Fruit juices 190 173 123
Soups, sauces and miscellaneous foods 190 52 71
Potatoes 163 79 46
Sugars, syrups, preserves and sweeteners 158 12 13
Bacon and ham 148 30 25
Rice and pasta, flours, grains and starch 131 86 57
Supplements 124 106 60
Meat products 95 52 43
Butter 90 9 8
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Ice creams 89 57 25
Beef and veal dishes 88 129 82
Chicken, turkey and game 87 44 26
Other breakfast cereals 83 130 83
Eggs and egg dishes 64 60 30
Fish and fish products 62 62 32

The distribution of the proportion of non-covered food (frequency of consumption and amount, g/d) by the day of the week is displayed in Figure 5.2a

and Figure 5.2b as density estimates

118



SUN
MON
TUE
WED
THU
FRI
SAT

OO0E0OEeENm

Density

0.0 0.2 0.4 0.6 0.8 1.0 1.2

Ratio of non GUI food count

SUN
MON
TUE
WED
THU
FRI
SAT

O0EOeEm

Density

0.0 05 10 15 20 25 3.0

-0.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2

Ratio of non GUI food weight

Figures 5.2a and 5.2b Food frequency and consumption weight non-covered
by GUI survey by the day of the week representing the distribution of the ratio
of consumption counts (Figure 5.2a) or weight (Figure 5.2b) of a food item
consumed in NPNS that were non-covered by the mapped GUI data model

over the total food covered.
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The distribution of the ratio of non-covered food to total food varied according
to the day of the week. The distribution patterns on Friday and Sunday
appeared to have some differences from the other days with a shift of the
distribution to the right for Friday and an increased “tail” on Sunday.
Permutation tests were carried out which omitted one day from each test while
retaining all the others which suggested that the distributions for each day of
the week were significantly different from each other, p<0.01 (except Monday

for consumption frequency and Sunday and Monday for consumption amount).

5.4. Discussion

Substantial progress has been made in assessing and interpreting dietary
intake data (Taren et al., 2006, Satija et al., 2015). However, as emphasised in
a recent systematic review (Golley et al., 2017) there is a need to provide
guidance on which questions to utilise to measure children’s food intake and
this will depend on the research focus and study sample. The aim of this
analysis was to develop a mapping procedure that allowed for detailed dietary
data from a matched cohort to be mapped to simple data from a large cohort
with the aim of improving the quality of dietary data in large cohorts and
therefore improve the capacity to identify diet-disease relationships. In doing
so, it was possible to evaluate the performance of a SFQ compared to the “gold

standard” FD for estimating food and nutrient intakes.

Rather than report the average weight or frequency of food consumed the
proportion of these metrics as a percentage of the total food consumed was
estimated to illustrate how much of the foods from the detailed NPNS were
covered or non-covered by the SFQ used in the GUI survey. As illustrated in
Figures 5.1a and 5.1b, there was a wide spread of the distribution with the
average consumption frequency of foods not covered by GUI ranging from 22-
56% while average consumption amount of non-covered foods by GUI ranged
from 19- 49%. Thus, the SFQ in GUI did not capture a substantial portion of
habitual food consumption (as estimated by a 4-day weighed food diary in a
similar population) by 3 year olds in Ireland. When evaluating the relative
validity of any dietary assessment tool it is important that the test method and
reference method measure the same underlying concept over the same time
period (Golley et al., 2017). The approach here was to use the reference

method (4-day weighed FD) to map the food groups in the test method (SFQ).
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The SFQ used in GUI was not designed to capture habitual food intake but
reflected what is often used in large scale-interdisciplinary surveys (Thompson
and Subar, 2013).

While it is thought that questions in a SFQ are more likely to be reliable than
accurate (Golley et al., 2017) there is less detailed knowledge of the type of
measurement error with SFQs than other more detailed instruments
(Rutishauser, 2007). While SFQs are obviously appealing to include in a survey
to measure dietary intake these brief screeners tend to be widely used without
relative validation (Golley et al., 2017, Rutishauser, 2007, Kirkpatrick et al.,
2014). The lack of accurate estimates of dietary intake may lead to biased
determinations of relationships between for example, consumption of
“‘unhealthy” food and weight status or sugar consumption and dental caries.
Other researchers have highlighted the benefits of combining information from
multiple surveys to gain and augment estimates of parameters lacking in
individual surveys (Schenker and Raghunathan, 2007, Slack-Smith, 2012).

While this data analysis was carried out retrospectively these results highlight
the importance of selecting the most appropriate dietary assessment
instrument given the study design, resources and objectives. However, the
protocol described here could be applied in other scenarios, particularly post-
hoc interdisciplinary studies, to link datasets for further analysis. Where
knowledge of habitual dietary intake is required it may be possible to plan the
alignment of a national cohort with a similar population sample nutritional
survey to maximise the value of data extraction. The use of data linkage and
other techniques such as integrated health modules within longitudinal surveys

should be explored.

Inappropriate feeding patterns of “unhealthy” or “sugar rich” food and drink
appear to start as young as 6 months of age (Johnson et al., 2016, Amezdroz
et al., 2015, Chaffee et al., 2015) and tend to increase as the child moves to
solid foods in the first few years of life (Johansson et al., 2010). It would appear
reasonable to use a SFQ focussed on capturing “unhealthy” food intake in a
national cohort survey. However, results presented here highlight the lack of
capture of some foods and drinks rich in sugar (Table 5.2) and commonly
implicated in causing dental caries. As analyses of large cohort child surveys
are commonly used to inform key public health policy-related issues such as
oral health or childhood obesity services it is important that appropriate dietary

information can be extracted to maximise the full potential of these studies. As
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well as the lack of appropriate questions in the SFQ to capture these items,
day-to-day variation can also contribute to insufficient estimation particularly as
habitual intake of food and drinks rich in added sugar has been reported to be
higher at weekends compared to weekdays (Svensson et al., 2014). In our
analysis, some differences were noted in the distribution of both amount and
frequency of consumption of non-covered food on Friday and Sunday
compared to other days of the week (Figures 5.3a and 5.3b) but most days of

the week showed significant differences using the permutation test.

Although the results highlight key shortfalls of the GUI SFQ, it is important to
acknowledge that the GUI survey was not designed to report detailed dietary
intakes per se but to use a brief screener-type SFQ which collapsed food
groups into what was considered “healthy” and “unhealthy”. The categorisation
could potentially introduce bias as PCGs may under or over report due to social
desirability of what are perceived as ‘“healthy” and “unhealthy” foods.
Compared to other food mapping algorithms such as free sugar estimation
(Louie et al., 2015) the mapping protocol in this analysis contained a low risk of
subjectivity as the degree of detail included (e.g., cooking method and detailed

food description) facilitated accurate mapping to match the GUI food codes.

5.5. Conclusions

This data analysis protocol provided a method for further mapping of national
cohort surveys and food databases for other age cohorts. Through mapping
the food codes in this manner and estimating the degree of non-covered food
it was possible to visualise the relative performance of the brief dietary
instrument compared to the more detailed one especially in capturing specific
food types, e.g., high sugar foods. The SFQ did not capture a substantial
portion of habitual foods consumed by 3 year olds in Ireland. Researchers
interested in focussing on specific foods, such as those high in sugar, could
use this approach to easily assess the proportion of foods covered, non-

covered or partially-covered by reference to the mapped food database.
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Chapter 6. Patterns of selected
cariogenic food and drink
intake in preschool children:
linking data from two national

surveys

6.1. Introduction

The importance of nutrition in infancy and childhood is well established. Early-
life dietary interventions can reverse growth faltering and improve cognitive
development (Bhutta et al., 2013). Despite the evidence that describes the
impact of nutritional interventions during critical periods (Bhutta et al., 2013),
few seem to realise that choice of foods and drinks in infancy and childhood
can also influence the initiation, progression and reversal of early caries lesions
(Selwitz et al., 2007, Lingstrom, 2009, Moynihan and Petersen, 2004). This is
significant given the fact that ECC, the 10™ most common chronic disease of
childhood (Kassebaum et al., 2015), is associated with general health and
wellbeing and impacts significantly on quality of life (Gussy et al., 2006,
Johnson et al., 2016). Inappropriate consumption of cariogenic food and drink
(CF) is a key determinant of ECC (Chankanka et al., 2015, Marshall et al., 2005,
Chaffee et al., 2015, Tinanoff and Reisine, 2009, Dye et al., 2004, Marshall et
al., 2007b). The carious process occurs through the metabolism of fermentable
dietary carbohydrates at the plaque-biofilm interface resulting in localised
demineralisation and destruction of enamel and dentine over time (Selwitz et
al., 2007, Bradshaw and Lynch, 2013). Therefore, foods and drinks such as
confectionary, carbonated beverages, squashes, cordials, fruit juice drinks,
cakes and biscuits are considered potentially cariogenic (Moynihan, 2002).
Excessive intake of these food groups is also associated with overweight and
obesity-related disorders (Hooley et al., 2012a, Marshall et al., 2007b, Amine
et al., 2002).
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Meal frequency and the amount of sugars or CF are strongly related (Moynihan
and Petersen, 2004) but there is still debate about which plays a more dominant
role in dental caries progression (Diaz-Garrido et al., 2016, Moynihan and Kelly,
2014). Recently, Diaz-Garrido and co-workers (2016) examined, in vitro, the
effect of increased frequency of sucrose exposure on the cariogenicity of a
biofilm-caries model and concluded that even one daily exposure to sugar can
initiate a carious lesion. Additionally, dietary studies have shown that children
with a history of snacking once or more per day or children who consume
sweets a minimum of once a day have higher rates of dental caries (Abreu et
al., 2015). However, while we know there is a strong relationship between CF
intake and dental caries in young children (Chaffee et al., 2015, Dye et al.,
2004, Johansson et al., 2010, Marshall et al., 2005, Llena and Forner, 2008)
the importance of the pattern of intake of CF (frequency x amount) for ECC has
not been fully elucidated (Burt et al., 1988, Sheiham, 2007, Chankanka et al.,
2015, Johnson et al., 2016). Given the changing and dynamic nature of dietary
habits in preschool children it is important to develop a better understanding of
the pattern of CF intake; for example, are CF foods typically consumed as
components of main meals or snacks, and are they consumed with other CF
items? Also, food consumption surveys typically report mean daily intakes for
nutrients and foods rather than amounts per eating occasion (EO). Establishing
what the threshold is for the number of “exposures” to CF per day or the amount
per EO required to induce ECC would have implications for health education
and caries prevention strategies. The diet of Irish preschoolers generally meets
recommendations for most nutrients (Walton et al., 2017); however, a better
understanding of dietary patterns is needed so that strategies can be

developed to reduce the intake of sugar containing food and drink in this age

group.

Current dental professional recommendations are that the first dental visit
should occur at 12 months of age, primarily to offer preventive advice to parents
regarding appropriate oral health behaviours (American Academy of Pediatric
Dentistry, 2013). Dentists are required to provide dietary advice to reduce the
frequency and amount of potentially CF and promote good oral health
(Moynihan, 2002). However, this practice is not standardised and there is no
dietary assessment system to monitor patient diets or CF intake. Therefore,
there is a need to develop a practical, valid, and reliable dietary assessment
tool for use in the clinical dental setting (Arheiam et al., 2016a, Arheiam et al.,
2016b).
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Even in a research setting, comparisons across studies are difficult as there is
no standardised method for reporting dietary intake data (Faber et al., 2013,
Moynihan et al., 2009). Studies often use food frequency questionnaires (FFQ)
or short food questionnaires (SFQ) to reduce respondent burden, despite
limitations with regards to food quantification (Llena and Forner, 2008, Zero,
2004, Johansson et al., 2010). Another limitation when examining diet and
dental caries is that most studies have focused on nutrient-disease interactions.
However, people eat combinations of food items as snacks or main meals
rather than individual nutrients (Leech et al., 2015) and few studies have

specifically examined patterns of consumption of CF in preschool children.

The aim of the present study was to investigate the pattern of consumption of
selected CF in 3 year old preschool children using the NPNS food database
(Irish Universities Nutrition Alliance, 2012) mapped with food intake codes for
3 year olds from the GUI survey; This novel mapped dataset was then analysed
to explore the pattern of dietary intake of selected CF items as snacks or main
meals. The mapped dataset allowed the effect of using a SFQ on dietary intake
data to be visualised, compared to a more detailed weighed dietary
assessment. This study adds to previous reporting of the risks involved when
selecting SFQs for large national cohort studies which may be less costly and
burdensome than more detailed methods but may not sufficiently capture the
quality of data required to investigate diet related health outcomes. The
analysis makes detailed comparisons of different methods to report and

understand the pattern of CF consumption.

6.2. Methods

The aim in this chapter was to investigate the pattern of consumption of
selected cariogenic food and drink (CF) in 3 year old preschool children using
the NPNS food database mapped with food intake codes for 3 year olds from
the GUI survey (section 2.6.3). This mapped dataset was then analysed to
explore the pattern of dietary intake of selected CF items as snacks or main
meals. The items were preselected according to their potential cariogenicity as
indicated in Table 1.3, Section 1.5.1 (Moynihan, 2002). Not all sources of
fermentable carbohydrate were included and foods such as yogurt (with added
sugar), sweetened milks and starch products were omitted. The mean daily

intake amount (g/day) and the frequency of each food consumed was
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calculated for each NPNS participant, by summing the amount of all foods a
subject consumed per food code, averaging across the four days for each
subject and then calculating the total sample average. Frequency was
estimated by summing the total number of times the food appeared in the diary
and dividing by four, i.e. the number of days in the survey. The average
consumption amount (g/day) and frequency for each food was computed by
aggregating the data across each subject and each survey day before
averaging the food weight. Thus, if a food was consumed more than once on a
given day the average consumption amount was calculated to provide a closer
representation of the actual amount of food consumed on a single EO. If a food
was not consumed at all on a given day, it was not included in the estimations

for average consumption amount. All results reported were for consumers only.

Global statistics were generated for the number of subjects who either never
consumed a CF or consumed a CF. Each meal type (both ‘snacks’ and ‘meals’)
was defined by its food components. A food component was defined as a single
food item from each meal. The number of food components, both CF and non-
cariogenic food and drink (NCF), in a meal, were determined at the meal level
and at the subject level (Chapter 2.6.6).

Bean plots were generated in R Studio for dietary intake estimated using both
mean daily intake and average consumption methods. Asymmetric bean plots
allowed an easy comparison between two subgroups such as main meals and
snacks and revealed anomalies such as bimodal distributions (Kampstra,
2008). Main meals were coloured blue while snacks were coloured red. CF
items (rice puddings and custard, tinned fruit and carbonated beverages) with
a small number of subjects (<20) were not included. A two-sample
Kolmogorov-Smirnov test (p<0.05 alfa level) was carried out to determine if the
distributions of CF items as a snack or main meal, as estimated by both mean
daily intake and average consumption, were similar. Further details are

provided in Section 2.6.6.

Association analysis was carried out using the NPNS database mapped with
the GUI food codes to: (1) identify the food components that comprised a meal;
(2) compare meals by chaining the components within a meal using either the
GUI coding or the NPNS (n=77) Food group coding; (3) identify the
combinations of food components that characterise the most frequently
consumed meals and (4) assess the dietary interaction of each CF with NCF

and the other CF items selected. Variables included were: subject ID, meal
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type, time of consumption, NPNS 77 FG, food weight and GUI food code. An
association analysis algorithm generated frequent item sets (Williams, 2011).
Association analysis is a useful methodology for discovering interesting
relationships hidden in a dataset. Further details of the novel association

analysis can be found in Section 2.6.7 and Appendix.

6.3. Results

6.3.1. Cariogenic food and beverage intake

A comparison of the survey characteristics of GUI and NPNS is presented in
Table 6.1. All subjects consumed at least one CF item during the NPNS 4-day
period. From a total of 2,676 meals, 1,500 (56%) contained at least one CF
item. Only one subject did not consume snacks and the average frequency of
snacks consumed by each subject was 2 per day. Approximately 36% of “all
eating occasions” were categorised as snacks and 76% of all subjects
consumed 2 or more snacks per day. The average frequency of consumption
of all CF was 3.9, calculated by mean daily intake, or 4.3, calculated by average
consumption. The estimates, using mean daily intake, of selected CF by total,

snacks and main meals for consumers only are presented in Table 6.2.

Table 6.1 Comparison of survey characteristics of National Preschool
Nutritional Survey (NPNS) and Growing Up in Ireland (GUI) Longitudinal

study of children-infant cohort.

NPNS GUI

Sample size (n) 500 (126=3 years old) | 9,793 (wave 2=3
years old)

Study type Cross- sectional Longitudinal
Nationally representative | Yes Yes
Date of survey Oct 2010-Sept 2011 Dec 2010-July 2011
Food measurement 4-day weighed food Modified 24-hour
instrument diary FFQ
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Table 6.2 Cariogenic food eating occasions [frequency and amount (Food wt, g/d) estimated using mean daily intake method for consumers only.

All Eating Occasions Main Meal Snacks
Food wt (g/d) | Frequency Food wt Frequency Food wt (g/d) | Frequency
(g/d)
NPNS Food group GUI n Mean | SD Mean | SD n Mean | SD Mean | SD n Mean | SD Mean | SD
Code

RTEBC NC 116 | 24 14 0.9 0.5 114 23 13 0.9 0.5 19 8 5 0.3 0.1
Biscuits including C25g |95 15 12 0.9 0.8 48 7 5 0.5 0.5 88 13 10 0.7 0.5
crackers
Cakes, pastries and | C25g | 55 13 11 0.4 0.2 33 11 9 0.3 0.2 36 10 9 0.3 0.2
buns
Ice creams NC 59 22 14 0.4 0.3 34 18 12 0.4 0.2 37 17 10 0.3 0.1
Desserts C25g |23 25 22 0.4 0.2 16 22 22 0.4 0.2 12 18 19 0.3 0.1
Rice puddings and NC 15 41 43 0.4 0.3 11 32 33 0.3 0.2 7 37 24 0.3 0.1
custards
Fruit juices NC 78 105 81 0.8 0.5 70 89 65 0.7 0.4 31 64 51 0.4 0.2
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and fruit juice drinks

Tinned fruit NC 5 14 14 0.3 0.1 4 17 15 0.3 0.1 1 3 NA 0.2 NA
Sugars, syrups, NC 71 6 7 0.7 0.5 62 6 6 0.7 0.4 26 4 3 0.4 0.2
preserves and

sweeteners

Chocolate C25g |75 11 8 0.5 0.3 27 8 5 04 0.1 62 9 7 0.4 0.2
confectionery

Non-chocolate C25h | 57 10 7 0.5 0.3 25 8 5 0.4 0.2 43 9 7 0.4 0.3
confectionery

Carbonated C25m | 20 69 52 0.4 04 15 66 45 04 0.3 8 49 23 0.3 0.2
beverages (non-

diet)

Squashes, cordials | C25I 84 84 93 1.2 0.9 74 61 69 1.0 0.7 62 40 45 0.5 0.3

NPNS is the National Preschool Nutritional Survey; GUI is Growing Up in Ireland; n= number of subjects; NC= non-covered by GUI food codes; Eating Occasion (EO)= All ‘snacks’

and ‘main meals’ were collectively described as ‘eating occasions’.

Table 6.2 (continued) Cariogenic food eating occasions [frequency and amount (Food wt, g/d) estimated using mean daily intake method for

consumers only
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Of the 13 CF items selected from the augmented database, six were not
covered by GUI food codes. The largest contributors to CF intake in the NPNS
sample in terms of mean frequency and mean amount (g) were RTEBC,

biscuits, fruit juices and squashes cordials/ fruit juice drinks.

Using mean daily intake approach for calculating intakes, the mean frequency
(SD) of individual CF items ranged from 0.3 (0.1) for tinned fruit to 1.2 (0.9) for
squashes, cordials and fruit juice drinks. Mean food weight (g/d, SD) varied
from 6 (7) for sugars, syrups, preserves and sweeteners to 105 (81) for fruit
juices. RTEBC was consumed by almost all of the sample population while
biscuits including crackers, fruit juices and squashes, cordials and fruit juice
drinks were consumed by approximately 75%, 62% and 67% of all the sample
population, respectively. Chocolate confectionary and non-chocolate
confectionary were consumed at a similar mean frequency with both items
approximately twice as likely to be consumed as a snack rather than as part of

a main meal.

Carbonated beverages (non-diet) were consumed by 16% of the total sample.
The mean frequency intake of RTEBC as a main meal was three times greater
than when consumed as a snack and was largely consumed as a main meal
by most individuals. Biscuits including crackers were almost twice more likely
to be consumed as a snack and the mean frequency intake was also greater

as a snack compared to consumption as part of a main meal.

The estimates, using average consumption, of selected CF by total, snacks

and main meals for consumers only are presented in Table 6.3.
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Table 6.3 Cariogenic food eating occasions [frequency and amount (Food wt, g/d)] estimated using average consumption method for consumers only.

All Eating Occasions Main Meal Snacks
Food wt Frequency Food wt Frequency Food wt Frequency
(g/d) (g/d) (g/d)
NPNS Food group GUI n Mean | SD Mean | SD n Mean | SD Mean | SD n Mean | SD Mean | SD
code
RTEBC NC 116 | 26 10 1.2 0.4 114 | 26 10 1.2 0.4 19 26 11 1.1 0.2
Biscuits including C25g | 95 18 9 1.4 0.8 48 16 10 1.3 1.0 88 19 10 1.4 0.8
crackers
Cakes, pastries and buns | C25g | 55 33 19 1.1 0.4 33 33 19 1.1 0.2 36 32 17 1.0 0.2
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Ice creams NC 59 54 24 1.1 0.2 34 54 29 1.1 0.2 37 55 19 1.0 0.2
Desserts C25¢g | 23 65 55 1.1 0.3 16 57 31 1.1 0.3 12 68 73 1.1 0.3
Rice puddings and NC 15 95 55 1.0 0.2 11 96 60 1.0 0.1 7 114 70 1.0 0.0
custards

Fruit juices NC 78 141 68 1.3 04 70 133 65 1.2 0.3 31 150 85 1.1 0.2
Tinned fruit NC 5 55 59 1.0 0.0 4 66 62 1.0 0.0 1 12 NA 1.0 NA
Sugars, syrups, NC 71 10 9 1.2 0.4 62 9 9 1.2 0.3 26 10 6 1.1 0.2
preserves and

sweeteners

Chocolate confectionery | C25g | 75 21 9 1.3 0.7 27 22 13 1.1 0.3 62 21 10 1.2 0.6
Non-chocolate C25h | 57 24 18 1.2 04 25 22 15 1.1 0.3 43 24 19 1.2 0.4

confectionery
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Carbonated beverages C25m | 20 174 50 1.2 0.5 15 168 56 1.1 0.4 8 163 46 1.0

(non-diet)

Squashes, cordials and C251 | 84 80 73 1.7 0.8 74 77 70 1.5 0.6 62 81 79 1.1

fruit juice drinks

NPNS is the National Preschool Nutritional Survey; GUI is Growing Up in Ireland; n= number of subjects; NC= non-covered by GUI food codes;
Eating Occasion (EO)= All ‘snacks’ and ‘main meals’ were collectively described as ‘eating occasions’.
Table 6.3 (continued from previous page) Cariogenic food eating occasions [frequency and amount (Food wt, g/d)] estimated using average

consumption method for consumers only
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Total mean frequency intake (mean, SD) of CF was highest for squashes,
cordials and fruit juice drinks (1.7, 0.8) followed by biscuits including crackers
(1.4, 0.8) and fruit juices (1.3, 0.4). The highest total mean weight intakes (g/d,
SD) of cariogenic drinks were carbonated beverages (174, 50) and fruit juices
(141, 68). The highest mean weight intakes (g/d, SD) of cariogenic foods were
rice puddings and custards (95, 55) and desserts (65, 55).

When main meals and snacks were compared, the items with the highest mean
frequency were biscuits including crackers as a snack (1.4, 0.8) and squashes,
cordials and fruit juice drinks as part of a main meal (1.5, 0.6). The Kolmogorov-
Smirnov tests suggested no significant difference (p<0.05) between the two
distributions for both frequency and amount for snacks compared to main meals
when calculated using average consumption. However, there was a significant
difference for almost half of the CF items when the Kolmogorov-Smirnov test
was applied to compare the distributions for snacks and main meals using
mean daily intake estimates. Bean plots (Figures 6.1.a, 6.1.b, 6.2.a, and 6.2.b)
illustrated the kernel density estimates of these consumption measures and
allowed comparison of differences in overall distribution patterns of main meals
and snacks using the two methods of calculating intakes. For example, as
illustrated in Figure 6.1, using mean daily intake, RTEBC were consumed at a
lower frequency as a snack and a higher frequency as a main meal with a
bimodal distribution for snack consumption and a lower mean frequency.
However, while the mean frequency for RTEBC consumption as a meal is
higher the spread of the distribution is much wider. Using the average
consumption method, the different shapes of bean plots for snacks and main
meals of the distribution profile for frequency of consumption of squashes,
cordials and fruit juice drinks were easily visualised in Figure 6.2b while the

plots for cakes, pastries and buns were similar.
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Figures 6.1a and 6.1b Bean plots illustrating the distribution patterns (kernel
density estimates) of weight of food consumed (Figure 6.1a) and frequency of
consumption (Figure 6.1b) of snacks and main meals estimated using the mean
daily intake method. The shape of the bean plots highlights the differences in
distribution of snacks (red) and main meals (blue) as a subgroup of each CF
item. The mean for each subgroup is indicated by the heavy solid horizontal

line.
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Figures 6.2a and 6.2b. Bean plots illustrating the distribution patterns (kernel
density estimates) of weight of food consumed (Figure 6.2.a) and frequency of
consumption (Figure 6.2.b) of snacks and main meals estimated using the
average consumption method. The shape of the bean plots highlights the
differences in distribution of snacks (red) and main meals (blue) as a subgroup
of each CF item. The mean for each subgroup is indicated by the heavy sold

horizontal line
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6.3.2. Association analysis of eating occasions

The association analysis aimed to identify the components of all EO and identify
the combinations of components in the most commonly consumed meals and
snacks. Using the keys for NPNS-derived food codes the 2,676 total meal
observations were collapsed to 1,622 nodes of the tree and then using the keys
for GUI-derived food codes the observations were collapsed to 456.
Aggregating the meal observations into CF and NCF items using the keys for
NPNS-derived food code collapsed the observations to 163. On average, each
meal was composed of 3.44 food components, 25% of these components were
CF and there were 0.81 cariogenic components per meal. Nearly all subjects
had a meal that contained at least 1 or 2 CF components during the survey
period. Table 6.4. presents the top 20 most commonly consumed meals using

keys for GUI-derived food codes.
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Table 6.4 Association analysis, using keys' for GUI'-derived food codes,

showing the number of subjects and food amount for the most commonly

consumed main meal or snack and total number of eating occasions (EO)

covered and non-covered by GUI food codes.

KEY* | GUI food Meal | EO| n | Food GUI GUI
Type wt | covered non-
(g/d) | Food wt | covered
(g/d) | Food wt
(g/d)
C25n- | Full cream milk/milk main | 214 | 72 237 142 95
NC products
NC main | 136 | 73 182 NA 182
C25a | Fresh fruit shack | 125 | 54 106 106 NA
C25g | Biscuits, doughnuts snack | 89 | 56 28 28 NA
cake, pie or chocolate
NC snack | 81 | 55 95 NA 95
C25k- | Water main 72 | 48 280 117 163
NC
C25n | Full cream milk/milk main 60 | 25 191 191 NA
products
C25i- | Full fat main 52 | 35| 245 76 169
NC cheese/yoghurt/fromage
frais
C250- | Skimmed/Semi- main 44 | 20 228 139 89
NC skimmed
C25k- | Water-Fizzy drinks main 42 | 23 361 188 173
C25I- | (diet)
NC
C25a- | Fresh fruit-Full cream main 41 | 24 333 214 119
C25n- | milk or milk products
NC
C25g- | Biscuits, doughnuts snack | 41| 36 107 25 83
NC cake, pie or chocolate
C25a- | Fresh fruit main 39| 30 260 79 181
NC
C25i | Full fat snack | 37 | 27 102 102 NA
cheese/yoghurt/fromage
frais
C25b- | Cooked vegetables- main 36 | 27 356 216 140
C25k- | Water
NC
C25b- | Cooked vegetables main 32|25 | 221 40 181
NC
C25a- | Fresh fruit-Water snhack | 30 | 19 239 239 NA
C25k
C25g- | Biscuits, doughnuts main 30 | 26 201 46 155
NC cake, pie or chocolate
C25b- | Cooked vegetables-Full | main 29| 20 311 189 122
C25n- | cream milk/milk
NC products
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C25i- | Full fat main 29 | 24| 298 217 81
C25n- | cheese/yoghurt/fromage
NC frais-Full cream milk or
milk products

" Keys for GUI-derived food codes were were derived by association analysis
of all eating occasions and restructuring the data into a tree shape. A set of
distinct GUI food codes were generated and foods not-covered by GUI were
labelled as NC to build a unique identifier for each meal. This meal identifier
was the key for GUI-derived food codes.

TGrowing up In Ireland; n= number of subjects; EO= All ‘snacks’ and ‘main
meals’ were collectively described as ‘eating occasions’; NC= non-covered by
GUI food code; NA= not-applicable.

Table 6.4 (continued) Association analysis, using keys' for GUI'-derived food
codes, showing the number of subjects and food amount for the most
commonly consumed main meal or snack and total number of eating

occasions (EO) covered and non-covered by GUI food codes.
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Of these, 6 were ‘snacks’ and 14 were ‘main meals’. Of the 10 most commonly
consumed meals, 3 were fully covered, 2 were non-covered and the remainder
were partially covered in the GUI survey by GUI food codes. Fresh fruit was the
most frequently consumed snack over the 4-day survey period and was eaten
by 43% of the NPNS population followed by biscuits, doughnuts, cakes, pie or

chocolate which was consumed by 44% of the total NPNS sample.

The second association analysis carried out used the set of NPNS (FG77) food
group codes (n=77) to build a unique identifier for each meal. This allowed a
comparison between meal components described using the GUI food codes
and meal components described using NPNS food codes. As well as assessing
how well the SFQ in GUI performed in capturing cariogenic food components
in meals or snacks this also illustrated how reporting of consumption of foods
was affected by how ‘coarse’ (GUI) or ‘fine-grained’ (NPNS) the food codes
were. Table 6.5 presents the top 20 most commonly consumed meals using
keys for NPNS-derived food codes. Of the 10 most commonly consumed
meals, as defined using NPNS-derived keys, 8 were snacks. The most
commonly consumed snack was other fruit (except bananas which were coded
separately) followed by chocolate confectionary and biscuits including crackers
which were consumed by 34, 24 and 21%, respectively, of the total NPNS

sample.

The association analysis of CF items for the 20 most frequently consumed
meals containing CF is presented in Table 6.6. Most of these meals were
composed of only one or two CF items which were consumed more often as
part of a main meal. Using these descriptors (cariogenic and non-cariogenic
aggregates), the most commonly consumed CF items as a snack were biscuits,
including crackers, squashes, cordials and fruit juice drinks and chocolate
confectionary which constituted approximately 17%, 29% and 100%
respectively, of the snacks. RTEBC, squashes, cordials and fruit juice drinks
and fruit juices were components of three of the most commonly consumed
main meals with fruit juice constituting approximately 48% of the total meal
amount (Table 6.6). Overall, biscuits including crackers featured as a
component in four of the twenty most frequently consumed meals and three of

those eating occasions were shacks.
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Table 6.5 Association analysis, using keys' for NPNS™ -derived food codes, showing the most commonly consumed main meal or snack, total number

of eating occasions (EO), number of subjects who consumed the meal and weight of food.

KEY Meal Type Total Total subject | Average SD
number EO | count Food wt Food wt

(9) (9)

1 Other fruit snack 70 43 90 59
2 RTEBC-Whole milk main 62 36 172 71
3 Whole milk main 42 20 190 85
4 Chocolate confectionery snack 38 30 24 11
5 Biscuits including crackers snack 37 26 24 12
6 Yogurts snack 23 17 119 52
7 Non-chocolate confectionery snack 22 20 26 22
8 Savoury snacks snack 20 17 23 13
9 Bananas snack 19 16 110 54
10 Biscuits including crackers-Whole milk snack 19 8 175 59
11 Ice creams snack 18 16 57 21

12 Other milks and milk based beverages main 18 5 194 100
13 RTEBC-Whole milk-Sugars, syrups, preserves and sweeteners main 18 11 188 76
14 Other beverages main 17 12 107 70
15 Other beverages-Squashes, cordials and fruit juice drinks main 17 10 200 61
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16 RTEBC-Low fat, skimmed and fortified milks main 17 7 176 85
17 Other fruit-Other beverages snack 14 11 240 145
18 Citrus fruits snack 12 6 98 70
19 Whole milk snack 12 7 199 64
20 Yogurts main 12 7 110 38

"Keys for NPNS -derived food codes were derived by association analysis of all eating occasions and restructuring the data into a tree shape. The
tree was analysed using a set of distinct NPNS 77 Food group codes; TNational Preschool Nutrition Survey

EO= All ‘'snacks’ and ‘main meals’ were collectively described as ‘eating occasions’.

Table 6.5 (continued) Association analysis, using keys for NPNST -derived food codes, showing the most commonly consumed main meal or snack,

total number of eating occasions (EO), number of subjects who consumed the meal and weight of food.
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Table 6.6 Association analysis of 20 most frequent eating occasions using keys for NPNST-derived food codes for cariogenic and non-cariogenic

descriptors.
g e @ " E 5
1] — o Y=
% 5 £ e e g2 , =
& S 0 @ c S [ &
o o o 4 o & <)
o o) £ = = c © 0
c n o 3] 0 o ©
£ © = @ 3] S —
5 - T » 2 2 = rS @ ] <
S c 3 o ® " 52 o w Q o
2 3 o £ " = £ o o S g )
fe ) > o £ 0 o o = DN ) 8 (7] "y X
@ s g2 3 s & & T & & ©“8 = 5o & o £
o e o 7] 8 = o t a 3 o o 2 ° 5 5 % O
a = 3 ] @ 5 = o = @ g o 3] ? S ©
: 3 s § 5 g & ¢ ¢ & 5 £ gz 2 5 5 3£ &
& < = r B @ @ S a &8 &£ £ ® & o z O ®3 =z
1 RTEBC-NCF main | 187 85 15 0 0 0 0 85
2 Squashes, cordials and main | 172 57 0 0 0 0 20 80
fruit juice drinks-NCF
3 Biscuits including snack | 97 53 0 17 0 0 0 83
crackers-NCF
4 Fruit juices-NCF main | 80 45 0 0 0 48 0 52
5 Squashes, cordials and snack | 62 43 0 0 0 0 29 71
fruit juice drinks-NCF
6 Sugars, syrups, main | 48 29 0 0 0 0 0 95
preserves and
sweeteners-NCF
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7 RTEBC-Fruit juices-NCF | main | 46 26 11 0 0 0 0 37 0 0 0 52

8 RTEBC-Sugars, syrups, | main | 45 22 14 0 0 0 0 0 0 0 0 83
preserves and
sweeteners-NCF

9 RTEBC-Squashes, main | 44 23 8 0 0 0 0 0 0 0 25 67
cordials and fruit juice
drinks-NCF

10 Chocolate confectionery | snack | 38 30 0 0 0 0 0 0 100 0 0 0

11 Biscuits including snack | 37 26 0 100 0 0 0 0 0 0 0 0
crackers

12 Chocolate confectionery- | snack | 27 22 0 0 0 0 0 0 25 0 0 75
NCF

13 Biscuits including main | 26 23 0 9 0 0 0 0 0 0 0 91
crackers-NCF

14 Ice creams-NCF main | 23 19 0 0 23 0 0 0 0 0 0 77

15 Fruit juices-NCF snack | 22 18 0 0 0 0 0 51 0 0 0 49

16 Non-chocolate snack | 22 20 0 0 0 0 0 0 0 100 0 0
confectionery

17 Cakes, pastries and main | 22 18 0 0 0 0 0 0 0 0 0 86
buns-NCF

18 Biscuits including snack | 21 16 0 15 0 0 0 0 0 0 18 67
crackers-Squashes,
cordials and fruit juice
drinks-NCF
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19 Fruit juices-Sugars, main | 19 12 0 0 0 0 0 38 0 4 0 0 0 0 58
syrups, preserves and
sweeteners-NCF

20 Non-chocolate snack | 19 15 0 0 0 0 0 0 0 0 0 18 0 0 82
confectionery-NCF

"Keys for NPNS -derived food codes were derived by association analysis of all eating occasions and restructuring the data into a tree shape. The

tree was analysed using a set of distinct NPNS 77 Food group codes; TNational Preschool Nutrition Survey;

EO= All ‘snacks’ and ‘main meals’ were collectively described as ‘eating occasions’; NCF= Non-cariogenic food.

Table 6.6 (continued) Association analysis of 20 most frequent eating occasions using keys’ for NPNS*-derived food codes for cariogenic and non-

cariogenic descriptors.
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Focussing on cariogenic food interactions, alluvial plots were generated to
visualise the component interactions between the 10 most frequent eating
occasions of cariogenic food and presented in Figure 6.3. However, data for
the specific CF components in the alluvial also included any other food group
interactions (outside the top 10) with CF and NCF. This resulted in all other
interactions outside of the most frequent ones to be included in the alluvial. An
alluvial diagram is a form of parallel coordinates plot used for categorical
variables. Similar to parallel coordinates, variables are positioned on vertical
axes that are parallel. The blocks on each axis represent values, e.g., snack or
main meal in the first axis of Figure 6.3, and the height of a block represents
the size of the values. The coloured ‘streams’ (alluvials) connecting the blocks
are called flows (blue for main meals and red for snacks) and the width of the
flows illustrates the proportion or frequency in each category (Rosvall and
Bergstrom, 2010). For example, starting on the left hand side of the alluvial in
Figure 6.3 and following the blue flow for biscuits (including crackers), the blue
flow connecting the lowest point of the main meal block to the first cariogenic
component (cg1) (biscuits) then connects to ‘none’ on the second cariogenic
component (cg2) indicating that there is no other cariogenic component in that
meal. The blue flow from the bottom of the ‘none’ block at cg2 then goes to the
‘90’ block on the NCF (non-cariogenic food) axis and, finally, connects to the
first block (biscuits —NCF) at the meal components axis. The red flow for the
same meal in this block can be followed in reverse also and this indicates that
biscuits (including crackers) when consumed as a snack were consumed with
a high proportion of NCF (85) and mainly without a second CF component
(cg2). The pattern of interactions for each of the CF groups can be traced in a

similar manner as a snack or main meal.

To visualise a simpler set of interactions, a second alluvial plot is shown in
Figure 6.4 illustrating association analysis of 2 eating occasions with cariogenic
food using keys for NPNS'-derived food codes for cariogenic and non-

cariogenic descriptors.
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Figure 6.3 Alluvial plot of association analysis of 10 most frequent eating
occasions using keys for NPNST-derived food codes for cariogenic and non-
cariogenic descriptors

"Keys for NPNS -derived food codes were derived by association analysis of
all eating occasions and restructuring the data into a tree shape. The tree was
analysed using a set of distinct NPNS 77 Food group codes; 'National
Preschool Nutrition Survey; Blue flow= main meals; Red flow= snacks; cg1=
first cariogenic food component; cg2= second cariogenic food component;
ncf= non-cariogenic food component; NCF= non-cariogenic food; Sugars
(SSPS)= sugars, syrups, preserves and sweeteners; FJ= fruit juice; RTEBC=
ready to eat breakfast cereals.
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Figure 6.4 Alluvial plot illustrating association analysis of 2 eating occasions
with cariogenic food using keys™ for NPNS'-derived food codes for cariogenic
and non-cariogenic descriptors.

"Keys for NPNS -derived food codes were derived by association analysis of
all eating occasions and restructuring the data into a tree shape. The tree was
analysed using a set of distinct NPNS 77 Food group codes; 'National
Preschool Nutrition Survey; Blue flow= main meals; Red flow= snacks; cg1=
first cariogenic food component; cg2= second cariogenic food component;
ncf= non-cariogenic food component; NCF= non-cariogenic food; SC&FJD=
squashes, cordials and fruit juice drinks.
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6.4. Discussion

Comparing consumer intake of CF using mean daily intake and consumption
average (Tables 6.2 and 6.3, Figures 6.1a, 6.1b, 6.2a and 6.2b) suggested that
the method of reporting data can influence interpretation and understanding of
CF intake patterns. While it is useful to know the mean daily intake of nutrients,
the focus of this study was to estimate consumer average intake of typical meal
or snack portion sizes and frequency to understand the differences in CF
distribution. This approach could help provide practical information to
consumers and health professionals attempting to modify the risk of dental
caries and other diet-related health problems (Leech et al., 2015, Moynihan,
2002, Krebs-Smith et al., 2015, Bhutta et al., Amine et al., 2002). Overall intake
of CF was high, whether measured by mean daily intake or average
consumption, compared to recommended dietary guidelines for children (Food
Safety Authority of Ireland, 2011b, Food Safety Authority of Ireland, 2011a).
From an oral health perspective, there was sufficient evidence to justify a focus
on ‘snacking habits’ to help minimise both frequency and amount of exposure
to CF (Moynihan and Petersen, 2004, Dye et al., 2004, Moynihan, 2002,
Moynihan and Kelly, 2014, Meyer and Lee, 2015, Sheiham and James, 2015,
Johansson et al., 2010). Results here suggested that the distribution pattern
was similar for snacks and main meals when using the average consumption
method; there was little variation in the frequency (except for squashes, cordials
and fruit juice drinks) or food amount distribution across all CF items. This was
illustrated in the similar shapes of the kernel density in the asymmetric bean
plots (Figures 6.2a, 6.2b) and the subgroup average for each CF item as
depicted by the closely approximating solid horizontal lines. Thus, in terms of
actual exposure to CF both main meals and snacks contributed similarly to

frequency and amount of intake.

This study also aimed to determine the extent to which CF items are not
covered by a simple SFQ used in a large national cohort survey and explore
the pattern of intake of CF using data from the NPNS survey. Findings indicated
that all children consumed CF over the NPNS 4-day period and the GUI survey
covered less than half of the CF items selected in NPNS. More than one-third
of all EO were described as ‘snacks’ which were consumed twice per day, on
average. Meal analysis using keys for GUI-derived food codes suggested that
it achieved only partial coverage of most of the top ten most commonly

consumed meals and snacks.
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Fruit was the most commonly consumed snack (using either keys for GUI or
NPNS-derived food codes) followed by chocolate confectionary (key for NPNS-
derived food codes) or biscuits, doughnuts, cakes, pie or chocolate (key for
GUI-derived food codes). Results presented in Section 4 using the GUI infant
cohort data indicated that the majority of Irish children aged 3 years consumed
fresh fruit (~89%), and biscuits/doughnuts/cake/chocolate (~74%) once or
more than once per day. Results of the meal association analysis were strongly
dependant on how “coarse” or “fine-grained” the food categories and food
codes used in each survey are. The modified SFQ used in GUI survey did not
quantify food intake but did capture almost half of the selected CF items.
However, for investigating CF and NCF the meal association analysis using
GUI-derived keys highlighted the “coarseness” of the GUI food categories. The
association analysis using the NPNS-derived keys was too “fine-grained” but
the association analysis tree was further re-shaped using NPNS food
descriptors to define all CF and aggregating the NCF together. This permitted
increased focus on the interactions between CF and NCF in a meal analysis
(Table 6.6) which suggested that for the top twenty most frequently consumed
meals CF items are generally consumed with NCF items, as a main meal or
snack, except for three meal types where chocolate confectionary, biscuits
including crackers and non-chocolate confectionary were consumed without
NCF as a snack. The alluvial diagram (Figure 6.3) visualised the trend of CF
consumption as a snack or main meal and if consumed with another cariogenic
component or not. Following the red flow pattern CF snacks were visualised
and it was apparent that sugars, syrups, preserves and sweeteners (SSPS),
chocolate confectionary and biscuits including crackers were mainly consumed
as shacks and without a second cariogenic component. While squashes,
cordials and fruit juice drinks (SC&FJD) were consumed as both a snack and
part of a main meal, mostly without a second cariogenic component but a small
portion was consumed with RTEBC and a substantial non-cariogenic food
(milk). The second alluvial plot presented in Figure 6.3 displayed association
analysis of 2 eating occasions with cariogenic food to provide a simple example
of the interaction patterns. This higlights the differences in snacking patterns
between biscuits including crackers and squashes, cordials and fruit juice

drinks.

Most of the CF items selected in this study contained negligible nutrient content.
However, while fruit juices, fruit juice drinks and RTEBC contain relatively high

levels of free sugar it has also been suggested that they can provide an
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important source of nutrients for young children with RTEBC also usually
consumed with milk (Priebe and McMonagle, 2016, Moynihan and Petersen,
2004, Moynihan, 2002, Dye et al., 2004). While most studies in children have
not found an association between 100% fruit juice consumption and ECC it is
generally advisable to limit the intake for overall health reasons as the high
sugar content can contribute to increased calorie consumption (Heyman and
Abrams, 2017, Gussy et al., 2006, Marshall et al., 2005). Fruit juices and
squashes, cordials and fruit juice drinks are, potentially, both cariogenic and
erosive due to their high sugar content and relative acidity (Marshall et al.,
2003, Marshall, 2013, Gussy et al., 2006). In our analysis, fruit (non-dried),
which is generally regarded as non-cariogenic, was the most common ‘snack’
food in between main meals and it has been suggested that increasing
consumption of whole fruit rather than fruit juice or other CF items would be a
healthier alternative for young children that could also reduce the risk of dental
caries (Moynihan and Petersen, 2004, Dye et al., 2004, Heyman and Abrams,
2017). While the cariogenic potential of any fermentable carbohydrate depends
on the way it is consumed, evidence suggests that regular soft drink
consumption is more strongly associated with ECC than intake of 100% fruit
juice (Marshall et al., 2003, Johnson et al., 2016, Chankanka et al., 2015,
Tinanoff and Palmer, 2000). However, at this early age, non-diet carbonated
beverages were consumed by only 16% of the NPNS sample whereas fruit
juice was consumed by 62% of the sample and ‘squashes, cordials and fruit
juice drinks’ consumed by 67% of the sample. Interestingly, fruit juices and
carbonated beverages (non-diet) were, approximately, twice more likely to be
consumed as part of a main meal than as a snack while squashes, cordials and
fruit juice drinks were consumed by a similar number of the NPNS sample
whether as a snack or main meal component. Packaged and pre-sweetened
RTEBC’s are an important source of nutrients (Priebe and McMonagle, 2016)
and potentially cariogenic (Moynihan, 2002) but, as demonstrated in this
analysis (Table 6.6, Figure 6.3) and reported previously, are mainly consumed
with milk products as part of a main meal which may reduce their cariogenic
effects (Dye et al., 2004). Clearly, the manner and pattern of consumption of
these type of CF items that contribute significant nutrients requires further
investigation but should be considered when assessing the overall potential
cariogenicity and acidogenicity of a child’s diet (Moynihan, 2002, Arheiam et
al., 2016a).
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Dietary counselling for parents or caregivers targeting CF has been suggested
as a key preventive strategy for ECC (Johnson et al., 2016, Hooley et al.,
2012c, Selwitz et al., 2007, Johansson et al., 2010, Marshall et al., 2005,
Tinanoff and Palmer, 2000, Moynihan and Petersen, 2004). A high intake of
CF, particularly as snacks, has been associated with an increased risk of ECC
in multiple studies (Marshall et al., 2005, Chaffee et al., 2015, Johansson et al.,
2010, Dye et al., 2004, Chankanka et al., 2015). The results from this analysis
showed that exposure to potentially CF items was widespread in 3-year old
Irish preschoolers with an average consumption frequency of four times per
day Guidelines suggesting an upper threshold for sugar intake, while useful at
a population level, have questionable practical benefit to the individual
consumer or patient in a medical or dental setting (Arheiam et al., 2016a). While
it is well established that all infants have an innate liking for sweetness in food
and drink the introduction of CF is strongly influenced by the PCG (Bonotto et
al., 2017). Rather than adopt a “zero-tolerance” for all sugar containing food
and drink it may be more practical to focus on those CF items consumed as
snacks that have minimal nutritional content to encourage healthy eating
practices. Targeting the reduction of CF snacks and limiting CF consumption
to main mealtimes only, has long been a recommendation for the prevention of
dental caries (Moynihan, 2002, Moynihan and Petersen, 2004). Current
recommendations by the WHO emphasise the importance of reducing both
frequency and amount (<10% energy intake) of free sugar containing food and
drink to reduce the risk of dental caries (Moynihan, 2016, Moynihan and Kelly,
2014). However, it is important to be aware that these are population guidelines
and the translation of these recommendations requires multiple practical
strategies (Moynihan, 2016). This analysis focussed on the most commonly
consumed discretionary CF items, illustrated the importance of understanding
portion sizes and highlights the need to standardise methods of interpreting
and reporting food intake data (Faber et al., 2013). The results also highlight
the usefulness of visualising the overall distribution of intake when comparing

consumption patterns (Figures 6.1a, 6.1b, 6.2a and 6.2b).

Data used in this secondary analysis was derived from two nationally
representative surveys. The dietary intake data from NPNS provided detail at
the brand level (Irish Universities Nutrition Alliance, 2012) and a trained
nutritionist visited the participant during the 4-day survey period. The pattern of
intake of food was analysed using two different methods to estimate

consumption of individual food items and an association analysis of the meals
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and snacks provided an insight into the meal components and how CF was
consumed with other NCF. While the NPNS included detailed food records the
GUI survey was not designed to look at dietary intakes per se and therefore
condensed food groups into what they considered “healthy” and “unhealthy” to
reduce respondent burden. The categorisation could potentially introduce bias
as PCGs may under or over report due to social desirability of what is perceived
as ‘healthy’ and ‘unhealthy’ foods. Our analysis treated each day of the 4-day
period in NPNS as an independent day. The association analysis assumed that
all meals were independent. Neither NPNS nor GUI included a clinical dental
examination so there was not an opportunity to examine possible associations
with an index of dental caries. The distinction between a ‘meal’ and ‘snack’ was
also subjectively decided by the PCG. It is also worth noting that this study did
not include all sources of fermentable carbohydrate as CF items, e.g. yogurt,
sweetened milks and starch products. The true cariogenicity of any food can
only be determined by exposing humans to the food and measuring the
associated tooth decay (Lingstrom, 2009, Lingstrom et al., 2000). However,
there is sufficient evidence to suggest that refined starch is potentially
cariogenic especially in combination with sucrose (Lingstrom et al., 2000,
Lingstrom, 2009, Johansson et al., 2010).

The preschool age is a particularly important period to minimise the risks for
dental caries as it is the best predictor of future dental caries (Gussy et al.,
2016, Tinanoff and Palmer, 2000, Dye et al., 2015, Peres et al., 2016). It also
appears to be a key transition phase when targeting preventive strategies to
focus on appropriate intake of ‘healthy’ food items and restriction of CF items
could provide the best opportunity for non-cavitated caries lesions to arrest
(Johnson et al., 2016, Chaffee et al., 2015, Amezdroz et al., 2015). However,
given the differing terminology for sugars and lack of information about free or
added sugars both on food labels and in nutrient databases, it is difficult to see
how consumers and health care providers can assess compliance with sugar
intake recommendations (Erickson and Slavin, 2015b). Sugar is rarely ingested
in a pure form (Zero, 2004) and this analysis demonstrated the complexity of
meal analysis when CF items are consumed with both other ingredients and
other food components in meals having the potential to modify the cariogenicity
of the food components (Tinanoff and Palmer, 2000, Lingstrém, 2009, Marshall
et al., 2005, Moynihan and Petersen, 2004). Even if RTEBC, fruit juice and
tinned fruit are excluded from the preselected CF items, as they are not

included in the “top shelf’ of the food pyramid, it is clear that a majority of three-
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year old preschool children in Ireland do not meet the guidelines for healthy
eating and consume CF items every day and, on average, more than three
times per day rather than a “maximum once or twice a week” (Food Safety
Authority of Ireland, 2011b, Food Safety Authority of Ireland, 2011a). Rather
than focus on a threshold for sugar intake it is, arguably, more practical to
concentrate on those CF items, particularly consumed as ‘snacks’, that do not
contribute significantly to nutrient intake but are primary contributors to CF
intake. For three-year olds this would include biscuits including crackers,
squashes, cordials, fruit juice drinks and chocolate confectionary. While
carbonated beverages (non-diet) were not widely consumed by the NPNS
sample (16% consumers) they do not contribute significant nutrients. Reducing
or substituting the intake of these CF items with healthier alternatives, as
snacks, could have an immediate benefit in reducing the frequency and amount

of free sugar intake.

This analysis, supported by recent studies (Johnson et al., 2016, Goodwin et
al., 2017, Arheiam et al., 2016a, Arheiam et al., 2016b) suggests that while food
diaries are labour intensive for both respondent and analyst the potential
benefits to provide dietary advice from both a population and personalised
patient perspective should be acknowledged and developed further. There is
an immediate need to establish universal definitions for ‘snacking’ so that study
participants and researchers are clear on what constitutes a snack (Jacquier et
al., 2017, Leech et al., 2015) and to provide appropriate training for health care
professionals on dietary assessment and healthy eating strategies.
Investigating food related factors that may affect cariogenicity, other than
frequency and amount, such as food texture effects on mastication and oral
clearance, could open up useful future research strategies for caries

prevention.

6.5. Conclusions

Dietary intake data from smaller studies can augment the information collected
in larger national surveys where detailed food diaries may not be employed.
This analysis demonstrated not only the importance of selecting the most
appropriate dietary instrument to achieve survey objectives but also that the
methods by which data is analysed and reported affects the interpretation of

the results. Our results suggest that the overall intake of CF was high compared
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to recommended dietary guidelines for children. A better understanding of the
distribution pattern of CF intake provides an opportunity for appropriate dietary
intervention of cariogenic snacking by focussing on foods and meals which may

significantly contribute to the risk of ECC in preschoolers.
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Chapter 7. Estimation and
consumption pattern of free
sugar intake in 3 year old pre

schoolers

7.1. Introduction

Dietary sugars are the focus of debate in public health in recent years with
concerns regarding increased obesity prevalence and their impact on oral
health (Allison et al., 2015, SACN, 2015, Pyne and Macdonald, 2016). As
dietary free sugars (FS) are the most important risk factor in the development
of dental caries and can contribute to excess energy intake with little nutrient
benefit, the WHO have issued recommendations to apply over the lifetime;
firstly, that adults and children reduce their daily intake of FS to <10% of Total
Energy Intake (TEIl) (strong recommendation) and secondly, that a further
reduction to <5% of TEIl would provide additional health benefits (conditional

recommendation) (World Health Organization, 2015).

As outlined in Section 1.5, the term “sugar” refers to sucrose or “table sugar”
(Marshall, 2015). Total sugars (TS) is the sum of natural and added sugars
(AS) in a food, while intrinsic sugars can be defined as the sugars incorporated
in the structure of intact fruit and vegetables (Marshall, 2015) (Figure 1.4). AS
include those sugars added during the production or processing of food and
not naturally found in the food product (Erickson and Slavin, 2015b) and is the
term defined by the Food and Drug Administration (FDA) in the USA. Free
sugars (FS), which is the preferred term used by the WHO, includes sugars
naturally present in honey, syrups, fruit juices and fruit juice concentrates as
well as AS. AS and FS are not chemically distinguishable from those sugars
naturally occurring in food and drink. This has important consequences for
difficulties in determining the FS content of foods, food labelling, consumer
understanding and compliance with new guidelines on FS consumption.
Understanding the problems in measuring FS and assessing the difficulties for

consumers in meeting the recommended guidelines is important to make sugar
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reduction targets achievable for both the food industry in formulation (Public
Health England, 2017) and consumers in practical terms (Erickson and Slavin,
2015b, Erickson and Slavin, 2015a). Recommendations by the Scientific
Advisory Committee on Nutrition (SACN) were that the average population
intake of FS should not be greater than 5% of TEI from 2 years upwards and
that for children there should be a minimal consumption of sugar-sweetened
drinks (SACN, 2015).

Worldwide, there are very few food databases that contain information
regarding AS or FS levels (Moynihan et al., 2018, Erickson and Slavin, 2015b,
Newens and Walton, 2016, Brisbois et al., 2014). This may be due to difficulties
in estimating AS or FS levels (Louie et al., 2015, Newens and Walton, 2016)
and the lack of agreed standards in terms of definitions, terminology,
standardisation of estimation procedures and protocols for dealing with the food
industry in terms of ingredients/recipe and sugar reduction programmes (Public
Health England, 2017, Erickson and Slavin, 2015a, Erickson and Slavin,
2015b). As outlined in Section 1.6, a number of recent reviews have examined
TS/AS/FS consumption measured by dietary surveys worldwide (Newens and
Walton, 2016, Azais-Braesco et al., 2017) and concluded that further research
is urgently required to address the deficit of information and measures to
address the problem of excess intake. In most national studies, a majority, or
at least a large proportion, of children exceeded the recommended guidelines
for AS/FS consumption (Lei et al., 2016, Ruiz et al., 2017, Gibson et al., 2016,
Brisbois et al., 2014, Azais-Braesco et al., 2017, Farajian et al., 2016), and,
consequently, some professional paediatric bodies have made practical

recommendations for reducing AS/FS intake in children (Mis et al., 2017).

The preschool age is a key period when cariogenic food and drink is already
part of the child’s diet. Both progression and reversal of early caries can occur,
and sugar intake is a key risk factor, yet preschool children have rarely been
included in most national oral health surveys (Mis et al., 2017, Amezdroz et al.,
2015). The WHO expert consultation on public health intervention against early
childhood caries have recommended the inclusion of 3 year old age group as
one of the index ages for population surveys in the next edition of WHO’s Oral
health surveys: basic methods (World Health Organization, 2017b). Also, in the
first survey of 3 year old children in England approximately 12% were reported
to have had dental caries (Public Health England, 2013a). While there are no
nationally representative data in Ireland for dental caries prevalence in 3 year

olds, some smaller scale studies have reported dental caries prevalence rates
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of 0-41.5% (O’Connell and Harding, 2017) (Table 1.2). Our objectives were to:
(1) quantify FS using the previously mapped NPNS and GUI food data (chapter
5); (2) determine the distribution of TS and FS consumption patterns (amount
and frequency) in relation to the WHO guidelines; (3) compare how well the
SFQ in GUI captured the sources of TS/FS and (4) identify the key food sources

of TS/FS consumed as part of a main meal or snack.

7.2. Methods

7.2.1. Data source

Data used for this analysis was derived from 3 year olds in the GUI and NPNS

studies as outlined in Chapter 2.6.
7.2.2. Data work flow

Methodology used in the initial stages of data entry, wrangling and estimation
of covered and non-covered GUI food data and NPNS food data has been
detailed in Section 2.6.1-2.6.5. A flow chart presented in Figure 7.1. outlines

the workflow used in the mapping and analysis of FS.

GUI datsbase
Free Sugar

augmented w| Compute mean

wkgh NPNS data Total Sugar, lactoss > }';'i‘;ﬁrlzgg Sdgortlhm —>

GUI mapped database
Total and Free Sugars

Y

Quantitative analysis
of sugar consumption
GUI mapped data

GUI mapped database
Total and Free Sugars

, l

Corrparison with

: . R Markdown
previous FS mapping

report

l

Distributions
Summary statistics
chi-square test

Figure 7.1 Flow chart depicting the processes in the mapping and analysis of
free sugar intake using the Growing Up in Ireland (GUI) database augmented

with the national preschool nutrition survey (NPNS).
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This diagram, created using Dia (http://dia-installer.de/), represents the
processes and steps taken as various types of boxes and their order is shown
by using interconnecting arrows. Essentially, the mapped GUI database
(Section 2.6.3) was further augmented by carrying out a mapping of FS
(Section 2.7). The decision algorithm used for estimating FS content of food
groups from NPNS is illustrated in Figure 2.5, Section 2.7. This FS estimation
was then compared to previously published data from the same cohort
(Newens and Walton, 2016) and the distributions compared using the
Kolmogorov-Smirnov tests (p<0.01). Quantitative analysis and metrics similar
to that detailed in Section 2.6.5 were carried out. All statistical analyses were
carried out using R Studio (https://www.rstudio.com/). Complete details of
these analyses are included in Appendix A. TS and FS were determined by
multiplying the weight of food consumed daily, aggregated at the subject level,
by the percentage of TS or FS. The mean daily intake of TS and FS (g/d),
frequency of consumption and as a percentage of total energy intake, (TEI)
were presented as summary statistics. The daily intake of TS and FS covered
and non-covered by GUI food groups by amount (g/day) and as %TEI were

presented as bar graphs.

Food groups for both GUI and NPNS were also recategorised as follows to
highlight the main FS food sources: bread and cereals, RTEBC, cakes and
biscuits, dairy products, desserts and puddings, fruit and vegetables, fruit juice
and smoothies, sugar and syrups, chocolate confectionary, non-chocolate
confectionary, soft drinks (non-diet), soft drinks (diet) and other. Dairy products
included all milk, yoghurt, cheese and ice-cream products. Soft drinks (non-
diet) included carbonated beverages, squashes, cordials and fruit juice drinks.
Breads and cereals included all rice, pasta, grains and cereal based products
except RTEBC. All other food categories were grouped in to ‘other foods’
(Appendix A). A simulation was run with snack consumption of selected
discretionary items “removed” to estimate the effect on % FS intake and the
proportion of children who would then meet the recommended threshold of 10%
TEI as FS. Data reported are for average daily intake (mean, SD) across the
full sample and the percentage of consumers of each food category were
included. Under-reporters were not removed from the data. The probability of
consuming a food group as part of a main meal or snack was calculated using

the total number of meal types (snacks and main meals) that were recorded
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during the 4 day survey. Full details of the methodology are reported in Section
2.7.

7.3. Results

7.3.1. FS mapped database

A snippet of the mapped FS database is illustrated in Figure 7.2 and the R code
used to generate the input, comparison and analysis is contained in Appendix
A. The resulting data was imported into RStudio and is illustrated in Figure 7.3
This data contained the food code (from a total of 1,652 food codes), the NPNS
food group code (n=19) and the more detailed NPNS food group code (n=77),
the GUI food code, food description, cooking method, mean total sugar, mean
total lactose and estimation of FS amount according to the algorithm in Figure
2.5.

Free sugar estimate, step 5
algorithm, Figure 2.7
IUNA_NPNS 77  GUI food code
fooé\groyp coude / E F G H 1 \ J

A

FCODE ?lIUNA_ IUNA_ = GUI = description = CMET = = mean’ = meanTotalLactose = \MC-FreeSugars =
435 14 47 NA Chigken, boiled, meat only 3 Boiled 0 0 0
436 14 47 NA icken, boiled, light meat 3 Boiled 0 0 0
671 10 27 C25e Id potatoes, roast in blended oil 8 Roasted 0.6 0 0
/73 n 7 C25¢ Old patata== il 8 Ron-t-+ na n 0

5006 4 9 2259 Custom food-Raspberry Swiss Roll (Gateaux; 1 Not Cooked 422 0.7 415
TV 3 v Ny Cuswui 7o D Branle fovasm o T ran 1 Nuclocneu 20 0.2 26.5
5008 2 3 NA Fortified food-Whippersnapper White Sliced F 2 Grilled 2 0 0
5008 2 3 NA Fortified food-Whippersnapper White Sliced F 1 Not Cooked 2 0 0
5011 1 2 C25f Custom food-Noodles Instant made up with w 3 Boiled 0.5 0 0
5013 4 9 C25g Custom food-American Muffins (average of 2 1 Not Cooked 252 0.1 251
5018 2 4 NA Custom food-Brown Soda Bread (Shop Boug! 2 Grilled 6.4 1.9 0
5018 2 4 NA Custom food-Brown Soda Bread (Shop Boug! 1 Not Cooked 6.4 1.9 0
5033 19 40 NA Custom food-Linseed/Flaxseed (average of 3 1 Not Cooked 2 0 0
5046 1 2 C25f  Custom food-Tortellini Egg Pasta With Filling 3 Boiled 35 0.3 3.2
5068 3 7 NA Recipe-Porridge, made with low fat milk (Irish 3 Boiled 4.8 4.7 0
5068 3 7 NA Recipe-Porridge, made with low fat milk (Irish 10 Microwaved 4.8 4.7 0
5072 4 9 C25g Recipe-Fairy/Queen Cakes with Glace Icing 9 Baked 438 0 43.8
5072 4 9 C25g Recipe-Fairy/Queen Cakes with Glace Icing 1 Not Cooked 43.8 0 43.8
5078 3 6 NA Fortified food-Weetabix mini crunch (average 1 Not Cooked 222 0 222
5080 3 6 NA Custom food_Crunchy oat cereal with fruit/nu 1 Not Cooked 21 45 16.5
5081 3 7 NA Porridge made with Low Fat Milk & Water (N& 3 Boiled 23 23 0
5097 16 59 C25h Jordans Original Crunchy/Nature valley granc 1 Not Cooked 269 0 269
5112 3 7 NA Porridge m/w Avonmore Super Milk & Water ( 3 Boiled 25 24 0
5117 2 5 NA Custom food-Soya and Linseed Bread (Burge 1 Not Cooked 54 0 27
5121 3 6 NA Granola (Lizi's-The Good Carb Food Compan 9 Baked 9.1 0 9.1
+ = mapping-table mapping-table-aif comparison Sheet4

Figure 7.2 Snippet illustrating the free sugar mapping procedure of the NPNS
food data. FCODE: IUNA-NPNS detailed food code at level of food brand; IUNA
19: 19 food group codes; IUNA 77: 77 food group codes; GUI: food code in
GUI; CM: cooking method. Example, FCODE 5006: Custom food-Raspberry
Roll (Gateaux) contained (by weight) 41.5% total sugar; 0.7% total lactose and
was assigned at Step 5 of decision algorithm (Figure 2.7); Total sugar minus

total lactose resulted in 42.2%-0.7%= 41.5% free sugars.

160



SUBJECID MTYPE

1411
1205
1171
431
1270
360
1106
1411
412
384
410
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410
463
460
1443
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1240
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1240
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460
1240
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1443
1408
301
1475
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FCODE
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2 435
3 435
4 436
5 671
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7 671
8 671
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10 5006
11 5007
12 5007
13 5007
14 5007
15 5007
16 5008
17 5008
18 5008
19 5008
20 5008
21 5008
22 5008
23 5008
24 5008
25 5008
26 5008
27 5008
28 5008
29 5011
30 5011
31 5011
32 5011
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5
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3
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4
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RStudio Mean Total and Free

sugar; (g)

Food_description_first_first

Chicken, boiled, meat only

Chicken, boiled, meat only

Chicken, boiled, meat only

Chicken, boiled, light meat

Old potatoes, roast in blended oil

Old potatoes, roast in blended oil

Old potatoes, roast in blended oil

0Old potatoes, roast in blended oil

0Old potatoes, roast in lard

Custom food-Raspberry Swiss Roll (Gateaux)
Custom Food-Barm Brack (average of 3 brands)
Custom Food-Barm Brack (average of 3 brands)
Custom Food-Barm Brack (average of 3 brands)
Custom Food-Barm Brack (average of 3 brands)

Custom Food-Barm Brack (average of 3 brands)

Fortified food-Whippersnapper White Sliced Pan (Bren...
Fortified food-Whippersnapper White Sliced Pan (Bren...
Fortified food-Whippersnapper White Sliced Pan (Bren...
Fortified food-Whippersnapper White Sliced Pan (Bren...
Fortified food-Whippersnapper White Sliced Pan (Bren...
Fortified food-Whippersnapper White Sliced Pan (Bren..
Fortified food-Whippersnapper White Sliced Pan (Bren...
Fortified food-Whippersnapper White Sliced Pan (Bren...
Fortified food-Whippersnapper White Sliced Pan (Bren...
Fortified food-Whippersnapper White Sliced Pan (Bren...
Fortified food-Whippersnapper White Sliced Pan (Bren...
Fortified food-Whippersnapper White Sliced Pan (Bren...
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Figure 7.3 Sample of dataframe in RStudio, illustrating the mapped GUI

database (from NPNS) with mean total sugar content of food items (g/100g)

and amount of free sugar in the meal (g).
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This FS mapping was then compared to one previously reported for the same
cohort with the summary statistics presented in Table 7.1 and the distributions
presented in Figures 7.4a and 7.4b. The Kolmogorov-Smirnov tests indicated

no significant difference (p<0.01) between the two distributions.
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Figure 7.4a and 7.4b Comparison of distribution of free sugar estimations (g)

carried out in this analysis (a) and that carried out by a previously reported

mapping (b).

Table 7.1 Summary statistics for comparison of free sugar estimations (g)

carried out in this analysis (a) and that carried out by a previously reported

mapping (b).

min | max | range sum median | mean | SE.mean
a 01495 | 495 20180.6 4.3 6.1 0.1
b 01495 | 495 20123.0 3.9 5.8 0.1
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Table 7.2 shows the daily intake of TS and FS for 3 year olds by amount (g/d)
and as percentage of TEI. The estimated mean daily intake of TS and FS were
75.8 (SD 29.3) and 40.0 (SD 23.5) g/d which contributed 26.9 (SD 5.9) and
14.1 (SD 5.81) % of TEl, respectively. The maximum daily intake reported for
TS and FS was 126.0 and 77.4 g/d, respectively. Almost three-quarters of 3
year olds had FS intake greater than the WHO recommendation that FS intake
is @ maximum 10% of TEI while less than 4% met the lower threshold of 5% FS
as % TEI.

Table 7.2 Daily intake of total and free sugar for 3 year old children by amount
(g/d), frequency (as a meal or snack), as a percentage of Total Energy Intake
(TEI) and the proportion of the sample population with Free Sugars (FS) intake
210% and 5% of TEI.

Mean | SD Minimum Maximum
Total sugars (g/d) 75.8 29.3 | 34.9 126.0
Total sugar (frequency) 5.2 1.2 1.0 11.0
Energy from total sugars (%) 26.9 59 12.9 39.3
Free sugar (g/d) 40.0 235 | 7.2 774
Free sugar (frequency) 3.9 1.4 0.0 9.0
Energy from Free sugar (%) 14.1 5.81 | 3.1 35.3
%FS = 10% (%) 74.6
%FS 2 5% (%) 96.8
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The mean frequency of TS and FS consumption (as a meal or snack) was 5.2
(SD 1.2) and 3.9 (SD 1.4) times per day. The maximum frequency of
consumption for TS and FS was 11.0 and 9.0 times per day, respectively.
Figure 7.5 (a-d) shows the mean daily intake of all food sources of TS and FS
covered or non-covered by the SFQ used in the GUI survey as g/day and as
%TEIl. Less than one-quarter of the mean TS intake (g/d) was non-covered by
GUI (Figure 7.5 a) while less than one-third of the mean FS intake was non-
covered (Figure 7.5 c). The proportions were similar when expressed as a
percentage of total energy intake (Figure 7.5 b and 7.5 d).

164



60 —
S 50
£
< 40 —
=
s 30 —
o
2
2 20
8
= 10 —
0 -
covered uncovered
b
60 —
=
o 50 —
-
]
E 40
]
‘%’ 30 —
8 20
=
S 10
=
0 -
covered uncovered
c
o 20
©
3
2 15
=]
3 10 —
@
[ —
7
i N -
o
©
2
0 -
covered uncovered
d
£ 20 —
o
—]
?
8 15 —
£
S
=10
=3
5
o
) 5 —
2
o
2 o -
2 _
covered uncovered

Figure 7.5 (a-d) Daily intake of total (a, c) and free sugar (b, d) covered and
non-covered by GUI food groups for 3 year old children by amount (g/d) and as
a percentage of Total Energy Intake (%TEI).
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7.3.2. Key sugar food sources

The key sugar-contributing food sources of TS and FS intake are displayed in
Table 7.3. The % consumers varied from 25% for desserts and puddings to
100% for dairy products, bread and cereals and fruit and vegetables. The most
important contributors (mean g/d, %TEIl), to TS intake were dairy products
(22.49/d, 7.6% TEI), fruit and vegetables (17.3g/d, 6.3and% TEI), fruit juice and
smoothies (8.7g/d, 3.1% TEI) and confectionary (chocolate and non-chocolate)
(5.8g/d, 2% TEI). The most important contributors to FS intake, were fruit juice
and smoothies (8.4g/d, 3.0% TEI), dairy products (8.2g/d, 2.8% TEI),
confectionary (chocolate and non-chocolate) (5.3g/d, 2% TEI), and soft drinks
(including squashes, cordials and fruit juice drinks) (4.8g/d, 1.8% TEI). Non-
chocolate confectionary and chocolate confectionary were consumed by 45%
and 60% of the total NPNS sample, respectively. Dairy products were
consumed by all the sample population while fruit juice and smoothies and soft
drinks (including squashes, cordials and fruit juice drinks) were consumed by
over 70% of the sample population. RTEBC were consumed by more 92% of
children and contributed 7.8% of the total FS intake. The combination of all

cakes, biscuits and confectionary contributed 37.8% of the total FS intake.

Providing dietary advice to patients regarding the reduction of CF snacks and
limiting CF consumption to main mealtimes only, has long been a
recommendation for the prevention of dental caries (Moynihan, 2002,
Moynihan and Petersen, 2004). To give an estimate of the probability of
consuming a food group as a snack or main meal all eating occasions were
treated as independent occasions. For example, the count of total number of
snacks as a proportion of the total number of eating occasions provided an
approximate estimate of the probability of consuming a particular food group
as a snack. There was a high probability (2:1) of consuming chocolate
confectionary, cakes and biscuits and non-chocolate confectionary as a snack
while this probability was the opposite (1:2) for consumption of fruit juices and
smoothies, dairy products and soft drinks (non-diet) as a snack. RTEBC were

nearly always likely to be consumed as part of a main meal.

To illustrate the effect of exclusion of all snack consumption of soft drinks
(including carbonated, (non-diet), beverages, squashes, cordials and fruit juice
drinks), confectionery (chocolate and non-chocolate), cakes and biscuits, sugar
and syrups the analysis of % FS estimate was repeated with these items

‘removed” from the dietary intake would reduce the mean daily intake of FS
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from 14.1% to 11%. As a population level estimate, this would double the
proportion of 3 year olds meeting the maximum WHO recommendation of 10%
TEI from one-quarter to one-half. However, this does not account for other
changes in dietary intake that might be affected by substitution of snacking

these food and drinks.
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Table 7.3 Contribution of key sugar-contributing food sources to total sugar and free sugar intake in 3 year old children as weight (g/d), as a percentage

of total energy intake (%TEl), by percentage consumers and by probability of consumption as part of a snack or main meal.

TEI= Total energy intake; Freq= frequency

Fruit Dairy | Soft Chocolate Cakes | Non- Sugar | Desserts | RTEBC | Other | Bread Fruit and
juices and Drinks | confectionery | and chocolate and and and vegetables
smoothies (Non Biscuits | confectionery | syrups | Puddings Cereals
Diet)
Consumers (%) 73.0 100.0 | 71.4 59.5 89.7 45.2 56.3 254 921 100.0 | 100.0 100.0
Total sugars.mean | 8.7 220 | 4.8 3.6 4.7 2.2 2.6 1.2 3.2 3.0 2.5 17.3
Total sugars.SD 8.7 11.1 | 8.8 4.8 4.6 29 4.6 4.3 29 2.2 23 11.5
Free sugars.min 0.5 0.0 0.0 0.6 0.0 1.2 0.0 0.0 0.2 0.0 0.0 0.0
Free sugars.max 36.8 26.5 | 515 18.9 28.3 15.2 18.0 11.4 19.9 9.3 15.6 5.4
Free_sugars.mean. | 8.4 8.2 4.8 3.1 4.4 2.2 2.5 0.9 3.1 1.3 0.7 0.4
Free sugars.SD 8.7 6.2 8.8 41 4.4 29 4.4 3.1 2.8 1.5 1.7 0.7
% TEI 3.1 7.6 1.8 1.2 1.6 0.8 0.9 0.4 1.2 1.1 0.9 6.3
sugars.mean.
% TEI sugars.SD 3.1 3.3 3.6 1.6 1.4 1.2 1.4 1.3 1.1 0.8 0.8 4.0
%TEI free 3.0 2.8 1.8 1.1 1.5 0.8 0.9 0.3 1.1 0.5 0.2 0.1
sugars.mean
% TEI free 3.1 1.9 3.6 1.4 1.3 1.2 1.3 0.9 1.0 0.5 0.6 0.3
sugars.SD
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Freq.mean. 0.7 3.2 0.9 0.3 0.8 0.2 0.4 0.1 0.9 5.8 1.8 3.2
Freq.SD 0.6 1.3 0.9 0.3 0.8 0.3 0.5 0.3 0.5 1.7 0.7 1.7
Prob. as Snack 27.0 26.0 | 30.0 73.0 69.0 66.0 18.0 37.0 5.0 21.0 | 19.0 33.0
Prob.as Meal 73.0 74.0 | 70.0 27.0 31.0 34.0 82.0 63.0 95.0 79.0 | 81.0 67.0

Table 7.3 (continued) Contribution of key sugar-contributing food sources to total sugar and free sugar intake in 3 year old children as weight (g/d), as

a percentage of total energy intake (%TEIl), by percentage consumers and by probability of consumption as part of a snack or main meal.
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7.4. Discussion

In the early 1970s Ireland was one of the world’s highest sugar consumers and
reached a peak per capita consumption of more than 150g sugar per day (Friel
et al., 1996). Currently, per capita consumption is estimated at 96.7 g/day and
Ireland is still one of the highest consumers of sugar in Europe (Statista, 2016).
The main aim of this paper was to estimate TS and FS intake for 3 year old
children, identify the key food sources and to discuss the implications for dental
health and dietary advice in the context of the recent WHO guidelines. This
analysis used a modified version (Figure 2.5) of previously developed protocol
(Louie et al., 2015) to map the FS content of the NPNS dataset for 3 year olds.
The results (Figure 7.4a and 7.4b) suggested that while there is a degree of
subjectivity in assigning FS estimates, the overall figures were consistent with
a previous report using the same cohort data (Newens and Walton, 2016). The
TS and FS intakes contributed to 26.9 and 14.1% of TEI, respectively. The
WHO are currently reviewing recommendations for TS intake (Moynihan et al.,
2018). Only a small minority (less than 4%) of children achieved the WHO
conditional recommendation for the lower threshold for FS intake while three-
quarters of children exceeded the higher maximum threshold of 10% TEI. Fruit
juices and smoothies, dairy products (including yoghurts and fromage frais),
soft drinks (including squashes, cordials and fruit juice drinks), confectionary
(chocolate and non-chocolate) and cakes and biscuits were the key food
sources for FS, contributing to more than three-quarters of total FS intake. For
consumers only, fruit juice and smoothies, dairy products and soft drinks
(including squashes, cordials and fruit juice drinks) contributed two-thirds of the
total FS intake. The key sources of TS were dairy products, fruitand vegetables
and fruit juice and smoothies contributing 63% of TS intake. Using these food
groups and treating all snacks and main meals independently, the probability
of consuming chocolate and non-chocolate confectionary and cakes and
biscuits ranged from 66-73% whereas the probability of consuming fruit juice
and smoothies or non-diet soft drinks (including squashes, cordials and fruit

juice drinks) was 27% or 30%, respectively.
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Previous results reported that older Irish children (5-12 years old) had a
frequency of intake of TS of four times per day which corresponded to a mean
added sugar intake of 14.6% of TEI (Joyce et al., 2008). Our results suggested
that younger children (3 years old) had a mean frequency of more than 5 times
per day of TS and almost 4 times per day of FS. The current advice to reduce
both the amount of sugar and aim towards a maximum frequency of 1/day of
sugary foods and drinks is aimed at meeting the WHO guidelines (World Health
Organization, 2015, Moynihan, 2016). The SFQ in GUI did not capture
approximately one-third of FS and one-quarter of TS intake suggesting that
relying on modified short food questionnaires can result in significant
underestimation of typical intake of food sources of sugar. This emphasises the
importance of ensuring the most appropriate instrument is selected at survey
design stage to achieve the optimal results within the constraints of resources.
If, for example, body weight and height are the only physical parameters
measured in a survey, allowing estimation of BMI and obesity, then a dietary
intake instrument that can sufficiently capture total energy and habitual food
intake would be appropriate. Looking at possible relationships between sugar
intake and obesity without capturing one-third of FS consumption may lead to

misleading conclusions.

As a prerequisite for setting guidelines, targeting public health policy and
measuring adherence to recommendations it is necessary to quantify the
current intake of TS/FS/AS and the main food sources (Lei et al., 2016, Sluik
etal., 2016, Ruiz et al., 2017, Gibson et al., 2016, Erickson and Slavin, 2015b,
Azais-Braesco et al., 2017, Newens and Walton, 2016). Although there are very
few data on FS levels of consumption, especially at this age, our results were
similar to those previously reported where a large proportion of children greatly
exceeded the recommended 10% FS as energy intake (Lei et al., 2016, Sluik
et al., 2016, Ruiz et al., 2017, Azais-Braesco et al., 2017, Gibson et al., 2016,
World Health Organization, 2017a). Although most of the data available in the
EU has reported on AS intake, rather than FS, this suggests, given the more
narrowly defined AS (Figure 1.4), that the level of FS intake is probably even
higher. For example, AS intake in the USA in 2-5-year olds is 13.4% of TElI,
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however, as noted in a recent commentary (Moynihan et al., 2018), these
figures exclude FS in 100% natural fruit juice. In this analysis, the mean free
sugar intake was 40g/day, similar to that reported for AS intake for 4-year old
children in the UK and Denmark (World Health Organization, 2017a).
Furthermore, as dietary surveys tend to under-estimate sugar intake, FS

consumption is, probably, under-reported (Livingstone and Black, 2003).

Analytically, it is not possible to distinguish TS and FS (Erickson and Slavin,
2015b, Stephen et al., 2012, Louie et al., 2015) and most methods to estimate
FS have a degree of subjectivity and variation between country and product
(Sluik et al., 2016, Ruiz et al., 2017, Gibson et al., 2016). Currently, food
manufacturers are not required to include FS content in their labelling. The
problem is compounded by the lack of standardisation of terminology and
methods adds to the well-known difficulties that already exist in measuring food
intake in young children (Magarey et al., 2011). While the leading sources of
FS or AS intake tend to be the low nutrient, discretionary foods (Lei et al., 2016,
Welsh and Figueroa, 2017, Sluik et al., 2016, Azais-Braesco et al., 2017) our
analysis suggested that some nutrient-rich foods, such as sweetened yoghurts
(dairy products), are also significant contributors of FS at this young age.
Furthermore, even within the EU there are large variations between countries
in the sugar content of some of these energy-dense, discretionary foods (World
Health Organization, 2017a). For example, RTEBC has been highlighted as a
key source of AS/FS intake with efforts being made to reformulate these
products as part of reducing overall FS consumption (Public Health England,
2017, Public Health England, 2015b, World Health Organization, 2017a).
However, there are wide variations within and across countries in the sugar
content of RTEBC and in our analysis these products contributed less than 8%
of total FS intake. Thus, to reduce FS intake it is important to consider the most
efficient products for reformulation given variations in content between
countries and in consumption patterns at different ages (Public Health England,
2017, Public Health England, 2015b, World Health Organization, 2017a).

Most analyses of cross-sectional data have reported an inverse association

between the overall level of FS/AS intake and nutrient density (Joyce et al.,

172



2008, Gibson et al., 2016). Recent evidence from a prospective study of young
children in Australia indicated that carbonated soft drinks (non-diet) may have
increased cariogenic potential due to higher acidity and added buffering agents
that can prolong a lower pH environment (Gussy et al., 2016). This is a key age
for changes in discretionary food intake (Johnson et al., 2016) and recent
studies (Chaffee et al., 2015, Amezdroz et al., 2015) have demonstrated the
association between increased exposure to cariogenic food items in infancy
and dental caries in the later preschool age. A number of researchers have
suggested that food-based guidelines should focus on discouraging energy
dense, nutrient-poor, discretionary food sources such as confectionary and soft
drinks as a more practical approach to gaining a better overall nutrient intake
than restricting all foods containing sugar (Gibson et al., 2016, Erickson and
Slavin, 2015b, Lei et al., 2016). This seems to be a sensible approach,
particularly for age ranges where other key food sources such as RTEBC and
sweetened dairy products still contribute significantly to overall nutrient intake.
Exclusion of all snack consumption of soft drinks (including carbonated, (non-
diet), beverages, squashes, cordials and fruit juice drinks), confectionery
(chocolate and non-chocolate), cakes and biscuits, sugar and syrups from the
diet of the 3 year olds in this analysis would reduce the mean daily intake of FS
from 14.1% to 11%. As a population level estimate, this would double the
proportion of 3 year olds, from one-quarter to one-half, meeting the maximum
WHO recommendation of 10% TEI. However, this does not account for other
changes in dietary intake that might be affected by substitution of snacking

these food and drinks.

Given the high levels of FS intake relative to the WHO recommendations, even
at this young age, it would appear to be an opportunity for all health care
professionals to focus on strategies to affect food intake behaviour.
Unfortunately, there is a deficit of research on the measurement and
effectiveness of dietary interventions in the dental practice (Arheiam et al.,
2016a, Arheiam et al., 2016b, Meyer and Lee, 2015). As there is also a lack of
high-quality cohort studies that measure dental caries levels and the frequency
and amount of FS intake (Moynihan et al., 2018, Moynihan, 2016) it is,
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currently, difficult to advance the state of knowledge in this crucial aspect of
primary disease prevention. While reducing the frequency of consumption of
FS can assist in lowering dental caries risk it is also necessary to reduce the
amount of FS to reduce the risk of other non-communicable diseases related

to excess sugar intake (Moynihan, 2016, World Health Organization, 2015).

Evidence supporting the updated WHO guidelines were primarily based on a
systematic review of the relationship between sugar intake and dental caries
(Moynihan and Kelly, 2014) and that between sugar and obesity (Te Morenga
et al., 2013). The authors noted that limiting FS intake to, ideally, less than 5%
TEI, at a population level reduces the risk of dental caries throughout the life-
course. As dental caries is a cumulative, dynamic disease process even a small
reduction in risk in early childhood can have significance later in life (Gussy et
al., 2016, Moynihan and Kelly, 2014). However, although WHO have made
recommendations for the amount (World Health Organization, 2015) and
frequency (World Health Organization, 2003) of sugar intake there are many
other factors that affect the cariogenicity of food and drink for children such as
timing, infant feeding practices, duration in the oral cavity, saliva, fluoride
exposure and the composition of the plaque biofilm (Bradshaw and Lynch,
2013, Chaffee et al., 2015, Burt et al., 1988, Johansson et al., 2010, Moynihan
and Petersen, 2004). Interestingly, a recent systematic review (Erickson et al.,
2017) has questioned the scientific basis and low strength of evidence for
recent guidelines on sugar intake (World Health Organization, 2015) and
emphasised the importance of understanding these limitations when dietary

behaviour is being considered.

Apart from the limitations of measuring dietary intake already outlined in
Section 5 there are other issues with terminology when researchers are trying
to compare the frequency of intake of TS/FS including the definition of eating
occasions or snacks (Leech et al., 2015, Marshall et al., 2005). The lack of
standardisation of commonly used terms plus the known phenomenon of
under-reporting of snacks, particularly by subjects who are obese or
overweight, will influence the number of EO recorded and reported (Leech et

al., 2015) (Gibney and wolever, 1997). The limitations of methods to assess

174



dietary intake (Thompson and Subar, 2013), particularly in very young children
(Magarey et al., 2011), are outlined in Section 1.5.2. Individuals also tend to
reduce their actual consumption when intake is monitored, although for parent-
reported data this may not be as problematic. However, parental recall of food
intake is likely to lead to under-reporting (Magarey et al., 2011) and this may
be more pronounced with foods considered to be unhealthy. Under-reporters
were not excluded from this analysis. As suggested in a recent review of TS
and AS intakes in Europe (Azais-Braesco et al., 2017) there is an urgent need
to develop a standardised systematic methodology, similar to that developed
by Louie et al (2015), to minimise the reporting of inappropriate estimates of
AS or FS. However, our analysis was based on nationally representative data
and used food intake estimates measured using a 4 day weighed food diary.

FS estimates were similar to those previously reported for this age group.

7.5. Conclusions

Accurate and reliable data on FS intake at the preschool age is a limiting factor
in understanding consumption levels and pattern of food sources. This analysis
highlights the usefulness in adopting a consistent approach to FS estimation
and the importance of using appropriate methods for determining sugar intake
at the food level. Brief SFQ’s are not suitable techniques for understanding
habitual sugar intake and will lead to bias when examining possible
associations with disease. A large majority of 3 year old Irish children do not
meet the WHO recommended guidelines for FS intake and almost none meet
the desired conditional recommendation. Consequently, it can be reasoned that
FS intake is excessively high even at this early age and targeting low nutrient
discretionary food and drink seems a reasonable approach to achieving an

overall reduction in FS consumption.
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Chapter 8. General Discussion

Despite improved levels of oral health in the general population over previous
decades, the prevalence of oral health problems in younger children has
increased in recent years (Bourgeois and Llodra, 2014, Dye et al., 2010). The
primary caregiver (PCG) is the gate-keeper in providing general and oral health
care for the developing child. The last Child Oral Health Survey in Ireland, which
did not include preschoolers, reported that approximately ‘one-in-three’ 5-year-
old children had a dental caries experience; and more than 80% of the caries
experience was ‘untreated’ (Whelton et al., 2006). This poses a significant
health burden to children and can result in pain, infection, abscess formation
and require restorative treatment or surgery (frequently under general
anaesthesia) and also affects basic functioning — physically, socially and
psychologically (Gussy et al., 2016, Gussy et al., 2006, Boeira et al., 2012,
Finlayson et al., 2007).

There are a number of distinct issues in attempting to research preschoolers
oral and general health predictors including reliance on the PCG for reporting
information, a general lack of availability of health-related data for this age
group (Bonotto et al., 2017, Daher et al., 2015, Lo et al., 2014) and specific
difficulties in accurately measuring dietary intake (Magarey et al., 2011,
Thompson and Subar, 2013). Recently, the WHO have recommended the
inclusion of the 3 year old age group as one of the index ages for population
surveys in the next edition of the WHO’s Oral health surveys: basic methods
(World Health Organization, 2017b) reflecting the new understanding of how
important this preschool period is in establishing oral-health related behaviour
and dietary preferences that impact on future health and development
(Amezdroz et al., 2015, Johnson et al., 2016, Gussy et al., 2016). Advances in
omics technology and biological, psychosocial, behavioural, and data science
have created a wealth of research knowledge that has yet to be fully realised
in attaining the highest standards of health in young children. There has been

recognition of the need for a more integrated approach to dealing with one of
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the most common and costly health problems in childhood- oral disease
(Divaris, 2016, Casamassimo et al., 2014) and how the latest findings can be
translated into improved clinical practice and population health (Sniehotta et
al., 2017, Meyer and Lee, 2015).

This research explored multiple variables based on their relevance to child
dental health, used the conceptual framework of Fisher-Owens (2007) and
applied innovative new approaches utilising the powerful tools of data science
(Binder and Blettner, 2015, Divaris, 2016, Krebs-Smith et al., 2015). The data
sources selected for our secondary analyses were from two nationally
representative preschool cohorts, the GUI and NPNS. GUI was selected as it
is Ireland’s most substantive research initiative ever undertaken of childrens’
health and development and includes multiple psychosocial, behavioural and
environmental factors that impact on oral health outcomes. NPNS was used,
when, as the project progressed, it was identified that a more detailed food

database was required to understand cariogenic food intake of 3 year olds.

Exploratory data analysis (EDA) was carried out using both traditional statistical
approaches e.g., logistic regression (Agresti, 2007), and modern data science
tools, e.g., supervised learning methods (Leskovec et al., 2014, Maimon and
Rokach, 2009). Recently, there has been a convergence between EDA and
data mining and this has been accelerated by the use of more powerful
visualisation tools and a change in the more traditional data modelling culture
(Ho Yu, 2010). Using this data science approach and non-parametric methods
including decision trees, this study initially focussed on risk indicators and
dental problems in children. Essentially, EDA was used in the new context of
data science which relies strongly on data visualisation and predictive
modelling (Peng, 2012, Peng and Matsui, 2015, Wickham and Grolemund,
2016, Ho Yu, 2010, Maimon and Rokach, 2009).

Recent commentaries (Lee and Divaris, 2014, Sniehotta et al., 2017, Divaris,
2016) highlight the need for an integrated multidisciplinary approach to
population based health/oral health research rather than individually examining
the effects of upstream or downstream risk factors (Krieger, 2008). This

analysis has illustrated both the usefulness of using an interdisciplinary
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database and the effectiveness of using CTA and other data visualisation
techniques to highlight multilevel interactions. In this study, the resulting tree
model outputs were relatively easy to interpret, useful for identifying important
variables and demonstrated that PCG and child psychosocial and general
health factors were associated with early childhood dental problems, even
before the completion of the primary dentition. Given the lack of knowledge of
food consumption patterns at this young age, the second key aim, using a
common risk factor approach, was to investigate weight status and dietary
intake of CF. The study of CF intake was further explored by developing novel
data mapping techniques and using other data mining methods from the retail
industry, such as rule association analysis (Hoppner, 2005). It is remarkable,
given the importance of CF, and FS specifically, in contributing to early
childhood caries that greater emphasis has not been placed on understanding
these meal/snack patterns of consumption and interactions between food

components.

While overweight and obesity dominate the focus of recent research with
children, the results of this analysis suggested that it is also important to
consider underweight (thinness) in early childhood as a condition related to
poor health outcomes. Adopting a common risk factor approach to diet, weight
status and dental caries was proposed almost two decades ago (Sheiham and
Watt, 2000) but the relationship is still unclear (Hooley et al., 2012a). The
prevalence of underweight and obesity was similar in the 3 year old GUI cohort.
The results of CTA of almost 9,800 children indicated that a subgroup of
children, which combined obese and underweight categories, had the highest
prevalence of dental problems (19%). However, this was a small subgroup and
only illustrated the difficulties in investigating weight status, dietary intake and
dental problems, especially at this young age, using a cross-sectional
approach. Ethnicity was the most important predictor of dental problems in this
CTA, which was particularly interesting as this has been used as a variable in
relatively few studies of dental caries in children. The PCG education level,
although not a significant predictor in this study’s CTA model, has been

consistently shown to be an important risk factor for caries in children (Harris
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et al., 2004). Ultimately, the common risk factor approach may be a pragmatic
means of developing shared modifiable strategies for prevention of both dental
and weight problems. To progress our knowledge in these areas and develop
evidence-based policy approaches to oral health care it is crucial to have large
high-quality datasets with both medical and dental information that can be
readily analysed (Carson et al., 2017). However, a degree of caution needs to
be applied to the application and interpretation of predictive models and
adopting a ‘black-box’ approach is inadvisable (Breiman, 2001, Ho Yu, 2010).
Data mining algorithms generally favour high overall classification without any
regard for individual class significance. This has been referred to as the
accuracy paradox, where the accuracy measure is high but only reflects the
underlying class distribution (Sun et al., 2009). This underlines the importance
of reporting more performance indicators than predictive accuracy alone and
being aware of the statistical properties of the data distribution. Thus, using
new analytic software or techniques without a clear understanding of the
statistical logic behind the methods can result in inappropriate analysis and
questionable results (Hastie et al., 2009, Ho Yu, 2010).

The results of initial analyses prompted the need for more detailed food intake
data for 3 year old children and highlighted the importance of selecting the most
appropriate dietary instrument at survey design stage. To augment the limited
dietary intake data in GUI the detailed NPNS data was used to map the food
categories in GUI. This protocol provided a method for further mapping of
national cohort surveys and food databases for other age cohorts. Through
mapping the food codes and estimating the degree of non-covered food it was
possible to visualise the relative performance of the Short Frequency
Questionnaire (SFQ) compared to the more detailed one especially in capturing
specific food types, e.g., high sugar foods. The SFQ did not capture a
substantial portion of habitual food intake of 3 year olds in Ireland. Researchers
interested in focussing on specific foods, such as those high in sugar, could
use this approach in the future to easily assess the proportion of foods covered

or non-covered by reference to the mapped, more detailed, food database.
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The consumption of CF was estimated, for consumers only, using a mean daily
intake method and an average consumption method. Differences in distribution
patterns of snack and main meal consumptions were easily visualised using
asymmetric bean plots. This illustrated how the method used to estimate and
report food intake can influence the interpretation of results. Association
analysis, was used to identify the food components of all eating occasions and
the combinations of CF and non-CF (NCF) components in the most commonly
consumed meals and snacks. Using these descriptors (cariogenic and non-
cariogenic aggregates), the most commonly consumed CF items as snacks
were also low nutrient discretionary foods and drinks that were key contributors
to FS intake. Thus, efforts to reduce FS intake should first target these
discretionary items that contribute little to overall nutrient intake. Using similar
data from the association analysis, alluvial plots visualised the CF and NCF
component interactions of the 10 most frequent eating occasions of cariogenic
food. This provided an insight into how CF components are consumed with (or
without) NCF components in meals and snacks which can provide useful
information on dietary advice for dental health. Each meal was composed of
3.4 food components and one-quarter of these components were CF. In
general, our results suggested that the overall intake of CF was high compared

to recommended dietary guidelines for children.

A recent commentary noted that nutrition research is one of the most
contentious areas in science (loannidis and Trepanowski, 2018). There are a
number of limitations when investigating the effect of individual foods or
nutrients on oral health, not least of which is the capture of accurate dietary
intake data. As mentioned previously, brief SFQs are commonly used in large
surveys such as that used in GUI. This study has clearly demonstrated the
unsuitability of these instruments for understanding habitual food intake and
the potential bias when examining possible associations. Although there is no
accepted valid approach for FS estimation, the protocol used to map FS intake
in this research found similar results to previously reported results (Walton et
al., 2016). A large majority of 3 year old Irish children did not meet the WHO

recommended guidelines for free sugar intake and almost none met the desired
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conditional recommendation of 5% total energy intake from FS. Consequently,
it can be reasoned that free sugar intake is excessively high even at this early
age and targeting low nutrient, discretionary food and drink seems a
reasonable approach to achieving an overall reduction in consumption. For
example, using the NPNS data, if all snack consumption of soft drinks (including
carbonated, (non-diet), beverages, squashes, cordials and fruit juice drinks),
confectionery (chocolate and non-chocolate), cakes and biscuits, sugar and
syrups were excluded from the diet this would reduce the mean daily intake of
FS would be reduced from 14.1 to 11% for the total sample population. As a
population level estimate, this would double the proportion of 3 year olds
meeting the maximum WHO recommendation of 10% TEI from one-quarter to
one-half. However, this does not account for other changes in dietary intake
that might be affected by substitution of snacking on these foods and drinks.
Given that eating habits developed at this age influence eating behaviours over
the lifecourse (Gibson et al., 2012), this may, however, offer a potential focus
for public health services in Ireland to further implement a common risk factor

approach to obesity and dental disease.

Methodological difficulties in conducting both dietary assessment (loannidis,
2013, Thompson and Subar, 2013) and oral health research (O'Mullane et al.,
2012) are considerable. Developing techniques such as data mapping and data
linkage protocols can help maximise the potential within datasets and foster
interdisciplinary approaches (Slack-Smith, 2012, Schenker and Raghunathan,
2007). The NPNS data is the only detailed food database for preschool children
in Ireland and, to the best of our knowledge, this analysis was the first to use
data mapping protocols for the purpose of exploiting the value of a larger
dataset (GUI) of children of a similar age. However, the future of nutritional
epidemiology will revolve around “real-time” methods that capture habitual and
changing dietary intake over time (Krebs-Smith et al., 2015, Boushey et al.,
2017, Forster et al., 2014). This will also require continued development of
standardised terminology and application of appropriate data-driven or

investigator defined techniques (Krebs-Smith et al., 2015) for measuring dietary
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patterns, even including the seemingly mundane definition of the humble
‘snack’ (Leech et al., 2015).

Applying “big data” techniques to evaluate observational data can be regarded
as a form of data mining which is effectively the discovery of “models” for data
(Leskovec et al., 2014). Training in the application of these techniques is
essential if dental epidemiology is to equip future researchers with the skills
needed to meet the requirements of modern epidemiological research.
Integration of “big data” into the practice of epidemiology was one of the key
recommendations to transform epidemiology for 21 Century Public Health
Medicine (Khoury et al., 2013). This is already occurring in areas such as
bioinformatics and genomics (Lee et al., 2008, Binder and Blettner, 2015).
Constant argument over upstream and downstream factors to decide upon and
which public health approach to support, i.e., population-level versus individual-
level, has not advanced the science of public health (Baker and Gibson, 2014).
As suggested recently (Sniehotta et al., 2017), a new model is required for
public health that is built on a comprehensive and sophisticated knowledge of
complex systems (Luke and Stamatakis, 2012). However, successful targeting
of high risk subgroups would require a risk prediction model with both high
sensitivity and specificity. Machine learning algorithms can improve predictive
accuracy over more conventional regression models and, as demonstrated
here, can illustrate nonlinear interactions between variables (Chen and Asch,
2017). It is essential to be cautious when using these powerful analytical
techniques and have a solid understanding of the underlying domain
knowledge and the data characteristics/ distribution to avoid overfitting the
data. High-quality longitudinal cohort data and valid methodology must be the
cornerstone for creating accurate risk assessment models (Divaris et al., 2017,
Chen and Asch, 2017).

Data analysis involves the transformation of raw data into usable information
(Binder et al., 2006). Data visualisation is an exciting branch of data science
(Wegman, 2003) that appears to have been underutilised in dental research to
date and these techniques, which can be complex to apply and comprehend

initially, hold large potential for identifying useful patterns and associations in
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large datasets (Lander, 2014, Williams, 2011, Tufte, 2001). As demonstrated
in this research, the use of bean plots or alluvial diagrams to visualise data can
highlight patterns within the data that are difficult to otherwise identify. This was
elegantly emphasised by Tufte’s (2001) classic portrayal of Anscombe’s quartet
which showed that graphics can be more revealing than conventional statistical
parameters where all four datasets described by the same linear regression

model have very different patterns of distributions.

It is particularly important to develop code writing skills so that the data analysis
process is logical and transparent and keeps a clear and reproducible record.
As demonstrated in this analysis, R Markdown was very useful for creating
code documents and provided a clear record of the text and code generated.
Any subsequent alterations to the input data or code chunks can be re-
executed and automatically regenerate documents in Word®, HTML or PDF
formats (Lander, 2014).

Inevitably, there were difficulties with this project. Full access to the researcher
microdata files from GUI required appointment as an Officer of Statistics. While
the practical and conceptual impetus for interdisciplinary research is well
recognised (Van Noorden, 2015) there are a number of resistances
encountered when submitting papers, applying for grants and collaborating
(MacLeod, 2018). Linking distinct datasets at a national level is desirable from
a research perspective (Kim and Rao, 2011, Schenker and Raghunathan,
2007). Public Health England have proposed to link (using anonymised ID) the
National Diet and Nutrition Survey with the National Oral Health Survey for the
purpose of investigating the common risk factor approach to overweight/obesity
and oral health (Public Health England, 2013b). However, all aspects of data
usage will need to be reviewed under the new general data protection

regulations that come into effect in May 2018.

In conclusion, the research completed in this thesis presents a detailed set of
analyses of key risk indicators of dental health problems in preschool children
with an emphasis on using non-traditional approaches adopted from data
science. Beginning with classification tree models, the association between the

prevalence of dental problems in preschoolers and health and psychosocial
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characteristics of the PCG and child were demonstrated. Subsequently,
through focussing on the common risk factor approach to weight status and
dental health, the later Sections of the research concentrated on developing
novel methods for exploring the consumption of cariogenic food in 3 year olds
in Ireland. The code developed for the mapping protocols for the food database
and for FS estimation has provided an opportunity for other researchers to
utilise these techniques or copy code fragments that may be applied to other
food databases while some of the visualisation techniques gave an insight into
how beneficial these tools are for highlighting trends that may be otherwise
hidden within the data.

The findings presented highlighted the relatively high prevalence of reported
dental problem visits in early childhood, with 1 in 50 children at 9 months and
1in 20 at 3 years of age having a reported dental problem that resulted in the
PCG seeking child health care. However, to advance the usefulness of this
data, further proposals have been submitted for a nested study to the
Department of Children and Youth Affairs (DCYA). The GUI infant cohort
includes specific information on oral health, however, clinical data on dental
caries experience is lacking. The ability to obtain clinical information on a group
of children ‘nested’ in this cohort offers a unique opportunity to examine ‘how’
and ‘why’ dental caries develops. Given the anticipated prevalence rates of
dental caries and the model analysis already completed on the existing data, it
is intended to use importance sampling to obtain a ‘nested’ group within the
existing infant cohort who would now be, approximately, 10 years old. To
pursue the theme of the current research multiple oral health survey questions
have been successfully incorporated into the next National Child Food Survey
which will provide more detailed nutritional data that can be directly explored in
relation to dental variables for children 5-12 years of age. Building on previous
analyses this data could be explored using new R software packages such as
caret (classification and regression training) that attempt to streamline the
process for creating predictive models. The future of dental epidemiology must

be closely allied with other disciplines, particularly those in the data,

184



behavioural and nutritional sciences, which can focus on modifiable risk

changes.
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Appendix A

Table A1 Index to selected code fragments and code documents.

Chapter

3,4

Data

GUI_Wave-1
GUI_Wave-2

GUI_Wave-2

NPNS
GUI_Wave-2

NPNS
GUI_Wave-2

NPNS
GUI_Wave-2

Details

Decision trees

Calculation of IOTF cut-offs for reclassification of BMI
Calculation of Ims for UK/WHO obesity cut-offs

Data linkage, mapping, aligning, filter, equivalence tests, proportion
tests
Data linkage, non-covered analysis

Cariogenic food meal analysis,
Association analysis

Free sugar mapping comparison

Analysis of total, free sugar distributions covered by GUI and NPNS
Recategorisation of NPNS food codes to assess key food sources

216

Code fragments and/or code file names

SPSS code fragments

Code fragments

IUNA- NPNS- mapped to GUI_Rmd

Non-covered_Analysis.RMd

Cariogenic_summary.Rmd
Association analysis.Rmd

Free-sugars-mapping.Rmd
Non-covered-Sugars.Rmd
Uncovered IUNA Food code mapping.csv

page

217
218

219
220

224

227

249
280

303
313
338



Subsection 1. SPSS code fragments: Chapters 3 and 4

Note: All DataSet files used were restricted access, RMF files from the GUI
infant cohort, Wave 1 or Wave 2(access only via Central Statistics Office
application). Key Code fragments are highlighted in yellow, e.g.,

misclassification costs.
Chapter 3

a. SPSS code for classification tree (Wave 1, 9 Months old)

DATASET ACTIVATE DataSet RMF file GUI-Wave 1

TREE apch38f Rec [n] BY aphcOlb [s] aphcOla [n] aphc02a
[n] apch40 [n] aded07a [s] aded07b [s]

aded07c [s] aded07d [s] adfcl8p [s] adfcl9 [s]
adph24p [s] adph25p [s] apsd43a [n] apsd53 [n]

adsd56a [s] adsd58a [s] apcll5 [n] apchOlbcat [n]
apph02 Rec Binary [n] apcl07 [n]

/TREE DISPLAY=TOPDOWN NODES=STATISTICS
BRANCHSTATISTICS=YES NODEDEFS=YES SCALE=AUTO

/DEPCATEGORIES USEVALUES= [.00 1.00] TARGET= [1.00]
/PRINT MODELSUMMARY CLASSIFICATION RISK

/GAIN CATEGORYTABLE=YES TYPE=[NODE] SORT=DESCENDING
CUMULATIVE=NO

/METHOD TYPE=CHAID

/GROWTHLIMIT MAXDEPTH=5 MINPARENTSIZE=100
MINCHILDSIZE=50

/VALIDATION TYPE= CROSSVALIDATION (10)
OUTPUT=BOTHSAMPLES

/CHAID ALPHASPLIT=0.05 ALPHAMERGE=0.05 SPLITMERGED=NO
CHISQUARE=PEARSON CONVERGE=0.001

MAXITERATIONS=100 ADJUST=BONFERRONI INTERVALS=10

/COSTS CUSTOM= .00 .00 [0] .00 1.00 [.05] 1.00 .00 [.95]
1.00 1.00 [0]
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b. SPSS code for classification tree (3 years of age)

DATASET ACTIVATE DataSet RMF file GUI-Wave 2

TREE bpch57 [n] BY bphc02a [n] bphcOla [n] bpph02 Rec Bin
[n] bpch0lb Rec Bin [n] bpch47a [n]

bpch56 [n] bdcr04p [n] bdcr05p [s] bpcll7a [n]
bpcll7b [n] bdedl9a [s] bdedl9b [s] bdedl9c [s]

bded20f [s] bdfc2lp [s] bpph2l [n] bdph24p [s]
bdph25p [n] bpsd43a [n] bpsd53 [n] bdsd56a [n]

bdsd58a [s]

/TREE DISPLAY=TOPDOWN NODES=STATISTICS
BRANCHSTATISTICS=YES NODEDEFS=YES SCALE=AUTO

/DEPCATEGORIES USEVALUES= [1 2] TARGET= [1 2]
/PRINT MODELSUMMARY CLASSIFICATION RISK

/GAIN CATEGORYTABLE=YES TYPE=[NODE] SORT=DESCENDING
CUMULATIVE=NO

/METHOD TYPE=CHAID

/GROWTHLIMIT MAXDEPTH=4 MINPARENTSIZE=100
MINCHILDSIZE=50

/VALIDATION TYPE=CROSSVALIDATION (10)
OUTPUT=BOTHSAMPLES

/CHAID ALPHASPLIT=0.05 ALPHAMERGE=0.05 SPLITMERGED=NO
CHISQUARE=PEARSON CONVERGE=0.001

MAXITERATIONS=100 ADJUST=BONFERRONI INTERVALS=10
/COSTS CUSTOM= 1 1 [0] 1 2 [.95] 2 1 [.05] 2 2 [O]

/MISSING NOMINALMISSING=MISSING
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Chapter 4

a. Recoding of BMI classification for RMF datafiles for 3 year olds using
the IOTF classification

Label: RMF data recoded BMI according to IOTF
classification

GET
FILE=DATASET ACTIVATE DataSet RMF file GUI-Wave 2
*recode BMI to male female IOTF.

DO IF (bphc02a = 1).

RECODE bdpm0O6c (MISSING=0) (Lowest +thru 14.82999=1)
(14.83 thru 17.84999=2) (17.85 thru

19.49999=3) (19.5 thru Highest=4) INTO
BMI Class_IOTF_Male.
END TF.
EXECUTE.

DO IF (bphc02a = 2).

RECODE bdpm06c (MISSING=0) (14.60 thru 17.63999=2)
(Lowest thru 14.599999=1) (17.64 thru

19.37999=3) (19.38 thru Highest=4) INTO
BMI Class_IOTF_Female.
END TIF.
EXECUTE.

FREQUENCIES VARIABLES=BMI Class_ IOTF Female
/ORDER=ANALYSIS.

COMPUTE BMI class_IOTF=BMI Class_IOTF_Male +
BMI Class_IOTF_Female.

EXECUTE.
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b. LMS method for BMI classification of 3 year olds using WHO/UK cut-
offs

DATASET ACTIVATE DataSet RMF file GUI-Wave 2 infant

cohort

WEIGHT BY bzwgOl.

FREQUENCIES VARIABLES=BMI IOTF classification 3YO
/ORDER=ANALYSIS.

IF (bphc02a = 1) z_ind male=((bdpm06c / 15.5988) ** (-
0.3101) - 1)/ (-0.3101%0.07931).

EXECUTE.

IF (bphc02a = 2) z_ind female=((bdpm0O6c / 15.3968) ** (
-0.5684) - 1)/ (-0.5684%0.08535).

EXECUTE.

IF (ABS(z_ind male) <= 3)

z_ind male_abs_1lt 3=z _ind male.
EXECUTE.

IF (z_ind male > 3) z_ind male_gt3= 3+ (bdpmO6c - 20.0)
/ (20.0 -18.4).

EXECUTE.

IF (z_ind male < - 3) z_ind male_1lt 3= -3 + (bdpmO6c -
12.4 ).

EXECUTE.

IF (ABS(z_ind female) <= 3)

z_ind female abs_1lt 3=z ind female.

EXECUTE.
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IF (z_ind _female > 3) z_ind female gt3= 3+ (bdpm0O6c -
20.3) / (20.3 -18.4).

EXECUTE.

IF (z_ind female < - 3) z_ind_ female 1t 3= -3 + (bdpmO6c
- 12.1 ).

EXECUTE.

COMPUTE z_final male=SUM (z_ind_male_abs_1lt 3,

z_ind male gt3, z_ind male_ 1t 3).
EXECUTE.

COMPUTE z_final female = SUM ( z_ind female abs_ 1t 3,
z_ind female gt3, z_ind female 1t 3).

EXECUTE.

COMPUTE
percentile male=100*CDF.NORMAL(z_ final male,0,1).

EXECUTE.

COMPUTE
percentile female=100*CDF.NORMAL(z_final female,0,1).

EXECUTE.

COMPUTE percentile SUM(percentile male,

percentile female).

EXECUTE.

IF (percentile <= 91) bmi level 0=0.

EXECUTE.

IF (percentile > 91 AND percentile <= 98) bmi_ level 1=1.
EXECUTE.

IF (percentile > 98) bmi_ level 2=2.
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EXECUTE.

COMPUTE bmi_level =

bmi_ level 2).

EXECUTE.

VALUE LABELS bmi_level
.00 'Normal'
1.00 'Overweight'
2.00 'Obese'.

EXECUTE.

SUM

(bmi_level O,
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c. SPSS code for classification tree (3 years of age)

TREE bpch57 [n] BY bphc02a [n] bpch05b [n] bpch03 [n]
bpchd47a [n] bpch56 [n] bpcn03a [n] bpcn03c

[n] bpcn09a [n] bpcn09b [n] bpcn09¢ [n] bpcn09d [n]
bpcn09e [n] bpcn09f [n] bpcn09g [n] bpcn0% [n]

bpcn09i [n] bpcn09j [n] bpcn09k [n] bpcn091 [n]
bpcn09m [n] bpcn09n [n] bpcn090 [n] bpcll7a [n]

bpcll7b [n] bpcll8aa [s] bdsd58a [s] bdsd56a [n]
bpsd53 [n] bpsd43a [n] bdpmO6p [s] BMI class_ IOTF

[n]

/TREE DISPLAY=TOPDOWN NODES=STATISTICS
BRANCHSTATISTICS=YES NODEDEFS=YES SCALE=AUTO

/DEPCATEGORIES USEVALUES= [1 2] TARGET=[1]
/PRINT MODELSUMMARY CLASSIFICATION RISK

/GAIN CATEGORYTABLE=YES TYPE=[NODE] SORT=DESCENDING
CUMULATIVE=NO

/METHOD TYPE=CHAID

/GROWTHLIMIT MAXDEPTH=5 MINPARENTSIZE=100
MINCHILDSIZE=50

/VALIDATION TYPE= CROSSVALIDATION (10)
OUTPUT=BOTHSAMPLES

/CHAID ALPHASPLIT=0.05 ALPHAMERGE=0.05 SPLITMERGED=NO
CHISQUARE=PEARSON CONVERGE=0.001

MAXITERATIONS=100 ADJUST=BONFERRONI INTERVALS=10
/COSTS CUSTOM= 1 1 [0] 1 2 [.95] 2 1 [.05] 2 2 [O]

/MISSING NOMINALMISSING=MISSING.
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Subsection 2. Rmarkdown and RStudio files for Chapters
4-7.

1. IUNA NPNS mapped to GUIl. Rmd
Key packages

*  SQLDF to join data: joins data more effectively using SQL (link to
http://www.iana.org/assignments/media-types/application/sql)

+  foreign read the SPSS data
library(sqldf)

'foreign' was built under R version 3.4.1

storePath <- "tmp

NPNS data was in two separate files

1. Antropometric data
2. Food diary

Joined both files as needed the antropometry data in the analysis

Join is on subject id

# Read the two datasets

antropoDf <- read.csv("npns-antropometry-data.csv", header = T
RUE)

fooddataDf <- read.csv('"npns-derived-vl copy.csv", header = TR
UE)

# Join the two dataset using the id of the subject
foodDataAgeDf <-

sqldf("SELECT f.*, a.* FROM fooddataDf f LEFT JOIN antropoDf a
ON f.SUBJECID = a.ID")

Limited to 3 years old

# Looking at only 3 and 5 years old - Note there is no 5 years
subjects
foodDataForMapping <- sqldf("SELECT * from foodDataAgeDf WHERE
AGE = 3")

The GUI food questionnaire and the NPNS data in SPSS format
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# Reading in the GUI codes

guiFoodQuestions <- read.table(file="GUI-gn.txt", sep=".")
colnames(guiFoodQuestions) <- c('code', 'description')
foodDataSPSS <- read.spss(file="npns-food-file-4R.sav")

## re-encoding from CP1252

Included the cooking methods description to build the dataset that is used for
mapping using the following variables

3. Food code

4. Food description (short and long)

5. Cooking method (code and description)
6. F77 food category

# Loaded initially to map against the 77 food categories
iunaFoodCodes <-

cbind.data.frame(code = seq(1, 77),

description = levels(foodDataSPSS$IUNA_NPNS_77FG))

# Loaded initially to use the cooking
cookingMethodsCodes <- read.table(file = "CMETH.txt", sep = "=

II)
colnames (cookingMethodsCodes) <- c('code', 'description')

# Group diary entries by IUNA Code 77 and cooking method.
foodGroupsCmeth <-

sqldf("SELECT IUNA_NPNS_77FG, CMETH, count(*) ct FROM foodData
ForMapping GROUP BY 1,2 ")

# Add description to the cooking method

foodGroupsCmethExt <-

sqldf(

"SELECT fc.description FOODNAME, cm.description COOKINGMETHOD
, fg.*

FROM foodGroupsCmeth fg

LEFT JOIN cookingMethodsCodes cm ON cm.code = fg.CMETH

LEFT JOIN iunaFoodCodes fc ON fc.code = fg.IUNA NPNS_ 77FG"

)

write.csv(

foodGroupsCmethExt,

file = paste(storePath, "iuna-food-groups-cooking-methods.csv"
» sep = "/"),

row.names = FALSE

)
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# List of all distinct food in the diary

allFoods <-

sqldf(

"SELECT distinct IUNA_NPNS 77FG, CMETH, FCODE, Food descriptio
n_first first

FROM fooddataDf "

)

## IUNA_NPNS_77FG is too coarse we need to use the actual food
codes

allFoodsExt <-

sqldf(

"SELECT fc.description FOODNAME, cm.description COOKINGMETHOD
, fg.*

FROM allFoods fg

LEFT JOIN cookingMethodsCodes cm ON cm.code = fg.CMETH

LEFT JOIN iunaFoodCodes fc ON fc.code = fg.IUNA NPNS_ 77FG"

)

write.csv(

allFoodsExt,

file = paste(storePath, "iuna-food-allFoods-with-groups.csv",
Sep = II/II)’

row.names = FALSE

)
Mapping done in Google sheet with filters

At this point the mapping was read. If not mapped we set the GUI_CODE to
NULL

mappings <- read.csv(file=paste("iuna-gui-mapping-2015-12-21.c
sv", sep="/"), header = TRUE)

# Setting all empty i.e non categorized foods to NA
mappings[mappings$GUI_CODE == "", ]$GUI_CODE <- NA

Joined the mapping back to the NPNS data using:

7. FOOD CODE
8. COOKING METHOD

foodDataGUIMapped <-

sqldf(

"SELECT f.*, m.GUI_CODE from foodDataForMapping f

LEFT JOIN mappings m on m.FCODE = f.FCODE AND m.CMETH = f.CM
ETH"

)
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2. Non-covered analysis.Rmd.

Initially, the data was loaded after we mapped and the IUNA NPNS 77 Food
Group was used to group the different foods.

The initial aggregation was done at SUBJECT_ID and SURVDAY survey day
meaning that for each subject and each day of the survey we got an

aggregated record.

Defined 4 aggregate metrics:

1. non_gui_ct number of entries in the diary which do not map to a GUI
food code. Note that an entry in the diary is a consumption.

2. non_gui_fwt the total weight of the entries which do not map to a GUI
food code.

3. day_ct total number of entries.

4. day_fwt total weight of the entries.

Note that all the 4 aggreates are agreggated at subject and survey day level,
meaning that there is an entry for each subject and for each day of the
survey.

foodDataGUIMapped <- read.csv("foodDataGUIMappedV2.csv")
foodDataSPSS <- read.spss(file="npns-food-file-4R.sav")

DOW <- c('SUN', 'MON', 'TUE', 'WED', 'THU', 'FRI', 'SAT')
foodDataGUIMapped$DOW <- factor(sapply(foodDataGUIMapped$DOW,
function(x){

DOW[ x]
}), levels = DOW)
# Loaded initially to map against the 77 food categories
iunaFoodCodes<- cbind.data.frame(code=seq(1,77), description=1
evels(foodDataSPSS$IUNA NPNS 77FG))

nonGUIConsumptions <- sqldf("SELECT SUBJECID, DOW,

SUM(CASE WHEN GUI CODE IS NULL THE
N 1 ELSE © END) non_gui ct,

SUM(CASE WHEN GUI CODE IS NULL THE
N FWT ELSE © END) non_gui_fwt,

SUM(CASE WHEN GUI CODE IS NULL THE
N sugars ELSE © END) uncovered total sugar,

SUM(CASE WHEN GUI CODE IS NULL THE
N © ELSE sugars END) covered total sugars,

SUM(sugars) total sugars,

COUNT(*) day_ct,

SUM(FWT) day_fwt
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FROM foodDataGUIMapped GROUP BY SU
BJECID, DOW")

Ratio of non-GUI and total consumptions

Checked if the ratio changes over the day of the survey. Assumed

independance across the 4 days.
Overall view

library(ggplot2)

nonGUIConsumptions$ratio ct <- nonGUIConsumptions$non gui ct/n
onGUIConsumptions$day ct

nonGUIConsumptions$ratio fwt <- nonGUIConsumptions$non gui fwt
/nonGUIConsumptions$day fwt

par(mfrow=c(1,1))

xval <- nonGUIConsumptions$ratio ct*100

h<-hist(xval, xlab='% of total count of consumptions per day',
main="Unmapped consumptions ratio", col='orange')

xfit <- seq(min(xval), max(xval), length.out = 40)

yfit <- dnorm(xfit, mean = mean(xval), sd= sd(xval))

yfit <- yfit * diff(h$mids[1:2]) * length(xval)

lines(xfit, yfit, col='blue', 1lwd=2)

box ()

xval <- nonGUIConsumptions$ratio fwt*100

h<-hist(xval, xlab='% of total food weight per day’,
main="Unmapped food weight", col='orange')

xfit <- seq(min(xval), max(xval), length.out = 40)

yfit <- dnorm(xfit, mean = mean(xval), sd= sd(xval))

yfit <- yfit * diff(h$mids[1:2]) * length(xval)

lines(xfit, yfit, col='blue', 1lwd=2)

box ()

## [1] "=====Uncovered Food Items Weight ====="

pastecs::stat.desc(nonGUIConsumptions[,c("non gui ct", "day ct
", "non_gui_fwt", "day_fwt")])

H#it non_gui ct day ct non_gui fwt da
y_fwt
## nbr.val 504.0000000 504.0000000 5.040000e+02 5.04000
Qe+02
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## nbr.null
0e+00

## nbr.na
0e+00

## min
Qe+01

## max
0e+03

## range
0e+03

## sum
Qe+05

## median
0e+03

## mean
4e+03

## SE.mean
4e+01

## CI.mean.0.95

3e+01

## var
7e+05

## std.dev
le+02

## coef.var
6e-01

4057.

0.0000000

0.0000000

1.0000000

21.0000000

20.0000000

0000000

8.0000000

8.0496032

0.1349343

0.2651043

9.1764611

3.0292674

0.3763251

9

0.0000000

0.0000000

2.0000000

35.0000000

33.0000000
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. 0000000

18.0000000

18.2757937

0.2223957

0.4369389

24.9277628

4.9927711

0.2731904

.000000e+00

.000000e+00

.100000e+01

.307000e+03

.236000e+03

.088480e+05

.900000e+02

.143810e+02

.007997e+00

.769793e+01

.089658e+04

.022290e+02

.880268e-01

pastecs::stat.desc(nonGUIConsumptions[, c("ratio ct",

wt*)1)

##
##
##
##
##
##
##
##
##
##
##
##
##
##
##

nbr.val
nbr.null
nbr.na
min

max
range
sum
median
mean
SE.mean

var
std.dev
coef.var

CI.mean.o0.95

NPFRPRPRPRPUDMPBNMNOOREPRPOOWV

ratio ct

.040000e+02
.000000e+00
.000000e+00
.250000e-01
.000000e+00
.750000e-01
.238548e+02
.444444e-01
.441563e-01
.476348e-03
.075933e-02
.511516e-02
.229437e-01
.768028e-01

AR NMNFRPOWWROURM~MNOOWUW

ratio fwt
.040000e+02
.000000e+00
.000000e+00
.899931e-02
.000000e+00
.510007e-01
.738821e+02
.323618e-01
.450041e-01
.785794e-03
.333199e-02
.320769e-02
.523407e-01
.415620e-01
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0.00000

0.00000

7 .60000

2.46600

2.39000

6.22553

1.21400

1.23522

1.64196

3.22595

1.35880

3.68620

2.98423
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Analysed how the ratio of the covered food varies over each day of the week.

First looked at the distribution of the total number of consumptions and the
total food over the day of the week.1 = Sunday; 2 = Monday; 3 = Tuesday; 4 =
Wednesday; 5 = Thursday; 6 = Friday; 7 = Saturday

library(sm)

library(boot)
par(mfrow=c(1,1))

nonGUIConsumptions$dowFactored <- factor(nonGUIConsumptions$DO
W)

with(nonGUIConsumptions,
list(
ct=boxplot(day_ct~DOW, xlab="Day of the Week", ylab="Numb
er of comsumptions"”,
main="Number of consumptions by day of the week -
Count"),
weight=boxplot(day_fwt~DOW, xlab="Day of the Week", ylab=
"Weight of consuptions”,
main="Weight of consuptions by day of the week -

Weight")
Number of consumptions by day of the week
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Weight of consumptions by day of the week
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Then explored the actual ratio.

with(nonGUIConsumptions,
list(
ct=boxplot(ratio ct*100~DOW, xlab="Day of the Week", ylab
="% of non-GUI Consumption (count)",
main="% Uncovered foods by day of the week - Coun
t"),
weight=boxplot(ratio fwt*100~DOW, xlab="Day of the Week",
ylab="% of non-GUI Consumption (weight)",
main="% Uncovered foods by day of the week - Weig
ht")
)
)
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% Uncovered foods by day of the week - Count
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reportedStats <- as.data.frame(aggregate(cbind(non_gui_ct, day
_ct, non_gui_fwt, day_fwt, ratio_ct, ratio_fwt)~DOW, data=nonG
UIConsumptions, function(x){

rst <- pastecs::stat.desc(x)

c(rst['nbr.val'], rst['min'], rst['max'], rst['range'], rst[
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'median'], rst['mean'], rst['std.dev'])

)

kable(t(reportedStats[,-1 ]), col.names = reportedStats[,1 ],
digits = 1, description="descriptive for key variable")

1 2 3 4 5 6 7
non_gui_ct.nbr.val 88.0 63.0 58.0 64.0 63.0 68.0 100.0
non_gui_ct.min 2.0 2.0 2.0 3.0 1.0 2.0 3.0
non_gui_ct.max 18.0 19.0 16.0 16.0 19.0 18.0 21.0
non_gui_ct.range 16.0 17.0 14.0 13.0 18.0 16.0 18.0
non_gui_ct.median 8.0 8.0 8.0 8.0 9.0 8.0 7.0
non_gui_ct.mean 7.7 8.0 7.8 8.3 8.8 8.0 7.9
non_gui_ct.std.dev 2.8 3.2 2.8 3.0 3.6 2.8 29
day_ct.nbr.val 88.0 63.0 58.0 64.0 63.0 68.0 100.0
day_ct.min 2.0 3.0 7.0 10.0 7.0 7.0 8.0
day_ct.max 31.0 28.0 29.0 35.0 35.0 32.0 35.0
day_ct.range 29.0 25.0 22.0 25.0 28.0 25.0 27.0
day_ct.median 18.0 18.0 18.0 19.0 19.0 17.0 18.0
day_ct.mean 17.3 18.0 18.5 19.4 19.6 17.9 17.9
day_ct.std.dev 4.8 4.7 4.3 5.4 6.2 4.7 4.7
non_gui_fwt.nbr.val  88.0 63.0 58.0 64.0 63.0 68.0 100.0
non_gui_fwt.min 76.0 78.0 71.0 138.0 100.0 96.0 83.0

non_gui_fwt.max 1144.0 1307.0 1016.0 1154.0 980.0 1240.0 1291.0
non_gui_fwt.range 1068.0 1229.0 945.0 1016.0 880.0 1144.0 1208.0
non_gui_fwt.median  351.0 445.0 393.5 411.5 406.0 393.0 360.0
non_gui_fwt.mean 383.9 436.9 422.4 453.8 419.7 414.4 393.9
non_gui_fwt.std.dev  203.0 224.7 199.2 208.6 167.9 206.9 200.4

day_fwt.nbr.val 88.0 63.0 58.0 64.0 63.0 68.0 100.0
day_fwt.min 76.0 338.0 310.0 583.0 593.0 443.0 575.0
day_fwt.max 2452.0 2238.0 2260.0 2466.0 2329.0 1993.0 2224.0
day_fwt.range 2376.0 1900.0 1950.0 1883.0 1736.0 1550.0 1649.0
day_fwt.median 1127.0 1258.0 1259.5 1339.5 1222.0 1142.0 1182.0
day_fwt.mean 11479 1263.6 1331.8 1351.3 1249.1 1178.8 1193.6
day_fwt.std.dev 372.0 345.3 380.0 389.5 3721 330.8 358.0
ratio_ct.nbr.val 88.0 63.0 58.0 64.0 63.0 68.0 100.0
ratio_ct.min 0.2 0.2 0.1 0.2 0.1 0.1 0.2
ratio_ct.max 1.0 0.7 0.8 0.8 0.7 0.8 0.8
ratio_ct.range 0.8 0.5 0.6 0.6 0.6 0.6 0.6
ratio_ct.median 0.4 0.4 0.4 0.4 0.5 0.5 0.4
ratio_ct.mean 0.5 0.4 0.4 0.4 0.5 0.4 0.4
ratio_ct.std.dev 0.1 0.1 0.1 0.1 0.1 0.1 0.1
ratio_fwt.nbr.val 88.0 63.0 58.0 64.0 63.0 68.0 100.0
ratio_fwt.min 0.1 0.1 0.0 0.1 0.1 0.1 0.1
ratio_fwt.max 1.0 0.8 0.7 0.7 0.8 0.7 1.0
ratio_fwt.range 0.9 0.7 0.7 0.6 0.7 0.6 0.9
ratio_fwt.median 0.3 0.3 0.3 0.3 0.3 0.4 0.3
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ratio_fwt.mean 0.3 0.3 0.3 0.3 0.4 0.4 0.3
ratio_fwt.std.dev 0.2 0.2 0.1 0.1 0.1 0.1 0.2

A nonparametric density estimation was used and the distribution of the 4
variables investigated: 1. day_ct total count of consumptions 2. day_fwt total
weight of food in a day 3. ratio_ct the ratio of the number of consumptions
that are covered by GUI 4. ratio_fwt the ratio of the food weight of the

consumptions that are covered by GUI
colfill <- c(2:(1+length(nonGUIConsumptions$dowFactored)))

sm.density.compare(nonGUIConsumptions$day ct, nonGUIConsumptio
ns$dowFactored, xlab="food count" )

title("Distribution of food count by Day of the Week")
legend("topright", levels(nonGUIConsumptions$dowFactored) , fi
11=colfill)

Distribution of food count by Day of the Week

SUN
MON
TUE
WED
THU
FRI
SAT

0.08
|

Density

X
O0CfOEENm

0.04
|

0.00
|
\
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food count

sm.density.compare(nonGUIConsumptions$day fwt, nonGUIConsumpti
ons$dowFactored, xlab="food weight" )
title("Distribution of food weight by Day of the Week")
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legend("topright", levels(nonGUIConsumptions$dowFactored) , fi
ll=colfill)

Distribution of food weight by Day of the Week
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sm.density.compare(nonGUIConsumptions$ratio ct, nonGUIConsumpt
ions$dowFactored, xlab="Ratio of non GUI food count" )
title("Distribution of ratio of non GUI food count by Day of t
he Week™)

legend("topright", levels(nonGUIConsumptions$dowFactored) , fi
11=colfill)
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Ratio of non GUI food count

sm.density.compare(nonGUIConsumptions$ratio fwt, nonGUIConsump
tions$dowFactored, xlab="Ratio of non GUI food weight")
title("Distribution of ratio of non GUI food weight by Day of
the Week")

legend("topright", levels(nonGUIConsumptions$dowFactored) , fi
11=colfill)
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Ratio of non GUI food weight

e Test for ratio of count

plot(nonGUIConsumptions$DOW, nonGUIConsumptions$ratio ct)
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print("==== RATIO CT === ")
## [1] "==== RATIO CT === "
ratioCtCoeff <- sapply(DOW, function(x, nonGUIConsumptions){
xInclude <- nonGUIConsumptions[nonGUIConsumptions$DOW == x,
"ratio ct']
xExclude <- nonGUIConsumptions[nonGUIConsumptions$DOW != x,

"ratio _ct' ]

TRUE)
TRUE)

xInclude<- sample(xInclude, 5000, replace
XxExclude<- sample(xExclude, 5000, replace
print(sprintf("Permutation test = %s", X))
print(wilcox.test(xInclude, xExclude))

}, nonGUIConsumptions)

## [1] "Permutation test = SUN"

##

## Wilcoxon rank sum test with continuity correction
#H

## data: xInclude and xExclude

## W = 12866000, p-value = 0.01113
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##

##
##
##
##
##
##
##
##

##
##
##
##
##
##
##
##

##
##
##
##
##
##
##
##

##
##
##
##
##
##
##
##

##
##
##
##
##
##
##
##

##

alternative hypothesis: true location shift is not

[1] "Permutation test = MON"

Wilcoxon rank sum test with continuity correction
data: xInclude and xExclude

W = 12470000, p-value = 0.8348

alternative hypothesis: true location shift is not
[1] "Permutation test = TUE"

Wilcoxon rank sum test with continuity correction
data: xInclude and xExclude

W = 10924000, p-value < 2.2e-16

alternative hypothesis: true location shift is not
[1] "Permutation test = WED"

Wilcoxon rank sum test with continuity correction
data: xInclude and xExclude

W = 11747000, p-value = 1.773e-07

alternative hypothesis: true location shift is not
[1] "Permutation test = THU"

Wilcoxon rank sum test with continuity correction
data: xInclude and xExclude

W = 13373000, p-value = 1.407e-09

alternative hypothesis: true location shift is not
[1] "Permutation test = FRI"

Wilcoxon rank sum test with continuity correction
data: xInclude and xExclude

W = 12913000, p-value = 0.00421
alternative hypothesis: true location shift is not
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## [1] "Permutation test = SAT"

#H

## Wilcoxon rank sum test with continuity correction

#H

## data: xInclude and xExclude

## W = 12154000, p-value = 0.01647

## alternative hypothesis: true location shift is not equal to
0

print("=== DAY CT ==== ")
## [1] "=== DAY CT ==== "
ratioCtCoeff <- sapply(DOW, function(x, nonGUIConsumptions){
xInclude <- nonGUIConsumptions[nonGUIConsumptions$DOW == x,
"day ct']
xExclude <- nonGUIConsumptions[nonGUIConsumptions$DOW != x,
"day ct' ]
xInclude<- sample(xInclude, 5000, replace = TRUE)
xExclude<- sample(xExclude, 5000, replace = TRUE)

print(sprintf("Permutation test = %s", X))
print(wilcox.test(xInclude, xExclude))
}, nonGUIConsumptions)

## [1] "Permutation test = SUN"

#H

## Wilcoxon rank sum test with continuity correction
#H

## data: xInclude and xExclude

## W = 11038000, p-value < 2.2e-16

## alternative hypothesis: true location shift is not equal to
0

#H

## [1] "Permutation test = MON"

#H

## Wilcoxon rank sum test with continuity correction
#H

## data: xInclude and xExclude

## W = 12590000, p-value = 0.5321

## alternative hypothesis: true location shift is not equal to
0

#H

## [1] "Permutation test = TUE"

#H

## Wilcoxon rank sum test with continuity correction
##

## data: xInclude and xExclude

## W = 13272000, p-value = 7.967e-08
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## alternative hypothesis: true location shift is not equal to
0

##

## [1] "Permutation test = WED"

##

## Wilcoxon rank sum test with continuity correction

##

## data: xInclude and xExclude

## W = 14072000, p-value < 2.2e-16

## alternative hypothesis: true location shift is not equal to
0

##

## [1] "Permutation test = THU"

##

## Wilcoxon rank sum test with continuity correction

##

## data: xInclude and xExclude

## W = 14092000, p-value < 2.2e-16

## alternative hypothesis: true location shift is not equal to
0

##

## [1] "Permutation test = FRI"

##

## Wilcoxon rank sum test with continuity correction

#H

## data: xInclude and xExclude

## W = 11774000, p-value = 4.618e-07

## alternative hypothesis: true location shift is not equal to
0

#H

## [1] "Permutation test = SAT"

##

## Wilcoxon rank sum test with continuity correction

##

## data: xInclude and xExclude

## W = 11614000, p-value = 7.766e-10

## alternative hypothesis: true location shift is not equal to
0

Test for ratio of food weight

print("==== RATIO FWT=====")

## [1] "==== RATIO FWT====="

ratioCtCoeff <- sapply(DOW, function(x, nonGUIConsumptions){
xInclude <- nonGUIConsumptions[nonGUIConsumptions$DOW == x,
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g

}s

##
##
##
##
##
##
##
%]

##
##
##
##
##
##
##
##
(%]

##
##
##
##
##
##
##
##
(%]

##
##
##
##
##
##
##
##
(%]

##
##

atio fwt']

xExclude <- nonGUIConsumptions[nonGUIConsumptions$DOW != x,
atio fwt' ]

xInclude<- sample(xInclude, 5000, replace = TRUE)
xExclude<- sample(xExclude, 5000, replace = TRUE)

print(sprintf("Permutation test = %s", X))
print(wilcox.test(xInclude, xExclude))
nonGUIConsumptions)

[1] "Permutation test = SUN"

Wilcoxon rank sum test with continuity correction

data: xInclude and xExclude

W = 12506000, p-value = 0.9688

alternative hypothesis: true location shift is not equal to
[1] "Permutation test = MON"

Wilcoxon rank sum test with continuity correction

data: xInclude and xExclude

W = 12335000, p-value = 0.2539

alternative hypothesis: true location shift is not equal to
[1] "Permutation test = TUE"

Wilcoxon rank sum test with continuity correction

data: xInclude and xExclude

W = 11531000, p-value = 1.93e-11

alternative hypothesis: true location shift is not equal to
[1] "Permutation test = WED"

Wilcoxon rank sum test with continuity correction

data: xInclude and xExclude

W = 12841000, p-value = 0.01831
alternative hypothesis: true location shift is not equal to

[1] "Permutation test = THU"
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##

## Wilcoxon rank sum test with continuity correction

##

## data: xInclude and xExclude

## W = 13089000, p-value = 4.479e-05

## alternative hypothesis: true location shift is not equal to
0

##

## [1] "Permutation test = FRI"

##

## Wilcoxon rank sum test with continuity correction

##

## data: xInclude and xExclude

## W = 14019000, p-value < 2.2e-16

## alternative hypothesis: true location shift is not equal to
0

##

## [1] "Permutation test = SAT"

#H

## Wilcoxon rank sum test with continuity correction

##

## data: xInclude and xExclude

## W = 12023000, p-value = 0.0009522

## alternative hypothesis: true location shift is not equal to
0

print("=== DAY FWT ==== ")
## [1] "=== DAY FWT ==== "
ratioCtCoeff <- sapply(DOW, function(x, nonGUIConsumptions){
xInclude <- nonGUIConsumptions[nonGUIConsumptions$DOW == x,
"day_fwt']
xExclude <- nonGUIConsumptions[nonGUIConsumptions$DOW != x,
"day _fwt' ]
xInclude<- sample(xInclude, 5000, replace = TRUE)
xExclude<- sample(xExclude, 5000, replace = TRUE)

print(sprintf("Permutation test = %s", X))
print(wilcox.test(xInclude, xExclude))
}, nonGUIConsumptions)

## [1] "Permutation test = SUN"

##

## Wilcoxon rank sum test with continuity correction
##

## data: xInclude and xExclude

## W = 10519000, p-value < 2.2e-16
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##

##
##
##
##
##
##
##
##

##
##
##
##
##
##
##
##

##
##
##
##
##
##
##
##

##
##
##
##
##
##
##
##

##
##
##
##
##
##
##
##

##

alternative hypothesis: true location shift is not

[1] "Permutation test = MON"

Wilcoxon rank sum test with continuity correction
data: xInclude and xExclude

W = 13713000, p-value < 2.2e-16

alternative hypothesis: true location shift is not
[1] "Permutation test = TUE"

Wilcoxon rank sum test with continuity correction
data: xInclude and xExclude

W = 15005000, p-value < 2.2e-16

alternative hypothesis: true location shift is not
[1] "Permutation test = WED"

Wilcoxon rank sum test with continuity correction
data: xInclude and xExclude

W = 14859000, p-value < 2.2e-16

alternative hypothesis: true location shift is not
[1] "Permutation test = THU"

Wilcoxon rank sum test with continuity correction
data: xInclude and xExclude

W = 12737000, p-value = 0.1005

alternative hypothesis: true location shift is not
[1] "Permutation test = FRI"

Wilcoxon rank sum test with continuity correction
data: xInclude and xExclude

W = 11359000, p-value = 2.707e-15
alternative hypothesis: true location shift is not
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## [1] "Permutation test = SAT"

it

## Wilcoxon rank sum test with continuity correction

it

## data: xInclude and xExclude

## W = 11247000, p-value < 2.2e-16

## alternative hypothesis: true location shift is not equal to

o Daily intake and Snacks

missedFoodAvgDailyIntakeBySubjects <- sqldf("SELECT SUBJECID,
IUNA _NPNS_77FG,

CASE WHEN MTYPE IN (6,7,8,11) TH
EN 'Snack' ELSE 'Main meal' END meal type,

SUM(CASE WHEN GUI CODE IS NULL T
HEN 1 ELSE © END)/4.0 non_gui_ fq daily avg,

SUM(CASE WHEN GUI CODE IS NULL T
HEN FWT ELSE © END)/4.0 non_gui_ fwt daily avg

FROM foodDataGUIMapped

GROUP BY SUBJECID, IUNA NPNS_ 77F
G,

CASE WHEN MTYPE IN (6,7,8,11) TH
EN 'Snack' ELSE 'Main meal' END

", verbose = TRUE)

missedFoodDailySummary <- as.data.frame( as.matrix(
aggregate(non_gui_fwt_daily avg~IUNA_NPNS_77FG+meal_type, da
ta=missedFoodAvgDailyIntakeBySubjects, function(x){c(mean(x),
sd(x), quantile(x,0.50), IQR(x))})
))
colnames(missedFoodDailySummary) <- c('IUNA_NPNS 77FG', 'meal_
type', ‘'avg di', 'sd_di', 'p50_di', 'iqr_di')

exportSummary <-

merge(

missedFoodDailySummary[missedFoodDailySummary$meal type == 'Sn
ack', c¢(1,3,4,5,6)],
missedFoodDailySummary[missedFoodDailySummary$meal type != 'Sn

ack', c(1,3,4,5,6)],
by= "IUNA_NPNS_77FG",
suffixes = c(" snack",
all=TRUE

)

_main_meal"),
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kable(exportSummary, caption = "Summary stats using daily inta
kell)

stats using daily intake

e Consumption averages

missedFoodMeanIntakeBySubjects <- sqldf("SELECT SUBJECID, SURV
DAY, IUNA_NPNS_77FG,

CASE WHEN MTYPE IN (6,7,8,11) TH
EN 'Snack' ELSE 'Main meal' END meal type,

SUM(CASE WHEN GUI CODE IS NULL T
HEN 1 ELSE © END) non_gui fqg daily avg,

AVG(CASE WHEN GUI_CODE IS NULL T
HEN FWT ELSE © END) non_gui fwt daily avg

FROM foodDataGUIMapped

GROUP BY SUBJECID, IUNA NPNS_ 77F
G, SURVDAY,

CASE WHEN MTYPE IN (6,7,8,11) TH
EN 'Snack' ELSE 'Main meal' END

")

missedFoodMeanSummary <- as.data.frame( as.matrix(
aggregate(non_gui_fwt_daily avg~IUNA_NPNS_77FG+meal_type, da

ta=missedFoodMeanIntakeBySubjects, function(x){c(mean(x), sd(x

), quantile(x,0.50), IQR(x))})

))

colnames(missedFoodDailySummary) <- c('IUNA_NPNS 77FG', 'meal_

type', 'avg di', 'sd di', 'p50 di', 'igr_di')

exportMeanSummary <-
merge (

missedFoodMeanSummary[missedFoodMeanSummary$meal_type ==

Snack', c¢(1,3,4,5,6)],
missedFoodMeanSummary[missedFoodMeanSummary$meal type !=

Snack', c¢(1,3,4,5,6)],
by= "IUNA _NPNS_77FG",
suffixes = c(" _snack",
all=TRUE

)

_main_meal"),

kable(exportMeanSummary, caption = "Summary stats using consum
ption averages")
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3. Cariogenic Summary

Introduction
This document inlcuded all summary statistics for cariogenic foods.
Loading the mapped data

The same mapped data was used as for the non-covered analysis. The

cariogenic food was remaped back to a GUI code.
Libraries and input data
Libraries used and the functions defined for the analysis of the data

library(knitr)
library(sqldf)
library(pastecs)

# Read SPSS data
library(foreign)

library(reshape)

# Fancier plots
library(ggplot2)

# Bean plot Library
library(beanplot)

if(Sys.info()['sysname'] == "Linux" || Sys.info()['syshame'] =
= "Darwin"){

setwd("~/Dropbox/iuna-gui/")

foodDataGUIMapped <- read.csv("foodDataGUIMappedV2.csv")
}else{

setwd("C:/Users/Michael Crowe/Dropbox/iuna-gui")

foodDataGUIMapped <- read.csv("foodDataGUIMappedV2.csv"™)

}

foodDataSPSS <- read.spss(file="npns-food-file-4R.sav")
iunaFoodCodes<- cbind.data.frame(code=seq(1,77), description=1
evels(foodDataSPSS$IUNA NPNS 77FG))

mappingTable <- sqldf("select IUNA NPNS 77FG, CMETH, Food_desc
ription_first first, GUI_CODE, count(*) ct FROM foodDataGUIMap
ped

GROUP BY IUNA NPNS 77FG, CMETH, Food description_first f
irst, GUI_CODE")
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e NPNS F77 Cariogenic food codes

A list of cariogenic foods was manually identified in the NPNS data.

cariogenicIUNAFoodCode <- c(6, 8, 9, 16, 17, 18, 35, 39, 57, 5
8, 59, 66, 68)
kable(iunaFoodCodes[cariogenicIUNAFoodCode, ], row.names =FALSE

)

code description

6 RTEBC

8 Biscuits including crackers
9 Cakes, pastries & buns

16 Ice creams

17 Desserts

18 Rice puddings & custards

35 Fruit juices

39 Tinned fruit

57 Sugars, syrups, preserves & sweeteners
58 Chocolate confectionery

59 Non-chocolate confectionery

66 Carbonated beverages

68 Squashes, cordials & fruit juice drinks

e Constants and functions

convertAggregateToDataframe <- function(aggRst, colNames = c()
) {

df <- as.data.frame(as.matrix(aggRst))

if (length(colNames) > 0) {

colnames(df) <- colNames

}
df

}

# Extends aggreated metrics including P25, P75, P95 and P99
computeFoodMetrics <- function(x) {
m <- stat.desc(x)
g <- quantile(x, c(0.25, 0.75, 0.95, 0.99))
names(q) <- c("p25", "p75", "p95", "p99")
?ppend(m,q)
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# What columns to report in the tables
baseColSelectionPattern <- "IUNA|nbr.val|FWT.mean$|FQ.mean$ |
median|std.dev|p95|max"

mapSnacks <- function(x) {
isSnack <- x %in% c(6,7,8,11)

retval <- ©

if (isSnack) {

retval <- 1

}

retval

}

castMealTypeDF <- function(inputDf) {
snackIdx <-

grep("IS SNACK", colnames(inputDf))
iunaldx <- grep("IUNA", colnames(inputDf))

mainMeal <-

inputDf[inputDf$IS SNACK == 0, -c(snackIdx)]
colnames(mainMeal) <-

paste(colnames(mainMeal), ".MainMeal", sep = "")

shacks <-

inputDf[inputDf$IS SNACK == 1,-c(snackIdx)]

colnames(snacks) <- paste(colnames(snacks), ".Snacks", sep =

)

df <- cbind(snacks, mainMeal)
iunaldx <- grep("IUNA", colnames(df))

iunCol <- colnames(df)[iunaIdx]
otherCols <- colnames(df)[-iunaIdx]
otherCols <- otherCols[order(otherCols)]
df <- df[, c(iunCol, otherCols)]

df

}

buildCariogenicOnlyDf <- function (df, foodCodes, columPatte
rn) {

colSelection <-

grep(columPattern ,names(df))

retDf <-

df[df$IUNA NPNS 77FG %in% foodCodes, colSelection]

retDf
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}

prettyColNamesDf <- function(df){
colnames(df) <- gsub("\\.| ", " ", colnames(df))
df

}

prettyKable <- function(df, digits=2){
kable(prettyColNamesDf(df), digits = digits, row.names = FAL
SE )

foodDataGUIMapped$IS SNACK <-
sapply(foodDataGUIMapped$MTYPE, mapSnacks)

foodKSTest <- function(df) {
testVar <- names(df)[which(names(df) != 'IS SNACK')]
X <- df[df$IS _SNACK == @, testVar]
y <- df[df$IS _SNACK == 1, testVar]
if (length(x) < 10 || length(y) < 10) {
warning(paste("One or both splits are too small ", length(

x), length(y)))
return(cbind(NA, NA))

}
ksResult <- ks.test(x, y, alternative = "two.sided")
cbind(ksResult$statistic, ksResult$p.value)

}

¢ Global statistics

Computed the number of subjects that consumed either never consumed a

cariogenic food or consumed it.

foodDataGUIMapped$IS CARIOG <- foodDataGUIMapped$IUNA NPNS_ 77F
G %in% cariogenicIUNAFoodCode

subjectEatingCG <- unique(foodDataGUIMapped[foodDataGUIMapped
$IS_CARIOG == TRUE, 'SUBJECID'])
length(subjectEatingCG)

## [1] 126

length(unique(foodDataGUIMapped$SUBJECID))

## [1] 126

setdiff (unique(foodDataGUIMapped$SUBJECID), subjectEatingCG)
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## integer(0)

subMealSurvCGSummary <- sqldf("select SUBJECID, MEALNO, SURVDA
Y,
SUM(CASE WHEN IS_CARIOG THEN 1 ELSE © END) CG _CT,
COUNT(IUNA NPNS_77FG) CT,
SUM(CASE WHEN IS CARIOG THEN FWT ELSE © END) CG_FWT,
SUM(FWT) FTW
from foodDataGUIMapped
group by SUBJECID, MEALNO, SURVDAY

")

dowSummary <- sqldf("select mtype, dow, avg(cg ct) cg ct,
avg(ct) ct,
avg(cg fwt) cg fwt,
avg(fwt) fwt
from
(select SUBJECID, MTYPE, DOW,
SUM(CASE WHEN IS_CARIOG THEN 1 ELSE © END) CG _CT,
COUNT(IUNA NPNS_77FG) CT,
SUM(CASE WHEN IS CARIOG THEN FWT ELSE © END) CG_FWT,
SUM(FWT) fwt
from foodDataGUIMapped
group by SUBJECID, MTYPE, DOW)
group by mtype, dow
order by dow, mtype
)
mealtypeCodes <- read.table(file="M Type.txt", sep = "="
dowLabel <- c('MON', 'TUE', 'WED', 'THU', 'FRI', 'SAT', 'SUN")
colorCols <- c('red', 'gray')
for(i in 1:9){
png(filename = sprintf("~/%s-meal.png", i), width = 1980, heig
ht = 1024, units = "px")
tmpDf <- dowSummary[dowSummary$MTYPE == i, ]
tmpDf <- as.matrix(sapply(tmpDf$DOW, function(i){tmpDf[tmpDf$D
OW == i, c('cg ct', 'ct', 'cg fwt', 'fwt')]}))
colnames(tmpDf) <- c('MON', 'TUE', 'WED', 'THU', 'FRI', 'SAT',
"SUN")
par(mfrow=c(1,2), mar=c(5,4,8,3))
barplot (tmpDf[1:2, ], legend.text = c('cariogenic', 'total'),
xlab="DOW", ylab="AVG #{of components}", ylim = c(@, 8),
main = "Component count", col=colorCols)
barplot (tmpDf[3:4, ], legend.text = c('cariogenic', 'total'),
xlab="DOW", ylab="AVG weight (g)", ylim = c(@, 500), main="Da
ily average weights",
col=colorCols)
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title(outer = TRUE, main = sprintf("Meal Type = %s", mealtypeC
odes[i, 2]), line = -1)

dev.off()

}

for(i in 1:7){
png(filename = sprintf("~/%s-dow.png", i), width = 1980, heigh
t = 1024, units = "px")
tmpDf <- dowSummary[dowSummary$DOW == i, ]
meals <- 1:9
tmpDf <- as.matrix(sapply(meals, function(i){tmpDf[tmpDf$MTYPE
== 1i, c¢('cg ct', 'ct', 'cg fwt', "fwt')]}))
colnames (tmpDf) <- mealtypeCodes[1:9, 2]
par(mfrow=c(1,2), mar=c(5,4,8,3))
barplot(tmpDf[1:2, ], legend.text = c('cariogenic', 'total'),
xlab="Meal type", ylab="AVG #{of components}", ylim = c(0, 8),

main = "Component count"”, col=colorCols, cex.names = ©
.7)
barplot(tmpDf[3:4, ], legend.text = c('cariogenic', 'total'),
xlab="Meal type", ylab="AVG weight (g)", ylim = c(@, 500), ma
in="Daily average weights",

col=colorCols, cex.names = 0.7)
title(outer = TRUE, main = sprintf("DOW = %s", dowLabel[i]), 1
ine = -1)
dev.off()
}

All subjects during the 4 days consumed at least one of the cariogenic food.

If we look at the number of meals independently from the subject:

totalMeals <- nrow(subMealSurvCGSummary)
mealsContainigCG <- nrow(subMealSurvCGSummary[subMealSurvCGSum
mary$CG_CT >0 ,])

prettyKable(cbind( total meals=totalMeals, meals containing ca
riogenic= mealsContainigCG, "ratio %"=mealsContainigCG/totalMe
als))

total meals meals containing cariogenic ratio %
2676 1500 0.56

for each meal we look how many food components / ingredients were

cariogenic.

Looked at how many components in a meal.
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mSummary <- computeFoodMetrics(subMealSurvCGSummary$CT)
prettyKable(cbind(stats=names(mSummary), val=convertAggregateT
oDataframe(mSummary)))

stats V1
nbr.val 2676.00
nbr.null 0.00
nbr.na 0.00
min 1.00
max 14.00
range 13.00
sum 9211.00
median 3.00
mean 3.44
SE.mean 0.04
Cl.mean.0.95 0.07
var 3.85
std.dev 1.96
coef.var 0.57
p25 2.00
p75 5.00
p95 7.00
p99 9.00

prettyKable(as.data.frame(round(table(subMealSurvCGSummary$CT)
/nrow(subMealSurvCGSummary)*100,2)))

Var1 Freq
1 17.08
2 19.73
3 19.92
4 17.00
5 11.70
6 7.06
7 3.96
8 1.98
9 0.82
10 0.41
11 0.19
12 0.07
13 0.04
14 0.04

and how many cariogenic components are in a meal
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cgSummary <- computeFoodMetrics(subMealSurvCGSummary$CG CT)
prettyKable(cbind(stats=names(cgSummary), val=convertAggregate
ToDataframe(cgSummary)))

stats V1
nbr.val 2676.00
nbr.null 1176.00
nbr.na 0.00
min 0.00
max 8.00
range 8.00
sum 2169.00
median 1.00
mean 0.81
SE.mean 0.02
Cl.mean.0.95 0.03
var 0.84
std.dev 0.92
coef.var 1.13
p25 0.00
p75 1.00
p95 2.00
p99 4.00

prettyKable(as.data.frame(round(table(subMealSurvCGSummary$CG
CT)/nrow(subMealSurvCGSummary)*100,2)))

Var1l Freq
43.95
37.11
14.80
3.10
0.64
0.15
0.15
0.04
0.07

o N O O~ W N -~ O

## As pecerntage
computeFoodMetrics(subMealSurvCGSummary$CG_CT/subMealSurvCGSum
mary$CT*100)

it nbr.val nbr.null nbr.na min
max
## 2.676000e+03 1.176000e+03 0.000000e+00 0.000000e+00 1.00000
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0e+02

## range sum median mean SE
.mean

## 1.000000e+02 6.840909e+04 2.000000e+01 2.556394e+01 5.76054
S5e-01

## CI.mean.0.95 var std.dev coef.var

p25

## 1.129557e+00 8.880006e+02 2.979934e+01 1.165679¢+00 ©.00000
Pe+00

#it p75 p95 p99

## 5.000000e+01 1.000000e+02 1.000000e+02

averageFQCariogenicFoodDay <- sqldf("select avg(avg fq) avg fq
_consumption_average,
avg(avg daily) avg fq_daily intakes
from
(select SUBJECID, avg(CG CT) avg fq,
SUM(CG_CT) /4 avg _daily from (select SUBJECID, SURVDAY,
SUM(CASE WHEN IS_CARIOG THEN 1 ELSE © END) CG CT,
COUNT(IUNA NPNS_77FG) CT,
SUM(CASE WHEN IS CARIOG THEN FWT ELSE © END) CG_FWT,
SUM(FWT) FTW
from foodDataGUIMapped
group by SUBJECID, SURVDAY ) group by SUBJECID)

")

kable(averageFQCariogenicFoodDay, caption = "Summary cariogeni
c frequency - all subjects are
consumers"”

Summary cariogenic frequency - all subjects are consumers

avg_fq_consumption_average avg_fq_daily_intakes
4.303571 3.944444
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If we want to look at the subject level

prettyKable(sqldf("select CG_CT 'nbr cariogenic components', C
OUNT(DISTINCT SUBJECID) 'nbr subjects', COUNT(*) 'frequency' f
rom subMealSurvCGSummary group by CG CT"))

nbr cariogenic components nbr subjects  frequency

0 125 1176
1 126 993
2 116 396
3 56 83

4 14 17

5 4 4

6 4 4

7 1 1

8 2 2

prettyKable(sqldf("select CG_CT 'nbr cariogenic components', C
T 'nbr components’,

COUNT (DISTINCT SUBJECID) 'nbr subjects', COU
NT(*) 'fregency'

from subMealSurvCGSummary group by CG _CT,CT

order by 3 desc,4 desc limit 20"))

nbr cariogenic components nbr components nbr subjects fregency

0 2 100 247
0 1 95 325
1 2 93 232
1 4 91 183
0 3 89 232
1 3 88 194
0 4 85 166
1 5 74 117
1 1 73 132
0 5 67 100
2 3 57 94
2 4 55 83
1 6 53 71
2 5 51 84
0 6 43 58
2 2 40 49
2 6 31 39
1 7 29 39
0 7 24 30
3 4 19 21
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prettyKable(sqldf("select AVG(CG_FWT/FTW)*100 'avg % food weig
ht' from subMealSurvCGSummary "))

avg % food weight
7.4

e Snacks stats

subjectEatingSnacks <- unique(foodDataGUIMapped[foodDataGUIMa
pped$IS_SNACK == TRUE, 'SUBJECID'])
length(subjectEatingSnacks)

length(unique(foodDataGUIMapped$SUBJECID))

setdiff(unique(foodDataGUIMapped$SUBJECID), subjectEatingSnack
s)

subSnackSummary <- sqldf("select SUBJECID, SURVDAY,
SUM(CASE WHEN IS_SNACK THEN 1 ELSE © END) SK_CT,
COUNT(SUBJECID) CT,
SUM(CASE WHEN IS SNACK THEN FWT ELSE © END) CG_FWT,
SUM(FWT) FTW
from (
select SUBJECID, SURVDAY, IS SNACK, MEALNO, SUM(FWT) FW
T from
foodDataGUIMapped
group by SUBJECID, SURVDAY, IS SNACK, MEALNO

)
group by SUBJECID, SURVDAY

")

prettyKable(sqldf("select avg(SK_CT) avg_snack_count, avg(SK_C
T*1.0/CT) avg_snhack pc from subSnackSummary"))

avg snack count avg snack pc
2.07 0.36

prettyKable(sqldf("select SK_CT AVG_SNACK_COUNT, COUNT(DISTINC
T SUBJECID) 'subject count', COUNT(DISTINCT SUBJECID) / 126.0*
100 'subject %'

from (select SUBJECID, ROUND(AVG(SK CT),0) SK CT from su
bSnackSummary group by SUBJECID)

group by SK _CT order by SK _CT"))

AVG SNACK COUNT  subject count subject %
0 2 1.59
1 28 22.22
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2 54 42.86
3 30 23.81
4 9 7.14
5 3 2.38

o Aggregates

Focusing on consumers only

Daily Intakes

Standard way to compute the summary, that is summing the intake for each
subject over the 4 days and then divide by 4. The summary statistics are
computed across the subjects

In the summary we report

. FTW (food weight)

. FQ (frequency) in this specific case the frequency is computed by
summing the number of times the appears in the diary and the dividing
by four.

IUNA FW
NPN T FWT FWT FQ FQ FQ FQ FQ
S nbr FWT media FWT std FWT nbr ma media mea std FQ
77FG  val max n mean  dev p95 val  x n n dev  p95
6 116 7350 22.62 23.80 143 5525 11 3.5 1.00 093 04 1.7
0 6 0 9 5
8 95 58.50 11.75 15.06 124 40.07 9 7.0 0.75 089 08 22
0 0 4 5
9 55 50.75 9.75 13.47 10.5 3047 55 1.2 025 040 02 0.8
9 5 3 2
16 59 59.75 18.00 21.51 14.4 4990 59 1.2 025 0.41 0.2 1.0
7 5 5 0
17 23 88.50 17.50 24.71 219 68.02 23 1.0 0.25 039 02 07
1 0 1 5
18 15 158.0 23.25 40.88 425 1182 15 1.2 025 038 02 0.9
0 6 7 5 8 0
35 78 380.0 85.00 1053 814 2843 78 22 0.75 0.78 0.5 1.7
0 1 9 7 5 0 9
39 5 37.50 7.25 1430 143 3375 5 05 025 0.30 0.1 0.4
3 0 1 5
57 71 28.00 4.25 6.48 6.56 2350 71 27 075 073 05 1.7
5 4 5
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58

59

66

68

75

57

20

84

4000 825 1067 840 2680 75 15 050 050 02 1.0
0 9 0
3750 800 1026 7.27 2345 57 17 050 049 03 1.1
5 4 0
2222 5000 6884 51.6 187.3 20 20 025 042 04 08
° 6 4 0 11
5500 60.88 8361 930 2261 84 50 100 121 09 27
0 8 9 0 1 5

bySubject <-

aggregate(FWT ~ SUBJECID + IUNA NPNS_77FG, data = foodDataGU
IMapped, function(x) {

c(sum(x) / n.days, length(x) / n.days)

}

bySubject <-

convertAggregateToDataframe(bySubject, c("SUBJECID", "IUNA N
PNS_77FG", "FWT", "FQ"))

dailyIntakeSummary <-

convertAggregateToDataframe(aggregate(cbind(FWT, FQ) ~ IUNA_
NPNS_77FG, data =

bySubject, computeFoodMetrics))

dailyIntakeSummaryCariogenicOnly <- buildCariogenicOnlyDf(da
ilyIntakeSummary, cariogenicIUNAFoodCode, baseColSelectionPatt
ern)

prettyKable(dailyIntakeSummaryCariogenicOnly, digits = 2)

o Meal level aggregates

Here we repeat the same stats but we also split between Snacks and Main
meals

bySubject «<-

aggregate(FWT ~ SUBJECID + IUNA NPNS 77FG + IS SNACK, data
= foodDataGUIMapped, function(x) {

c(sum(x) / n.days, length(x) / n.days)

}

bySubject <-

convertAggregateToDataframe(bySubject, c("SUBJECID", "IUNA
_NPNS_77FG",

"IS SNACK","FWT", "FQ"))

dailyIntakeMealTypeFWTSummary <-

convertAggregateToDataframe(aggregate(FWT ~ IUNA NPNS_77FG
+ IS SNACK, data = bySubject, computeFoodMetrics))

## Warning in qt((@.5 + p/2), (Nbrval - 1)): NaNs produced
## Warning in qt((@.5 + p/2), (Nbrval - 1)): NaNs produced
## Warning in qt((@.5 + p/2), (Nbrval - 1)): NaNs produced
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## Warning in qt((e.5

=+

p/2), (Nbrval - 1)): NaNs produced

=+

## Warning in qt((@.5 + p/2), (Nbrval - 1)): NaNs produced

=+

## Warning in qt((@.5 + p/2), (Nbrval - 1)): NaNs produced

## Warning in qt((0.5 + p/2), (Nbrval - 1)): NaNs produced

## Warning in qt((@.5 + p/2), (Nbrval

1)): NaNs produced

dailyIntakeMealTypeFWTSummaryCariogenicOnly <-
buildCariogenicOnlyD(

dailyIntakeMealTypeFWTSummary, cariogenicIUNAFoodCode,
paste("IS SNACK|", baseColSelectionPattern, sep = "")

)

dailyIntakeMealTypeFWTSummaryCariogenicOnlyRotated <-
castMealTypeDF(dailyIntakeMealTypeFWTSummaryCariogenicOnly

prettyKable(dailyIntakeMealTypeFWTSummaryCariogenicOnlyRot
ated, digits = 2)

IUNA IUNA

NPNS  NPNS FWT FWT FWT nbr FWT FWTstd FWT
77FG 77FG mean mean val nbrval dev std dev
Snacks MainMeal MainMeal Snacks MainMeal Snacks MainMeal Snacks
6 6 22.88 8.04 114 19 13.44 4.71

8 8 6.55 12.69 48 88 5.17 10.44
9 9 11.23 10.28 33 36 9.00 8.57
16 16 18.48 17.32 34 37 12.46 9.79
17 17 21.72 18.40 16 12 21.94 18.87
18 18 32.18 37.04 11 7 32.89 24.03
35 35 89.00 64.00 70 31 65.00 51.11
39 39 17.12 3.00 4 1 14.86 NA

57 57 5.91 3.61 62 26 5.97 2.73
58 58 8.16 9.35 27 62 5.11 7.45
59 59 7.85 9.03 25 43 5.05 6.95
66 66 65.67 48.97 15 8 45.26 22.76
68 68 61.11 40.33 74 62 68.86 45.41

dailyIntakeMealTypeFQSummary <-
convertAggregateToDataframe(aggregate(FQ ~ IUNA NPNS 77FG
+ IS SNACK, data = bySubject, computeFoodMetrics))

## Warning in qt((@.5 + p/2), (Nbrval - 1)): NaNs produced
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## Warning in qt((0.5 + p/2), (Nbrval - 1)): NaNs produced
## Warning in qt((@.5 + p/2), (Nbrval - 1)): NaNs produced
## Warning in qt((@.5 + p/2), (Nbrval - 1)): NaNs produced
## Warning in qt((0.5 + p/2), (Nbrval - 1)): NaNs produced
## Warning in qt((@.5 + p/2), (Nbrval - 1)): NaNs produced
## Warning in qt((0.5 + p/2), (Nbrval - 1)): NaNs produced

## Warning in qt((@.5 + p/2), (Nbrval

1)): NaNs produced

dailyIntakeMealTypeFQSummaryCariogenicOnly <-
buildCariogenicOnlyDf(

dailyIntakeMealTypeFQSummary,

cariogenicIUNAFoodCode,

paste("IS SNACK|", baseColSelectionPattern, sep = "")

)

dailyIntakeMealTypeFQSummaryCariogenicOnlyRotated <-
castMealTypeDF(dailyIntakeMealTypeFQSummaryCariogenicOnly)

prettyKable(dailyIntakeMealTypeFQSummaryCariogenicOnlyRota
ted, digits = 2)

IUNA

NPN [UNA FQ FQ
S NPNS FQ FQ FQ FQnbr nbr FQstd std
7T7TFG  T77FG max mean mean val val dev dev
Snac MainM MainM MainM Snac MainM Snac MainM  Snac
ks eal eal eal ks eal ks eal ks
6 6 3.50 0.89 0.30 114 19 0.48 0.10
8 8 3.75 0.47 0.70 48 88 0.54 0.52
9 9 1.00 0.33 0.31 33 36 0.17 0.16
16 16 1.00 0.36 0.32 34 37 0.21 0.14
17 17 1.00 0.36 0.27 16 12 0.22 0.07
18 18 1.00 0.32 0.32 1 7 0.23 0.12
35 35 1.75 0.69 0.42 70 31 0.38 0.24
39 39 0.50 0.31 0.25 4 1 0.12 NA
57 57 2.25 0.69 0.36 62 26 0.44 0.16
58 58 0.75 0.37 0.44 27 62 0.14 0.25
59 59 1.00 0.38 0.42 25 43 0.19 0.28
66 66 1.25 0.40 0.31 15 8 0.28 0.18
68 68 3.00 0.96 0.49 74 62 0.73 0.34
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Bean Plots

bySubjectSnackReporting <- merge(bySubject, iunaFoodCodes, all
.X = TRUE, by.x="IUNA NPNS 77FG", by.y = 'code' )
bySubjectSnackReporting$MEAL TYPE <- sapply(bySubjectSnackRepo
rting$IS SNACK,

function(x){ retVal<- 'Snack'if(x == @){retval <- 'Main Meal'}
retVal})

codesToExculde <- c¢(18, 39, 66)
kable(iunaFoodCodes[codesToExculde,], row.names = FALSE)

code description

18 Rice puddings & custards
39 Tinned fruit

66 Carbonated beverages

codesForPlot <- cariogenicIUNAFoodCode[(! cariogenicIUNAFoodCo
de %in% codesToExculde) ]

fwt <- bySubjectSnackReporting[bySubjectSnackReporting$IUNA NP
NS _77FG %in% codesForPlot,

c('FWT', 'IUNA NPNS_77FG', 'IS_
SNACK"') ]

fg <- bySubjectSnackReporting[bySubjectSnackReporting$IUNA NPN
S 77FG %in% codesForPlot,

c('FQ', '"IUNA_NPNS_77FG', 'IS_SN
ACK')]

beanPlotXLabel <- c(
"RTEBC",
"Biscuits including
crackers",
"Cakes, pastries
& buns",
"Ice creams",
"Desserts",
"Fruit juices",
"Sugars, syrups,
preserves &
sweeteners",
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"Chocolate
confectionery",
"Non-chocolate
confectionery",
"Squashes,

cordials &

fruit juice drinks"

)

defaultMar <- par()$mar
par(mar=c(6,4,2,2), mfrow=c(1,1))
beanplot (FWT~reorder(IS_SNACK, FWT, mean)*IUNA_NPNS_77FG, data

=fwt,

side = "b",

col = list("red3", "lightblue"),

border = c( "red3", "lightblue"),

ylim = c(1, 400),

names = beanPlotXLabel, #iunaFoodCodes$description[co
desForPlot],

main="Figure 1a",
ylab="Mean daily intake (g/d)",

xlab="",

las=2,
cex.axis=0.7,
bw="nrd",

what = ¢(1,1,1,1),
log = "y"

)

legend("topleft", bty="n", c('Snacks', 'Main Meal'), fill= c("
red3", "lightblue"))
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beanplot(FQ~reorder(IS_SNACK, FQ, mean)*IUNA_NPNS_77FG, data=f
q,

side = "b",

col = list("red3", "lightblue"),

border = c¢( "red3", "lightblue"),

ylim = c(0.1, 10),

names = beanPlotXLabel, #substr(iunaFoodCodes$descrip
tion[codesForPlot], 1, 10),

main="Figure 1b",

ylab="Frequency",

xlab="",

las=2,
cex.axis=0.7,
bw="nrdo",
what=c(1,1,1,1),
log = "y"

)

legend("topleft", bty="n", c('Snacks', 'Main Meal'), fill= c("
red3", "lightblue"))
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Figure 1b
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par(defaultMar)

## NULL

=c(1,1))

par(mfrow
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e Consumption averages

Aggregated in a different way: first, aggregate across each subject and each
survey day and compute average FTW and frequency, then average across
each subject and all 4 survey days and finally look at the stats from these
aggregates.

. FWT in here represent the closed food weight at which that food was
consumed.

+  FQ s the average frequency per day meaning how many times on
average the food is consumed on a given day.

bySubject <-

aggregate(FWT ~ SUBJECID + IUNA NPNS 77FG + SURVDAY, data = f
oodDataGUIMapped, function(x) {
c(mean(x), length(x))
}

bySubject <- aggregate(FWT ~ SUBJECID + IUNA NPNS 77FG , data
= bySubject, mean)

bySubject «<-
convertAggregateToDataframe(bySubject, c("SUBJECID", "IUNA N
PNS_77FG", "FWT", "FQ"))

avgConsSummary <-
convertAggregateToDataframe(aggregate(cbind(FWT, FQ) ~ IUNA_
NPNS_77FG, data =

bySubject, computeFoodMetrics))

avgConsSummaryCariogenicOnly <-

buildCariogenicOnlyDf (avgConsSummary,
cariogenicIUNAFoodCode,
baseColSelectionPattern)

prettyKable(avgConsSummaryCariogenicOnly, digits = 2)

IUNA FWT FWT FQ FQ
NPNS nbr FWT FWT FWT std nbr FQ FQ FQ std
77FG  val max median mean dev val max median mean dev
6 116 58.75 24.94 2629 999 116 3.50 1.0 1.21 0.38
8 95 56.50 16.50 1787 936 95 7.00 1.0 145 0.77
9 55 107.00 30.00 33.38 19.00 55 3.00 1.0 1.1 0.36
16 59 120.00 53.00 5410 2436 59 2.00 1.0 1.06 0.20
17 23 277.00 57.00 65.27 5545 23 200 1.0 1.1 0.30
18 15 190.00 93.00 94.51 55.05 15 1.67 1.0 1.04 0.17
35 78 278.00 13150 141.23 67.70 78 3.00 1.0 1.25 044
39 5 150.00 29.00 55.20 59.11 5 1.00 1.0 1.00 0.00
57 71 50.00 8.00 9.82 8.56 71 275 1.0 1.24 0.41
58 75 42.00 19.50 20.73  9.01 75 500 1.0 1.28 0.66
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59 57 90.00 17.50 2417 18.03 57 233 1.0 1.20 0.38
66 20 250.00 181.00 174.21 50.15 20 3.00 1.0 1.20 0.52
68 84 284.00 47.38 80.12 7277 84 500 1.5 1.66 0.75

e Meal level aggregates
Repeated the same statistics but also split between Snacks and Main meals

bySubject «<-
aggregate(FWT ~ SUBJECID + IUNA_NPNS 77FG + IS SNACK + SUR
VDAY, data = foodDataGUIMapped, function(x) {
c(mean(x), length(x))
}

bySubject <- aggregate(FWT ~ SUBJECID + IUNA NPNS_77FG + IS
_SNACK , data = bySubject, mean)
bySubject «<-
convertAggregateToDataframe(bySubject, c("SUBJECID", "IUNA
_NPNS_77FG",
"IS SNACK","FWT", "FQ"))

bySubjectSnackReporting <- merge(bySubject, iunaFoodCodes, all
.X = TRUE, by.x="IUNA NPNS 77FG", by.y = 'code' )
bySubjectSnackReporting$MEAL TYPE <- sapply(bySubjectSnackRepo
rting$IS SNACK,
function(x){

retVal<- 'Snack'’

if(x == 0){retva
1 <- 'Main Meal'}

retval})

e KS Tests

bySubjectCarioOnly <-
bySubject[bySubject$IUNA NPNS 77FG %in% cariogenicIUNAFoodCode

5]

#by (bySubjectCarioOnly[c('FQ', 'IS SNACK')], bySubjectCarioOnl
y[, 'IUNA_NPNS_77FG'], foodKSTest)

#by (bySubjectCarioOnly[, c('FWT', 'IS SNACK')], bySubjectCario
onlLy[, 'IUNA_NPNS_77FG'], foodKSTest)

ksTestResults <-

data.frame(matrix(

sapply(cariogenicIUNAFoodCode, function(fcode) {

fq <-

foodKSTest (bySubjectCarioOnly[bySubjectCarioOnly$IUNA NPNS_77F
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G == fcode, c('FQ"', "IS SNACK')])

fwt <-

foodKSTest (bySubjectCarioOnly[bySubjectCarioOnly$IUNA NPNS_77F
G == fcode, c('FWT', "IS SNACK')])

cbind(fcode, fq, fwt)

1),

ncol = 5,
byrow = TRUE
))

colnames(ksTestResults) <-
c('IUNA_NPNS_77FG', 'D.FQ', 'p.value.FQ', 'D.FWT', 'p.value.FW
T")

prettyKable(ksTestResults, digits = 4)

IUNANPNS 77FG DFQ pvalueFQ DFWT pvalue FWT

6 0.2368 0.3204 0.1579 0.8116
8 0.2008 0.1635 0.1477 0.5068
9 0.0354 1.0000 0.1414 0.8813
16 0.0318 1.0000 0.2568 0.1932
17 0.0417 1.0000 0.1875 0.9694
18 NA NA NA NA

35 0.1461 0.7489 0.2009 0.3510
39 NA NA NA NA

57 0.2295 0.2894 0.2481 0.2093
58 0.1147 0.9656 0.0938 0.9964
59 0.1526 0.8555 0.1321 0.9455
66 NA NA NA NA

68 0.4438 0.0000 0.1125 0.7870

e Bean plots

Excluded the following food codes from the bean plots because there were
not enough observations:

codesToExculde <- c¢(18, 39, 66)
kable(iunaFoodCodes[codesToExculde,], row.names = FALSE)

code description
18 Rice puddings & custards
39 Tinned fruit
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66 Carbonated beverages

codesForPlot <- cariogenicIUNAFoodCode[(! cariogenicIUNAFoodCo
de %in% codesToExculde) ]

fwt <- bySubjectSnackReporting[bySubjectSnackReporting$IUNA NP
NS _77FG %in% codesForPlot,

c('FWT', 'IUNA NPNS_77FG', 'IS_
SNACK') ]

fg <- bySubjectSnackReporting[bySubjectSnackReporting$IUNA NPN
S 77FG %in% codesForPlot,

c('FQ', 'IUNA_NPNS_77FG', 'IS_SN
ACK')]

defaultMar <- par()$mar
par(mar=c(6,4,2,2), mfrow=c(1,1))

beanplot(FWT~reorder(IS_SNACK, FWT, mean)*IUNA_NPNS_ 77FG, data
=fwt,

side = "b",

col = list("red3", "lightblue"),

border = c( "red3", "lightblue"),

ylim = c(1, 400),

names = beanPlotXLabel, #substr(iunaFoodCodes$descrip
tion[codesForPlot], 1, 10),

main="Figure 2a",

ylab="Food amount average consumption (g)",

xlab="",

las=2,
cex.axis=0.7,
bw="nrd",

what = ¢(1,1,1,1),
log = "y"

)

legend("topleft", bty="n", c('Snacks', 'Main Meal'), fill= c("
red3", "lightblue"))
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par(mar=c(6,4,2,2), mfrow=c(1,1))
beanplot(FQ~reorder(IS_SNACK, FQ, mean)*IUNA_NPNS_77FG, data=f
q,

side = "b",

col = list("red3", "lightblue"),

border = c¢( "red3", "lightblue"),

ylim = c(0.8, 10),

names = beanPlotXLabel, #substr(iunaFoodCodes$descrip
tion[codesForPlot], 1, 10),

main="Figure 2b",

ylab="Frequency",

xlab="",

las=2,

cex.axis=0.7,

bw="nrdo",

what=c(1,1,1,1),

log = "y"

)

legend("topleft", bty="n", c('Snacks', 'Main Meal'), fill= c("
red3", "lightblue"))
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Figure 2b

B Snacks

O Main Meal

10

Aouanbaiy

syuup samnlyny
? S{epJod
'saysenbg
Aauonoauoo
3)2|000Y2-UCN
Asuonoajuoo
)eg|oooyn
SJBUDJIIMS

9 samnasald
‘sdruds ‘'ssebng

saoinl yinJ4

syassag

SWean 80|

sung g

saujsed ‘sayen
Sia)oelD
Buipnpul synosig

0831y

prettyKable(avgConsMealTypeFWTSummaryCariogenicOnlyRotated

, digits = 2)

271



IUNA

NPN  [UNA FWT FWT
S NPNS FWT FWT  FWT FWT  FWT nbr FWT std
77TFG  77FG max max mean mean nbrval val stddev dev
Snac MainM MainM Snac MainM Snac MainM Snac MainM  Snhac
ks eal eal ks eal ks eal ks eal ks
6 6 58.75 46.00 26.39 26.16 114 19 10.36 11.36
8 8 54.00 56.50 16.47 18.53 48 88 9.54 9.79
9 9 107.00 78.00 33.07 32.21 33 36 19.37 17.40
16 16 120.00 99.00 53.88 55.00 34 37 28.90 18.58
17 17 123.00 277.0 57.10 68.12 16 12 31.49 73.28
0
18 18 222.00 190.0 95.73 1143 11 7 60.37 69.89
0 6
35 35 268.12 302.6 13285 150.3 70 31 65.17 84.73
7 4
39 39 150.00 12.00 66.00 12.00 4 1 62.29 NA
57 57 50.00 27.00 9.26 9.97 62 26 8.79 6.06
58 58 70.00 50.00 21.89 2091 27 62 12.91 10.29
59 59 65.00 90.00 22.34 24.07 25 43 14.80 19.41
66 66 250.00 210.0 168.34 163.1 15 8 55.56 45.97
0 2
68 68 284.00 250.0 76.83 8140 74 62 70.36 78.56
0
avgConsMealTypeFQSummary <-
convertAggregateToDataframe(aggregate(FQ ~ IUNA NPNS 77FG
+ IS SNACK, data = bySubject, computeFoodMetrics))
avgConsMealTypeFQSummaryCariogenicOnly <-
buildCariogenicOnlyDf(
avgConsMealTypeFQSummary,
cariogenicIUNAFoodCode,
paste("IS SNACK|", baseColSelectionPattern, sep = "")
)
avgConsMealTypeFQSummaryCariogenicOnlyRotated <-
castMealTypeDF (avgConsMealTypeFQSummaryCariogenicOnly)
prettyKable(avgConsMealTypeFQSummaryCariogenicOnlyRotated,
digits = 2)
FQ FQ FQ FQnbr  FQnbr FQstd FQ std
IJUNA IJUNA FQ max max mean mean val val dev dev
NPNS  NPNS MainMea Snack MainMea Snack MainMea Snack MainMea Snack
77FG __ 77FG I s I s I s I s
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Snack MainMea
S |

6 6 3.50 2.0 1.17 1.05 114 19 0.37 0.23
8 8 7.50 6.5 1.33 1.42 48 88 1.01 0.80
9 9 2.00 2.0 1.07 1.04 33 36 0.25 0.18
16 16 2.00 2.0 1.06 1.03 34 37 0.24 0.16
17 17 2.00 2.0 1.12 1.08 16 12 0.34 0.29
18 18 1.33 1.0 1.03 1.00 11 7 0.10 0.00
35 35 2.00 1.5 1.17 1.07 70 31 0.30 0.17
39 39 1.00 1.0 1.00 1.00 4 1 0.00 NA

57 57 2.25 2.0 1.19 1.06 62 26 0.34 0.22
58 58 2.00 4.0 1.1 1.25 27 62 0.32 0.56
59 59 2.00 3.0 1.08 1.21 25 43 0.28 0.44
66 66 2.00 1.0 1.15 1.00 15 8 0.35 0.00
68 68 3.00 2.0 1.51 1.07 74 62 0.55 0.19

e GUI Coverage

guiCoverage <- sqldf("select IUNA_NPNS_77FG,
-- 100.0*SUM(case when (GUI CODE) is null then 1 else ©
end)/count(*) uncovered,
100.0*SUM(case when (GUI_CODE) is null then © else 1
end)/count(*) covered
from foodDataGUIMapped
group by 1
)

guiMapping <- sqldf("select distinct IUNA_NPNS_77FG, GUI_CODE
from foodDataGUIMapped order by IUNA NPNS_77FG")

#prettyKable (guiMapping)
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Final Tables

Using daily intakes

FWT FWT FQ FWT FWT FWT nbr FWT FWT std FWT FQ FQ std FQ std
IUNA NPNS GUI nbr FWT std FQ std mean mean val nbrval dev stddev FQmean mean dev dev
77FG CODE val mean dev mean dev MainMeal Snacks MainMeal Snacks MainMeal Snacks MainMeal Snacks MainMeal Snacks
RTEBC NA 116 24 14 0.9 05 23 8 114 19 13 5 0.9 0.3 0.5 0.1
Biscuits C25¢g 95 15 12 0.9 08 7 13 48 88 5 10 0.5 0.7 0.5 0.5
including
crackers
Cakes, C25¢g 55 13 11 0.4 0.2 11 10 33 36 9 9 0.3 0.3 0.2 0.2
pastries &
buns
Ice creams NA 59 22 14 0.4 0.3 18 17 34 37 12 10 0.4 0.3 0.2 0.1
Desserts C25¢g 23 25 22 0.4 0.2 22 18 16 12 22 19 0.4 0.3 0.2 0.1
Rice puddings NA 15 41 43 0.4 0.3 32 37 11 7 33 24 0.3 0.3 0.2 0.1
& custards
Fruit juices NA 78 105 81 0.8 0.5 89 64 70 31 65 51 0.7 0.4 0.4 0.2
Tinned fruit NA 5 14 14 0.3 0.1 17 3 4 1 15 NA 0.3 0.2 0.1 NA
Sugars, NA 71 6 7 0.7 05 6 4 62 26 6 3 0.7 0.4 0.4 0.2
syrups,
preserves &
sweeteners
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Chocolate
confectionery

Non-
chocolate
confectionery

Carbonated
beverages

Squashes,
cordials & fruit
juice drinks

Squashes,
cordials & fruit
juice drinks

C25¢g

C25h

C25m

C25l

C25m

75

57

20

84

84

11

10

69

84

84

52

93

93

0.5

0.5

0.4

1.2

1.2

0.3

0.3

0.4

0.9

0.9

66

61

61

49

40

40

27

25

15

74

74

275

62

43

62

62

45

69

69

23

45

45

0.4

0.4

0.4

1.0

1.0

0.4

0.4

0.3

0.5

0.5

0.1

0.2

0.3

0.7

0.7

0.2

0.3

0.2

0.3

0.3



Using consumption averages

FWT
FW FW FQ FWT FWT FWT nbr FWT FWT std std FQ FQ FQ std FQ std

GUI T FWT T FQ std mean mean val nbrval dev dev mean mean dev dev
IUNANPNS COD nbr mea std mea de MainMe Snack MainMe Snack MainMe Snack MainMe Snack MainMe  Snack
77FG E val n dev n % al S al [ al S al S al S
RTEBC NA 116 26 10 1.2 04 26 26 114 19 10 11 1.2 1.1 0.4 0.2
Biscuits C25g 95 18 9 14 0.8 16 19 48 88 10 10 1.3 1.4 1.0 0.8
including
crackers
Cakes, C25g 55 33 19 1.1 04 33 32 33 36 19 17 1.1 1.0 0.2 0.2
pastries &
buns
Ice creams NA 59 54 24 1.1 0.2 54 55 34 37 29 19 1.1 1.0 0.2 0.2
Desserts C25g 23 65 55 1.1 0.3 57 68 16 12 31 73 1.1 1.1 0.3 0.3
Rice NA 15 95 55 1.0 0.2 96 114 11 7 60 70 1.0 1.0 0.1 0.0
puddings &
custards
Fruit juices NA 78 141 68 1.3 04 133 150 70 31 65 85 1.2 1.1 0.3 0.2
Tinned fruit  NA 5 55 59 1.0 0.0 66 12 4 1 62 NA 1.0 1.0 0.0 NA
Sugars, NA 71 10 9 1.2 04 9 10 62 26 9 6 1.2 1.1 0.3 0.2
syrups,
preserves &
sweeteners
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Chocolate
confectioner
y

Non-

chocolate
confectioner

y

Carbonated
beverages

Squashes,
cordials &
fruit juice
drinks
Squashes,
cordials &
fruit juice
drinks

C25¢g

C25h

C25m

C25I

C25m

57

84

84

21

24

174

80

80

18

50

73

73

1.3

1.2

1.2

1.7

1.7

0.7

0.4

0.5

0.8

0.8

22

22

168

77

77

21

24

163

81

81

27

25

15

74

74

277

62

43

62

62

13

15

56

70

70

10

19

46

79

79

1.1

1.1

1.1

1.5

1.5

1.2

1.2

1.0

1.1

1.1

0.3

0.3

0.4

0.6

0.6

0.6

0.4

0.0

0.2

0.2



e Consumption averages all cariogenic food excluding RTEBC,
Fruit Juice, Tin fruit

cariogenicConsumpations <-
foodDataGUIMapped[foodDataGUIMapped$IUNA NPNS 77FG %in% setdif
f(cariogenicIUNAFoodCode, c(6, 35,39)),]

bySubject «<-

aggregate(FWT ~ SUBJECID + SURVDAY, data = cariogenicConsump
ations, function(x) {

c(mean(x), length(x))

}

bySubject «<-
aggregate(FWT ~ SUBJECID , data = bySubject, mean)

bySubject <-
convertAggregateToDataframe(bySubject, c("SUBJECID", "FWT",
"FQ"))

avgConsSummaryTotal <-

convertAggregateToDataframe(aggregate(cbind(FWT, FQ) ~ 1 , d
ata =

bySubject, computeFoodMetrics))

summaryTable <- t(avgConsSummaryTotal)
colnames(summaryTable) <- c('value')

kable(summaryTable)

value
FWT.nbr.val 126.0000000
FWT.nbr.null 0.0000000
FWT.nbr.na 0.0000000
FWT.min 2.5000000
FWT.max 133.4375000
FWT.range 130.9375000
FWT.sum 5102.7240079
FWT.median 35.4791667
FWT.mean 40.4978096

FWT.SE.mean 2.1991915
FWT.Cl.mean.0.95 4.3524730
FWT.var 609.3918769
FWT.std.dev 24.6858639
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FWT.coef.var
FWT.p25
FWT.p75
FWT.p95
FWT.p99
FQ.nbr.val
FQ.nbr.null
FQ.nbr.na
FQ.min
FQ.max
FQ.range
FQ.sum
FQ.median
FQ.mean
FQ.SE.mean
FQ.Cl.mean.0.95
FQ.var
FQ.std.dev
FQ.coef.var
FQ.p25
FQ.p75
FQ.p95
FQ.p99

0.6095605

22.7590278
52.0750000
86.7375000

129.7705357
126.0000000

0.0000000
0.0000000
1.0000000
7.5000000
6.5000000

397.8333333

3.0000000
3.1574074
0.1268921
0.2511352
2.0288025
1.4243604
0.4511171
2.0000000
4.0000000
5.4375000
7.3750000
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4. Association Analysis

Introduction

Goal is to explore what foods are consumed together in a meal.

The focus is cariogenic foods.

Some key points

1
2.

3.

4.

Identify the components that goes into a meal

Compare meals when the components are describe using the GUI
coding vs using the IUNA FG 77 coding

Understand the combinations of components that characterize the most
common meals.

How each cariogenic food interacts with non-cariogenic and other
cariogenic food.

Functions and data loading

library(sqldf)

library(pastecs)

library(foreign)

source( 'cariogenic-codes.R")

getSplitWeightGUI <- function(consmuptions, id, day) {

if (nrow(consmuptions) == 0) {
print(id)
print(day)
stop(consmuptions)
}
agg <- aggregate(FWT ~ is.na(GUI_CODE), consmuptions, sum)
nonguildx <- which(agg$ is.na(GUI_CODE) )
guildx <- which(agg$ is.na(GUI_CODE) == FALSE)
NonGUiFWT <- NA
if (length(nonguiIdx) > @) {
NonGUiFWT <- unlist(agg$FWT[nonguiIldx])
}
BUiFWT <- NA
if (length(guildx) > @) {
gUiFWT <- unlist(agg$FWT[guildx])
}

list(gui = guiFWT, nonGui = nonGUiFWT)
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prettyColNamesDf <- function(df){
colnames(df) <- gsub("\\.| ", " ", colnames(df))
df

}

prettyKable <- function(df, digits=2, row.names=FALSE){
kable(prettyColNamesDf(df), digits = digits, row.names = row
.names )

}

is.gui <- function(x){
sapply(x, function(x){
retVal <- FALSE
if(length(grep("C25", x)) > 0){
retVal <- TRUE
}

retVal

1)

}
getSplitWeightGUIEXT <- function(consmuptions, id, day) {

if (nrow(consmuptions) == 0) {
print(id)
print(day)
stop(consmuptions)
}
agg <- aggregate(FWT ~ is.gui(GUI_CODE_EXT), consmuptions, s
um)
nonguildx <- which(agg$ is.gui(GUI_CODE_EXT) == FALSE)
guiIdx <- which(agg$ is.gui(GUI_CODE_EXT) )
NonGUiFWT <- NA
if (length(nonguiIdx) > @) {
NonGUiFWT <- unlist(agg$FWT[nonguiIldx])
}

BUiFWT <- NA
if (length(guildx) > @) {

gUiFWT <- unlist(agg$FWT[guildx])
}

list(gui = guiFWT, nonGui = nonGUiFWT)
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prettyColNamesDf <- function(df){
colnames(df) <- gsub("\\.| ", " ", colnames(df))
df

}

prettyKable <- function(df, digits=2, row.names=FALSE){
kable(prettyColNamesDf(df), digits = digits, row.names = row
.names )

}

foodDataGUIMapped <- read.csv("foodDataGUIMappedV2.csv")

foodDataSPSS <- read.spss(file="npns-food-file-4R.sav")

# Loaded initially to map against the 77 food categories
iunaFoodCodes<- cbind.data.frame(code=seq(1,77), description=1
evels(foodDataSPSS$IUNA NPNS 77FG))

subjects <- unique(foodDataGUIMapped$SUBIECID)

survayDays <- unique(foodDataGUIMapped$SURVDAY)

colSelection <- c('SUBJECID', 'SURVDAY', 'MTYPE', 'TIME', 'IUN
A_NPNS_77FG', 'FWT', 'GUI_CODE')

The algorithm starts from the IUNA data mapped with the GUI code.
There are 6 variables taken in account: 1. Subject ID 2. Meal Type 3.
Time 4. IUNA NPNS 77 FG 5. Food weight 6. GUI code

The algorithm iterates through each subject and day of the survey and identifies
each meal that the subject consumed by sorting the records in the diary by time
of the day and meal type. All the records at the same time and with same meal

are considered to be part of a meal.
Below an example of the data relate to subject 108 for the first day of the survey

library(knitr)
## Warning: package 'knitr' was built under R version 3.4.1

foodDataSample <- foodDataGUIMapped[foodDataGUIMapped$SUBJECID
==108 & foodDataGUIMapped$SURVDAY == 1, colSelection]
reordered <- with(foodDataSample, order(SURVDAY,TIME,MTYPE))
kable(foodDataSample[reordered, ])
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SUBJECID SURVDAY MTYPE TIME [IUNA_NPNS_77FG FWT GUI_CODE

1 108 1 1 07:45 57 4 NA
3 108 1 1 07:45 65 20 C25k
13 108 1 1 07:45 22 3 NA
15 108 1 1 07:45 4 30 NA
23 108 1 1 07:45 7 122 NA
2 108 1 2 12:00 65 88 (C25k
4 108 1 2 12:00 37 50 C25a
5 108 1 2 12:00 35 55 NA
6 108 1 2 12:00 37 14 C25a
11 108 1 2 12:00 36 176 C25a
12 108 1 2 12:00 15 100 C25i
16 108 1 2 12:00 15 90 C25i
20 108 1 2 12:00 8 17 C25¢g
21 108 1 2 12:00 14 21 C25i
14 108 1 7 16:00 8 11 C25¢g
19 108 1 7 16:00 8 17 C25¢g
7 108 1 5 17:00 35 57 NA
8 108 1 5 17:00 8 3 C25¢g
9 108 1 5 17:00 25 31 NA
10 108 1 5 17:00 29 24 C25b
17 108 1 5 17:00 16 34 NA
18 108 1 5 17:00 43 30 NA
22 108 1 5 17:00 9 28 C25¢g

The algorithm identifes each meal for example the meal at 07:45 is separate

from the one at 12:00

kable((foodDataSample[reordered,])[1:5,])

SUBJECID SURVDAY MTYPE TIME [IUNA_NPNS_77FG FWT GUI_CODE

1 108 1 1 07:45 57 4 NA
3 108 1 1 07:45 65 20 C25k
13 108 1 1 07:45 22 3 NA
15 108 1 1 07:45 4 30 NA
23 108 1 1 07:45 7 122 NA

kable((foodDataSample[reordered,])[6:14,])

SUBJECID SURVDAY MTYPE TIME [IUNA_NPNS_77FG FWT GUI_CODE
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2 108 1 2 12:00 65 88 C25k
4 108 1 2 12:00 37 50 C25a
5 108 1 2 12:00 35 55 NA

6 108 1 2 12:00 37 14 C25a
11 108 1 2 12:00 36 176  C25a
12 108 1 2 12:00 15 100 C25i
16 108 1 2 12:00 15 90 C25i
20 108 1 2 12:00 8 17  C25¢g
21 108 1 2 12:00 14 21 C25i

Once each meal is identified we restructure the data a tree shaped where each

branch is a subject and each leaf is a list of days and corresponding meals.

Once this tree is built we perform two distinct analysis by going through each
of the leaves of the tree and keeping the metadata (subject information) of the

branch:

5.  We use the set of distinct GUI codes of each meal and NA when
not present to build a unique identifier for the meal. We call this
key

6. As per above but instead we use the IUNA F77 codes.

The first analysis reported the top meal by frequency, the second analysis was
extended to distinguish between snacks and main meals and focus on
cariogenic food and their interaction.

Using IUNA NPNS FG 77

bySubject <- lapply(subjects, function(s){
byDay <- lapply(survayDays, function(d){
dailyMeals <- foodDataGUIMapped[foodDataGUIMapped$SUBIECID
== s & foodDataGUIMapped$SURVDAY == d, ]
dailyMeals <- dailyMeals[with(dailyMeals, order(MTYPE, TIM
E)),]
mealTime <- unique(dailyMeals[, c('MTYPE', 'TIME')])
byMeal <- apply(mealTime, 1, function(idx){
meal <- as.integer(idx['MTYPE'])
time <- idx['TIME']
foodsInMeal <- dailyMeals[dailyMeals$TIME == time & dail
yMeals$MTYPE == meal, ]
if(nrow(foodsInMeal) == 0){
stop(foodsInMeal)
}
foodsInMeal <- foodsInMeal[order (foodsInMeal$IUNA NPNS_7
7FG), c('IUNA NPNS 77FG', '"FWT')]
foodsInMeal
}
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list(meals=mealTime, foodInMeals=byMeal, SURVDAY=d)
})
list(id=s, diary=byDay)
}

keyedConsumption <- lapply(bySubject, function(subject){
id <- subject$id
diaryDays <- subject$diary
lapply(diaryDays, function(day){
meals <- day$meals
foodInMeals <- day$foodInMeals
t(sapply(1l:nrow(meals), function(i){
foods <- foodInMeals[[i]]
key <- paste(iunaFoodCodes[unique(foods$IUNA NPNS 77FG),
'description'], sep="-", collapse = "-")
meal <- meals[i,1]
list(key=key, MTYPE=meal, subject=id, fwt=sum(foods$FWT)
, SURVDAY=day$SURVDAY)
1)
}
}

keyedConsumptionDf <-
as.data.frame(do.call(rbind, lapply(1l:length(keyedConsumptio
n), function(i) {
if (length(keyedConsumption[[i]]) != 4) {
stop(keyedConsumption)

}
rbind(keyedConsumption[[i]][[1]11,
keyedConsumption[[i]][[2]],
keyedConsumption[[i]][[3]1],
keyedConsumption[[i]][[4]])
»))

for(i in 1:ncol(keyedConsumptionDf)) {
keyedConsumptionDf[, i] <- unlist(keyedConsumptionDf[, i])

}

str(keyedConsumptionDf)

## 'data.frame': 2676 obs. of 5 variables:

## $ key : chr "Wholemeal & brown bread & rolls-Other bre

akfast cerals-Other spreading fats-Sugars, syrups, preserves &
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sweeten"| _ truncated _ "Biscuits including crackers-Cheeses-Y
ogurts-Fruit juices-Bananas-Other fruit-Other beverages" "Bisc
uits including crackers-Cakes, pastries & buns-Ice creams-Pota
toes-Peas, beans & lentils-Fruit juices-Bacon & ham" "Biscuits
including crackers"

## $ MTYPE :int 1257125712

## ¢ subject: int 108 108 108 108 108 108 108 108 108 108 ..

#H % fwt : int 179 611 207 28 133 569 78 294 147 476

## ¢ SURVDAY: int 1111222233
#### Report this !!! what about fruit as snack
keyFreq <-

sqldf("select key KEY, case when MTYPE in (6,7,8,11) then 'sna
ck' else 'main' end Meal Type,

count(subject) Total number EO,

count(distinct subject) Total subject coun
15

AVG(FWT) Average FWT,

STDEV(FWT) SD_FWT

from keyedConsumptionDf

group by key, case when MTYPE in (6,7,8,11
) then 'snack' else 'main' end

order by Total number EO desc")

prettyKable(keyFreq[1:20,], digits = @, row.names = TRUE)

Total Total
Meal number subject Average SD

KEY Type EO count FWT  FWT
1 Other fruit snack 70 43 90 59
2  RTEBC-Whole milk main 62 36 172 71
3 Whole milk main 42 20 190 85
4  Chocolate confectionery snack 38 30 24 11
5  Biscuits including crackers shack 37 26 24 12
6  Yogurts shack 23 17 119 52
7 Non-chocolate confectionery snack 22 20 26 22
8  Savoury snacks shack 20 17 23 13
9 Bananas snack 19 16 110 54
10 Biscuits including crackers- snack 19 8 175 59

Whole milk
11 lce creams snack 18 16 57 21
12  Other milks & milk based main 18 5 194 100

beverages
13 RTEBC-Whole milk-Sugars, main 18 1 188 76

syrups, preserves &

sweeteners
14  Other beverages main 17 12 107 70
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15 Other beverages-Squashes, main 17 10 200 61
cordials & fruit juice drinks

16 RTEBC-Low fat, skimmed & main 17 7 176 85
fortified milks

17  Other fruit-Other beverages  snack 14 11 240 145

18 Citrus fruits shack 12 6 98 70

19  Whole milk snack 12 7 199 64

20 Yogurts main 12 7 110 38

Cariogenic foods only

getSplitWeightCariogenic <- function(consmuptions, id, day){
if(nrow(consmuptions) == 0){
print(id)
print(day)
stop(consmuptions)
}
cgFWTVec <- rep(®, length(cariogenicIUNAFoodCode))
agg <- aggregate(FWT~IUNA NPNS_ 77FG, consmuptions, sum)
cgldx <- which(agg$IUNA NPNS 77FG %in% cariogenicIUNAFoodCod
e)
ncgIdx <- which(!(agg$IUNA NPNS_77FG %in% cariogenicIUNAFood
Code))
cgInMeal <- agg$IUNA NPNS 77FG[cgIdx]
cgIUNAIdx <- which(cariogenicIUNAFoodCode %in% cgInMeal)
cgFWTVec[cgIUNAIdx] <- agg$FWT[cgIdx]

ncgFWT<-NA
if(length(ncgldx) > 0){
NcgFWT <- sum(unlist(agg$FWT[ncgIdx]))
}
CgFWT <- NA
if(length(cgldx) > 0){
CgFWT <- sum(unlist(agg$FWT[cgIdx]))
}

list(ncg=ncgFWT, cg=cgFWT, cgVec=cgFWTVec)

keyedConsumption <- lapply(bySubject, function(subject){
id <- subject$id
diaryDays <- subject$diary
lapply(diaryDays, function(day){
meals <- day$meals
foodInMeals <- day$foodInMeals
t(sapply(1l:nrow(meals), function(i){
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foods <- foodInMeals[[i]]

#tlkey <- paste(iunaFoodCodes[unique(foods$IUNA NPNS 77FG)
, 'description'], sep="-", collapse = "-")

foodCodes <- sort(unique(foods$IUNA NPNS 77FG))

crgKeyPart <- cariogenicIUNAFoodCode[cariogenicIUNAFoodC
ode %in% foodCodes]

crgKeyPartDesc <- iunaFoodCodes[crgKeyPart, 'description

']
key <- paste(crgKeyPart, sep = "-", collapse = "-")
if(length(crgkeyPart) != length(foodCodes)){
key <- paste(key, 0, sep="-")
}
keyDesc <- paste(crgKeyPartDesc, sep = "-", collapse = "
_ll)

if(length(crgkeyPart) != length(foodCodes)){
# 2017-04-17 remapping NCG to NCF
keyDesc <- paste(keyDesc, 'NCF', sep="-")
}
meal <- meals[i,1]
weightSplit <- getSplitWeightCariogenic(foods, id, day)
retVal <- list(key=key, MTYPE=meal, subject=id, fwt=sum(
foods$FWT), SURVDAY=day$SURVDAY,
cgFWT=weightSplit$cg, ncgFWT=weightSplit$ncg, keyDe
sc=keyDesc)

cglist <- as.list(weightSplit$cgVec)

cglist <- setNames(cglList, paste("I
dCode , sep=""))

retVal <- append(retVal, cglist)

retVal

, cariogenicIUNAFoo

1)
1)
1)

keyedConsumptionCGDf <- as.data.frame(do.call(rbind, lapply(1:
length(keyedConsumption), function(i){
if(length(keyedConsumption[[i]]) != 4){
stop(keyedConsumption)
}
rbind(keyedConsumption[[i]][[1]], keyedConsumption[[i]][[2]]
, keyedConsumption[[i]][[3]], keyedConsumption[[i]][[4]])

1))

for(i in 1:ncol(keyedConsumptionCGDF)){
keyedConsumptionCGDf[,i] <- unlist(keyedConsumptionCGDf[,i])

}
str(keyedConsumptionCGDf)
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##
##
##
##
##
##
##
##
##
v
cl
S_
##
##
##
##
##
##
##
##
##
##
##
##
##

ma

}

ke
TY

ke

'data.frame’: 2676 obs. of 21 variables:

$ key : chr "57-0" "8-35-0" "8-9-16-35-0" "8"

MTYPE : int 1257125712 ...

subject: int 108 108 108 108 108 108 108 108 108 108 ..

fwt : int 179 611 207 28 133 569 78 294 147 476 ...

SURVDAY: int 1111222233 ...

CgFWT : int 4 72 122 28 22 9 NA NA 25 39 ...

ncgFWT : int 175 539 85 NA 111 560 78 294 122 437 ...

keyDesc: chr "Sugars, syrups, preserves & sweeteners-NC
"Biscuits including crackers-Fruit juices-NCF" "Biscuits in

uding crackers-Cakes, pastries & buns-Ice creams-Fruit juice

NCF" "Biscuits including crackers"

T A BB B

$I6 :hum © 000 18 0 00 210 ...
$ I8 :hum © 17 3 28 00 00 0 0 ...
$I9 :hum © 0 280000000 ...
$ I 16 :hum 00340000000 ...
$ I 17 :hum © 0 0000000 0.

$ I 18 :hum © 000000000 ...

$ I 35 :num © 5557 005000 20 .
$ I 39 :hum © 0 0000000 0.

$ I 57 :num 4000440040 .

$ I 58 :hum © 0 0000000 0.

$ I 59 :hum © 0 00000 00 19 .

$ I 66 :num 0000000000 .

$ I 68 :hum © 0 0000000 0.

pSnacks <- function(x){
isSnack <- x %in% c(6,7,8,11)
retVal <- @ #"MainMeal"
if(isSnack){

retVal <- 1 #"Snack"”
¥

retVal

yedConsumptionCGDf$mealType <- sapply(keyedConsumptionCGDf$M
PE, mapSnacks)

yCGFreq <- sqldf(

select keyDesc, mealtype,

COUNT (subject) subjectCount,

SUM(fq) totalFQ,

AVG(fq) avgFQ,

SUM(ct_dist meals) total ct dist meals,
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AVG(avgDailyIntake) avgDailyIntake,

AVG(avgDailyIntakeCg) avgDailyIntakeCg,

AVG(avgDailyIntakeNcg) avgDailyIntakeNcg,

MAX(avgFWT) maxAvgFWT,

MIN(avgFWT) minAvgFWT,

AVG(avgFWT) avgFWT,

AVG(avgFWTcg) avgFWTcg,

AVG(avgFWTncg) avgFWTncg,

MAX(avgPcCg) maxAvgPcCg,

MIN(avgPcCg) minAvgPcCg,

AVG(avgPcCg) avgPcCg,

AVG(I_6) I 6, AVG(I_8) I 8, AVG(I_9) I 9, AVG(I_16) I 16, AV
G(I_17) I_17,

AVG(I_18) I_18, AVG(I_35) I 35, AVG(I_39) I 39, AVG(I 57) I_
57,

AVG(I_58) I 58, AVG(I_59) I 59, AVG(I_66) I 66, AVG(I_68) I_
68

from

(

select keyDesc, subject, mealType,

COUNT (subject) fq,

COUNT (DISTINCT mealType) ct dist meals,

SUM(fwt)/4 avgDailyIntake,

SUM(cgFWT)/4 avgDailyIntakeCg,

SUM(ncgFWT)/4 avgDailylIntakeNcg,

AVG(fwt) avgFWT,

AVG(cgFWT) avgFWTcg,

AVG(ncgFWT) avgFWTncg,

AVG(cgFWT*1.0/fwt*100) avgPcCg,

AVG(I_6) I 6, AVG(I_8) I 8, AVG(I_9) I 9, AVG(I_16) I 16, AV
G(I_17) I_17,

AVG(I_18) I 18, AVG(I_35) I 35, AVG(I_39) I 39, AVG(I 57) I_
57,

AVG(I_58) I 58, AVG(I_59) I 59, AVG(I_66) I 66, AVG(I_68) I_
68

from keyedConsumptionCGDf

group by keyDesc, subject, mealType

) t

group by keyDesc, mealtype

)

IMeals <- sqldf("
select mealtype,

CASE

WHEN I 6 > @ THEN 6
WHEN I _8 > © THEN 8
WHEN I 9 > @ THEN 9
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WHEN
WHEN
WHEN
WHEN
WHEN
WHEN
WHEN
WHEN
WHEN
WHEN
(%]

I_16
I_17
I_18
I 35
I_39
I 57
I 58
I_59
I_66
I_68

VvV V V V V V V V Vv Vv

O OO OOOOOO

THEN
THEN
THEN
THEN
THEN
THEN
THEN
THEN
THEN
THEN

END cgIUNACode,

ount,

_meals,

ke,

takeCg,

ntakeNcg,

16
17
18
35
39
57
58
59
66
68 ELSE

COUNT(DISTINCT subject) subjectC

SUM(fq) totalFQ,
AVG(fq) avgFQ,
SUM(ct_dist meals) total ct dist

AVG(avgDailyIntake) avgDailylInta
AVG(avgDailyIntakeCg) avgDailyln
AVG(avgDailyIntakeNcg) avgDailyIl

MAX (avgFWT) maxAvgFWT,
MIN(avgFWT) minAvgFWT,
AVG(avgFWT) avgFWT,
AVG(avgFWTcg) avgFWTcg,
AVG(avgFWTncg) avgFWTncg,

MAX (avgPcCg) maxAvgPcCg,
MIN(avgPcCg) minAvgPcCg,
AVG(avgPcCg) avgPcCg,

AVG(I_6) I 6, AVG(I_8) I 8, AVG(

I 9) I9, AVG(I_16) I_16, AVG(I_17) I_17,

AVG(I_18) I_18, AVG(I_35) I_35,

AVG(I_39) I_39, AVG(I_57) I_57,

AVG(I_66) I_66, AVG(I_68) I_68

_meals,

AVG(I_58) I_58, AVG(I_59) I 59,

from

(

select key, subject, mealType,
COUNT(subject) fq,
COUNT(DISTINCT mealType) ct_dist

SUM(fwt)/4 avgDailylIntake,

SUM(cgFWT)/4 avgDailyIntakeCg,
SUM(ncgFWT)/4 avgDailyIntakeNcg,
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AVG(fwt) avgFWT,
AVG(cgFWT) avgFWTcg,
AVG(ncgFWT) avgFWTncg,
AVG(cgFWT*1.0/fwt*100) avgPcCg,
AVG(I_6) I 6, AVG(I_8) I 8, AVG(
I.9) I 9, AVG(I_16) I_16, AVG(I_17) I 17,
AVG(I_18) I 18, AVG(I_35) I 35 ,
AVG(I_39) I 39, AVG(I_57) I 57,
AVG(I_58) I_58, AVG(I_59) I 59,
AVG(I_66) I 66, AVG(I_68) I_68
from keyedConsumptionCGDf
group by key, subject, mealType
) t
group by mealtype,cgIUNACode
)

#write.csv(file="cariogenic-meals-aggregate.csv" , x=IMeals, r
ow.names = FALSE)

colSelection <- paste("ROUND(AVG(I_", cariogenicIUNAFoodCode,
"*1.0/fwt)*100, 0) I " ,cariogenicIUNAFoodCode ,sep="", collap
Se = ", ll)

cgAggregate <- sqldf(
paste(

select * from (
select
key,
mealType,
COUNT (subject) fq,
COUNT (DISTINCT subject) dst,

J
colSelection,

COALESCE (ROUND(AVG(ncgFWT*1.0/fwt)*100,0), ©.0) NCF,
keyDesc

from keyedConsumptionCGDf

group by key, keyDesc, mealType

)

where NCF < 100

order by fq desc

)
non

sep=

)
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)

reportCgAggregate <- cgAggregate[, c("keyDesc", "mealType", "f
q", "dst", "I 6", "I 8", "I 16", "I 17",

"I 18", "I 35", "I 39", "
I 57", "I 58", "I 59", "I 66","I 68","NCF" )]

### Table for reporting and column names
#### Change below for different column names

reportCgAggregateColNames <- c("Key Descriptor", "Meal Type",
"Frequency", "Subject count", "I 6", "I 8", "I 16", "I 17",

"I 18", "I 35", "I 39", "
I 57", "I 58", "I 59", "I 66","I 68","NCF" )

#H# HHH

iunafoodCodes <- read.csv("IUNA-food-codes.txt", sep= , head
er = FALSE)

coldIdx <- grep("I ", reportCgAggregateColNames)

foodCodesIx <- as.numeric(gsub("I " , "", reportCgAggregateCo
INames[grep("I ", reportCgAggregateColNames)]))
reportCgAggregateColNames[coldIdx] <- as.character(iunafoodCod

es[foodCodesIx, 2])
colnames(reportCgAggregate) <- reportCgAggregateColNames

prettyKable(reportCgAggregate, digits = @, row.names = TRUE)
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TOP 20 (shortened for alluvial)

prettyKable( (reportCgAggregate[cgAggregate$NCF < 100,])[1:20,], digits = 1, row.names = TRUE)

Key Descriptor | M | Freq | Subj | RTE | Biscui | Ice- | Dess Rice FJ & | Tinn | Sugars(S | Chocol | Non- Carbon | Squashes(S NCF
ea| uen | ect BC ts & | crea erts [ puddi [ smoot ed SPS) ate chocol ated C&FJD)
I cy | cou crack ms ngs & hies | fruits confect ate beverag
Ty nt ers custar ion confect es
pe d ion
RTEBC-NCF 0| 187 85 15 0 0 0 0 0 0 0 0 0 0 0 85
Squashes, 0 172 57 0 0 0 0 0 0 0 0 0 0 0 20 80

cordials & fruit
juice  drinks-
NCF

Biscuits 1 97 53 0 17 0 0 0 0 0 0 0 0 0 0 83
including
crackers-NCF

Fruit  juices-| O 80 45 0 0 0 0 0 48 0 0 0 0 0 0 52
NCF

Squashes, 1 62 43 0 0 0 0 0 0 0 0 0 0 0 29 71
cordials & fruit
juice  drinks-
NCF
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Sugars,
syrups,
preserves &
sweeteners-
NCF

48

29

95

RTEBC-Fruit
juices-NCF

46

26

11

37

52

RTEBC-
Sugars,
syrups,
preserves &
sweeteners-
NCF

45

22

14

83

RTEBC-
Squashes,
cordials & fruit
juice  drinks-
NCF

44

23

25

67

Chocolate
confectionery

38

30

100

Biscuits
including
crackers

37

26

100

Chocolate
confectionery-
NCF

27

22

25

75
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Alluvials

library(alluvial)
Top 20

tmp.df <- (cgAggregate[cgAggregate$NCF < 100,])[1:20,]
tmp.df <- cgAggregate[which(cgAggregateg$key %in% unique(tmp.df
$key)), 1

layout(matrix(c(1, 1), nrow = 1), widths = c(1, 1))
alluvial(

tmp.df[, c(1, 2, 18, 5:8, 13:17)],

freq = tmp.df[, 'fq'],

Xw = 0,

alpha = 0.8,

gap.width = 0.25,

col = ifelse(tmp.df[, 2] == @, "blue" , 'red'),
border = "white",

cex = 0.8,

cw = 0.3,

layer = -tmp.df$mealType
)
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T i
S e —
o

[ I
|59 |_68

| (I
'8 1.9 |_57
Top 10 with 2 components

tmp.df <- (cgAggregate[cgAggregate$NCF < 100, ])[1:10, ]
tmp.df <- cgAggregate[which(cgAggregate$key %in% unique(tmp.df
$key)), 1

#tmp.df$key <- gsub(pattern = "-0", replacement = "-NCF", x=tm
p.df$key)
tmp.df$key <- sapply(tmp.df$key, function(key){
X <- as.numeric(unlist(strsplit(key, "-")))
paste(ifelse(x == © , "NCF", substr(as.character(iunaFoodCod
es[x, 2]),1, 10)), collapse = "-\n")
}
)
tmp.df$mealType <- ifelse(tmp.df$mealType == 1, "Snack"”, "Main

")

# 5:17

# NCF = 18

cgIFoods <- colnames(tmp.df[, 5:17])

allvDf <- do.call("rbind", apply(tmp.df, 1, function(row) {
key <- row[1]
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mealType <- row[2]

fgq <- as.numeric(row[3])

ncf <- as.numeric(row[18])

ncf <- round(ncf / 5, @ ) * 5
iFoods <- as.numeric(row[5:17])

iFoodsIdx <- which(iFoods > 9)

interactingFoodsFq <- round(iFoods[iFoodsIdx] / 100 * fq, 0)

interactingFoodsOrder <- order(interactingFoodsFqg, decreasin
g = TRUE)

interactingFoodsLabels <- cgIFoods[iFoodsIdx]

interactingFoodsLabels <-

as.character(iunafoodCodes[as.numeric(gsub("I ", "", interac
tingFoodslLabels)), 2])

total <- 1 #length(interactingFoodsFq)

retVal <- data.frame(

fq = fq , #interactingFoodsFq,

mealType = rep(mealType, total),

cgl = interactingFoodsLabels[interactingFoodsOrder[1]],

cg2 = interactingFoodslLabels[interactingFoodsOrder[2]],
#cg3 = interactingFoodsLabels[interactingFoodsOrder[3]],
ncf = rep(ncf, total),

meal = rep(key, total),

stringsAsFactors = FALSE

)

retVal$cg2 <- ifelse(is.na(retVal$cg2), "None", retVal$cg2)
#iretVal$cg3 <- ifelse(is.na(retVal$cg3), "None", retVal$cg3)

retVal

1)

alluvial(
allvDf[, -1],
freq = allvDf[, 'fq'],

Xw = 0,

alpha = 0.8,

gap.width = 0.25,

col = ifelse(allVvDf[, 'mealType'] == 'Main', "blue" , 'red'),
border = "white",

cex = 0.8,

cw = 0.3,

layer = -as.numeric(allVDf[, 'mealType'] == "Snack")

)
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Top 10 1 component

tmp.df <- (cgAggregate[cgAggregate$NCF < 100, ])[1:10, ]
tmp.df <- cgAggregate[which(cgAggregate$key %in% unique(tmp.df
$key)), 1

tmp.df$key <- sapply(tmp.df$key, function(key){

X <- as.numeric(unlist(strsplit(key, "-")))

paste(ifelse(x == © , "NCF", substr(as.character(iunaFoodCod
es[x, 2]),1, 10)), collapse = "-\n")
}
)

tmp.df$mealType <- ifelse(tmp.df$mealType == 1, "Snack”, "Main
II)

# 5:17

# NCF = 18

cgIFoods <- colnames(tmp.df[, 5:17])

allvDf <- do.call("rbind", apply(tmp.df, 1, function(row) {
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key <- row[1]

mealType <- row[2]

fgq <- as.numeric(row[3])

ncf <- as.numeric(row[18])

ncf <- round(ncf / 5, @ ) * 5
iFoods <- as.numeric(row[5:17])

iFoodsIdx <- which(iFoods > 9)

interactingFoodsFq <- round(iFoods[iFoodsIdx] / 100 * fq, 0)

interactingFoodsOrder <- order(interactingFoodsFqg, decreasin
g = TRUE)

interactingFoodsLabels <- cgIFoods[iFoodsIdx]

interactingFoodsLabels <-

as.character(iunafoodCodes[as.numeric(gsub("I ", "", interac
tingFoodslLabels)), 2])

total <- length(interactingFoodsFq)

retVal <- data.frame(

fgq = interactingFoodsFq,
mealType = rep(mealType, total),
cg = interactingFoodsLabels,

ncf = rep(ncf, total),

meal = rep(key, total),
stringsAsFactors = FALSE

)

retval
1))

alluvial(
allvDf[, -1],
freq = allvDf[, 'fq'],

Xw = 0,

alpha = 0.8,

gap.width = 0.25,

col = ifelse(allVvDf[, 'mealType'] == 'Main', "blue" , 'red'),
border = "white",

cex = 0.8,

cw = 0.3,

layer = -as.numeric(allVDf[, 'mealType'] == "Snack")

)
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5. Free sugars mapping.Rmd
Free Sugars Mapping and Analysis

library(sqldf)
library(pastecs)
library(foreign)

This created the input for the mapping which is done in Google
SheetsfoodDataGUIMapped <-
read.csv("../foodDataGUIMappedV2.csv", header = TRUE)

foodDataGUIMapped$sugarloo <-

foodDataGUIMapped$SUGARS / foodDataGUIMapped$FWT * 100

foodDataGUIMapped$lactoseloo <-

foodDataGUIMapped$LACTOSE / foodDataGUIMapped$FWT * 100

sugarlooAgg <- as.matrix(aggregate(foodDataGUIMapped],
c('sugarlee', 'lactoselo’')], by =

list(FCODE = foodDataGUIMapped$FCODE, CMETH =
foodDataGUIMapped$CMETH),

function(x) {

c(mean(x), sd(x))

1)

colnames(sugarl@oAgg) <-

c('FCODE', 'CMETH', 'meanS100', 'sdS100', 'meanlLl100’,
'sdL100ee")

sugarleeAgg <- data.frame(sugarl@0Agg)

par(mfrow = c(1, 2))

hist(sugar100Agg$sds100, xlab = "sd distributions”,

main = "Normalized total sugars - standard deviation
distribution")

hist(sugar100Agg$sdL1000, xlab = "sd distribution”,

main = "Normalized total lactose - stadard deviation

distribution")
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cookingMethodsCodes <- read.table(file = "../CMETH.txt", se
p = II=II)

colnames (cookingMethodsCodes) <- c¢('CMETH', 'cookingMethod'
)

foods <- sqldf("
SELECT
foods . FCODE,
foods .IUNA_NPNS_19FG,
foods .IUNA_NPNS_77FG,
foods .GUI_CODE,
foods.description,
foods .CMETH,
cookingMethodsCodes.cookingMethod,
sugarl@0Agg.meanS100 meanTotalSugar,
sugarlO0Agg.meanlL100® meanTotallactose,
CASE
WHEN sugarl@0Agg.meanS100 <= 0.0 THEN O
ELSE NULL
END freeSugars
FROM (SELECT DISTINCT
FCODE,
IUNA_NPNS_19FG,
IUNA_NPNS_77FG,
Food description_ first first description,
CMETH,
GUI_CODE
FROM foodDataGUIMapped) foods
LEFT JOIN sugarl@0Agg
ON foods.FCODE = sugarl@eAgg.FCODE
AND foods.CMETH = sugarl@0Agg.CMETH
LEFT JOIN cookingMethodsCodes
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ON foods.CMETH = cookingMethodsCodes.CMETH

ORDER BY sugarl@0Agg.meanS100 ASC, foods.description ASC, c

ookingMethodsCodes.cookingMethod ASC
|I)

Mapping:

FCODE
) E F G H J L ™ N
1 GUILCOD | CMET ‘cookingMe(h Free MC redo Step Rem
E = =|H = |od = [mean’ = [meanTotalLactose = |Sugars = = = step = Louie = p

2 NA Chicken, boiled, meat only 3| Boiled 0 0 0 1
3 NA Chicken, boiled, light meat 3| Boiled 0 0 0 1
4 C25e Old potatoes, roast in blended oil 8| Roasted 0.6 0 0.6 3
5 C25e Old potatoes, roast in lard 8| Roasted 0.6 0 0.6 2
6 G259 Custom food-Raspberry Swiss Roll (Gateaux) 1| Not Cooked 422 0.7 415 assume negligil 2
7 NA Custom Food-Barm Brack (average of 3 brands) 1| Not Cooked 26.7 .2 26.5 fruit? 1
8 NA Fortified food-Whi White Sliced Pan (§ 2| Grilled 2 0 0 1
9 NA Fortified food-Whi White Sliced Pan (§ 1| Not Cooked 2 0 0 1
10 C25f Custom food-Noodles Instant made up with water 3| Boiled 0.5 0 0 1
1 C25g Custom food-American Muffins (average of 2 varief 1| Not Cooked 252 0.1 251 6 and AusNu 7
12 NA Custom food-Brown Soda Bread (Shop Bought) (af 2| Grilled 6.4 19 0 1
13 [NA Custom food-Brown Soda Bread (Shop Bought) (af 1| Not Cooked 6.4 19 0 1
14 NA Custom food-Linseed/Flaxseed (average of 3 brant 1| Not Cooked 2 0 0

15 C25f Custom food-Tortellini Egg Pasta With Filling (Spin; 3| Boiled 3.5 03 32 5
16 NA Recipe-Porridge, made with low fat milk (Irish) 3| Boiled 48 4.7 0 1
17  NA Recipe-Porridge, made with low fat milk (Irish) 10| Microwaved 48 4.7 0 1
18 C25g Recipe-Fairy/Queen Cakes with Glace Icing 9| Baked 438 0 438 7
19 C25g Recipe-Fairy/Queen Cakes with Glace Icing 1| Not Cooked 438 0 438 5
20 NA Fortified food-Weetabix mini crunch (average of 3 1| Not Cooked 22.2 0 222 1
21 NA Custom food_Crunchy oat cereal with fruit/nuts (a 1| Not Cooked 21 4.5 16.5 fruit 1
22 NA Porridge made with Low Fat Milk & Water (NSIFC§ 3| Boiled 23 23 0 1

alt text

Then a comparison with previous Free sugar mapping (UCC) and

analysis

Comparison

uccFreeSugarsList <- read.spss("UCC-free-sugars.sav")

## Warning in read.spss("UCC-free-sugars.sav"): UCC-free

-sugars.sav: Very long

## string record(s) found (record type 7, subtype 14), e

ach will be imported
## in consecutive separate variables

uccFreeSugars <- data.frame(

cbind(

FCODE = uccFreeSugarsList$FCODE,

freeSugar = uccFreeSugarsList$PHE freesugars,

FoodDescription = uccFreeSugarsList$Food description_ first_

first,
source = uccFreeSugarsList$Source

)
)

uccFreeSugars$freeSugar <-

as.numeric(levels(uccFreeSugars$freeSugar))[uccFreeSugars$f

reeSugar]
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freeSugarMappingMC <-
read.csv("NPNS-free-sugar-mapping-MC-2017-12-24.csv", heade
r = TRUE)

freeSugarMappingMC <- unique(freeSugarMappingMC)
which(table(freeSugarMappingMC$FCODE) > 1)

## named integer(9)

foodDataGUIMappedMCMerge <-
merge (foodDataGUIMapped, freeSugarMappingMC, by = "FCODE"
)

dailyConsumptionAggregateSubject <- sqldf(

SELECT

FCODE FCODE_S,

SUBJECID,

SURVDAY,

SUM(FWT) fwt_daily,

SUM(SUGARS) sugars_daily,

SUM(freeSugar/meanTotalSugar*SUGARS) free sugars daily,

COUNT (SUBJECID) fq,

COUNT (DISTINCT MEALNO) fq_meal
FROM foodDataGUIMappedMCMerge
GROUP BY FCODE, SUBJECID, SURVDAY

)

subejctCount <- length(unique(foodDataGUIMapped$SUBJECID)
)

# cnc -> consumer and non-consumer

dailyConsumptionAggregate <-

as.data.frame(as.matrix(

aggregate(cbind(fwt_daily, fq, sugars_daily, free_sugars_
daily, fq_meal) ~

FCODE_S, data = dailyConsumptionAggregateSubject, functi
on(x) {

c(

mean = mean(x),

quantile(x, 0.5),

quantile(x, 0.9),

max = max(x),

mean.cnc = sum(x) / 4 / subejctCount

)

})

))

# cnc -> consumer and non-consumer
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dailyConsumptionAggregateCNC <- sqldf(
sprintf(
"SELECT
FCODE FCODE_S,
SUM(FWT) / 126.0 / 4.0 fwt daily nc,
SUM(SUGARS) / %d / 4.0 sugars_daily cnc,
SUM(freeSugar / meanTotalSugar * SUGARS) / %d / 4.0,
COUNT (SUBJECID) fq,
COUNT (DISTINCT SUBJECID) consumer_count,
COUNT (DISTINCT MEALNO) fq_meal
FROM foodDataGUIMappedMCMerge
GROUP BY FCODE",
subejctCount,
subejctCount

)
)

#i
comparisonDf <-
sqldf(
SELECT
a.*,
b.freeSugar freeSugarUcc,
b.source,
(a.freeSugar - b.freeSugar) delta,
CASE
WHEN ABS(a.freeSugar - b.freeSugar) < 0.1 THEN 'Matchin

WHEN a.freeSugar > b.freeSugar THEN ‘Over'
WHEN a.freeSugar < b.freeSugar THEN 'Under’
ELSE 'Unknown'
END comparison,
rs.*
FROM freeSugarMappingMC a
LEFT JOIN uccFreeSugars b
ON b.FCODE = a.FCODE
LEFT JOIN dailyConsumptionAggregate rs
ON a.FCODE = rs.FCODE_S

)

comparisonSummary <-
sqldf(

"SELECT
comparison,
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COUNT (DISTINCT FCODE) count,
MAX(ABS(delta)) max_diff
FROM comparisonDf
GROUP BY comparison”

)

barplot(

comparisonSummary$count / sum(comparisonSummary$count) *
100,

names.arg = comparisonSummary$comparison,

ylab = "% over total number of foods",
main = "Comparing UCC mapping"
)

Comparing UCC mapping

60
I

40

20

% over total number of foods

Matching Over Under

comparisonDf$meanTotalSugar <-
comparisonDf$sugars_daily.mean / comparisonDf$fwt_daily.
mean * 100

comparisonDf$meanTotalSugar[comparisonDf$FCODE == 11590]
## [1] 23.4

Analysis

foodDataGUIMappedFreeSugars <- sqldf(
"SELECT
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o
c.meanTotalSugar,
c.freeSugar freeSugarsleo,
c.freeSugarUCC freeSugarsuUcCcClee,
CASE
WHEN c.meanTotalSugar = © THEN ©
ELSE f.sugars * c.freeSugar / c.meanTotalSugar
END freeSugar,
CASE
WHEN c.meanTotalSugar = © THEN ©
ELSE f.sugars * c.freeSugarUCC / c.meanTotalSugar
END freeSugarucc,
Cc.comparison
FROM foodDataGUIMapped f
LEFT JOIN comparisonDf c
ON c.FCODE = f.FCODE"

)

comparisonSummary <-

sqldf(
"SELECT

comparison,

COUNT (DISTINCT FCODE) count
FROM foodDataGUIMappedFreeSugars
GROUP BY comparison”

)

barplot(

comparisonSummary$count / sum(comparisonSummary$count) *
100,

names.arg = comparisonSummary$comparison,

ylab = "% over total number of foods",
main = "Comparing UCC mapping"
)
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Comparing UCC mapping

40

% over total number of foods

Matching Over Under

ks.test(comparisonDf$freeSugar, comparisonDf$freeSugarucC, c
orrect = TRUE)

par(mfrow = c(1, 1))

boxplot(
foodDataGUIMappedFreeSugars$freeSugar,
foodDataGUIMappedFreeSugars$freeSugarucc,
names = c('a', 'b'),

ylab = "free sugars (g)"

)
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par(mfrow = c(1, 2))

hist(

foodDataGUIMappedFreeSugars$freeSugar[foodDataGUIMappedFreeS
ugars$freeSugar > 0],

xlab = "free sugar (g)",

main = "a",

xlim = c(0, 60),
ylim = c(0, 2000)
)

hist(

foodDataGUIMappedFreeSugars$freeSugarUCC[foodDataGUIMappedFr
eeSugars$freeSugarucC > 9],
xlab = "free sugar (g)",

main = "b",

xlim = c(0, 60),
ylim = c(0, 2000)
)
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6. Non-covered sugars.Rmd

Non-covered sugars analysis

The goal of this analysis was to describe the covered and non-covered sugars
in GUI. The rationale is that some key foods which contains sugars are
actually not covered by the GUI mapping. We used the food mapping derived
in the previous analysis and explore what food is covered and not covered by
the GUI mapping in respect of IUNA / NPNS data.

Objective was to give a quantitive analysis of the non-covered sugars

compared with the covered ones.
Definitions

With the term non-covered we indicate a consumption that can not be
mapped using a GUI food code. Generally, if this means that specific food
item can not be mapped to a GUI code but for some food items such as pizza
and similar we need to take in account also the cooking method and the meal

type in order to decide whether or not the food is mapped.
Analysis
Loading the data

Note the source file used was the foodDataGUIMappedV2. csv which
contained the new food mapping which included the meal type.

library(sqldf)

library(pastecs)
library(foreign)

foodDataSPSS <- read.spss(file="npns-food-file-4R.sav")
## re-encoding from CP1252

# Loaded initially to map against the 77 food categories
iunaFoodCodes<- cbind.data.frame(code=seq(1,77), description=1
evels(foodDataSPSS$IUNA NPNS 77FG))

foodDataGUIMapped <- read.csv("foodDataGUIMappedV2.csv")
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freeSugarMappingMC <- read.csv("free-sugars/NPNS-free-sugar-ma
pping-MC-2017-12-24.csv", header = TRUE)

freeSugarMappingMC <- unique(freeSugarMappingMcC)
#which(table(freeSugarMappingMC$FCODE) > 1)

foodDataGUIMapped <- merge(foodDataGUIMapped, freeSugarMapping
MC, by="FCODE")

foodDataGUIMapped$freeSugar <- with(foodDataGUIMapped, freeSug
ar/meanTotalSugar*SUGARS)

e Aggregation process

Aggregated the data across:

1. Subject Id
2. Day of the week
3. Day of the survay

and we compute

The total number of times when a non-gui consumption occurs.
The total food weight for non-gui consumptions.

The total sugars (weight) for a non-gui consumption.

The total sugars for a gui consumption.

The total number of times when a gui consumption occurs.

. The total sugars.

0. The total number of number of consumptions.

1. The total food weight.

TP NO O

We then derive the following ratios

12. Ratio of the count of non-gui over total food

13. Ratio of the food weight of non-gui over total food weight.
14. Ratio of non gui total sugars over the total sugars

15. Ratio of gui total sugars over the total sugars.

nonGUIConsumptions <- sqldf(

"SELECT SUBJECID, DOW, SURVDAY,

SUM(CASE WHEN GUI_CODE IS NULL THEN 1 ELSE © END) non_gui ct
J

SUM(CASE WHEN GUI_CODE IS NULL THEN FWT ELSE © END) non_gui_
fwt,

SUM(CASE WHEN GUI_CODE IS NULL THEN sugars ELSE © END) uncov
ered_total sugars,

SUM(CASE WHEN GUI_CODE IS NULL THEN © ELSE sugars END) cover
ed total sugars,

SUM(CASE WHEN GUI_CODE IS NULL THEN 1 ELSE © END) uncovered_
ct_sugars,
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SUM(CASE WHEN GUI_CODE IS NULL THEN © ELSE 1 END) covered ct
_sugars,

SUM(CASE WHEN GUI_CODE IS NULL THEN freeSugar ELSE © END) un
covered_total free_sugars,

SUM(CASE WHEN GUI_CODE IS NULL THEN © ELSE freeSugar END) co
vered total free_ sugars,

COUNT (DISTINCT CASE WHEN SUGARS > © THEN MEALNO ELSE NULL EN
D) sugar meal ct,

COUNT (DISTINCT CASE WHEN freeSugar > © THEN MEALNO ELSE NUL
L END) free_sugar meal ct,

SUM(sugars) total sugars,

SUM(freeSugar) total free sugars,

COUNT(*) day_ct,

SUM(FWT) day_ fwt

FROM foodDataGUIMapped GROUP BY SUBJECID, DOW,SURVDAY"

)

nonGUIConsumptions$ratio ct <-
nonGUIConsumptions$non gui ct / nonGUIConsumptions$day ct

nonGUIConsumptions$ratio fwt <-
nonGUIConsumptions$non gui fwt / nonGUIConsumptions$day fwt

nonGUIConsumptions$ratio _uncovered sugars <-
nonGUIConsumptions$uncovered total sugars / nonGUIConsumptio
ns$total sugars

nonGUIConsumptions$ratio sugar_ food <-
nonGUIConsumptions$total sugars / nonGUIConsumptions$day fwt

nonGUIConsumptions$ratio u sugar_food <-
nonGUIConsumptions$uncovered total sugars / nonGUIConsumptio
ns$day fwt

nonGUIConsumptions$ratio c_ sugar_food <-
nonGUIConsumptions$covered total sugars / nonGUIConsumptions
$day_fwt

nonGUIConsumptions$ratio _uncovered free sugars <-
nonGUIConsumptions$uncovered total free sugars / nonGUIConsu
mptions$total free sugars

nonGUIConsumptions$ratio free sugar food <-
nonGUIConsumptions$total free sugars / nonGUIConsumptions$da
y_fwt

nonGUIConsumptions$ratio u f sugar food <-
nonGUIConsumptions$uncovered total free sugars / nonGUIConsu
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mptions$day_fwt

nonGUIConsumptions$ratio_c_f_sugar_food <-
nonGUIConsumptions$covered_total_ free_sugars / nonGUIConsump
tions$day_fwt

Exploratory
Day of the survey and Day of the week

To assess if there were noticeable differences across different days of the
survey and different days of the week.

par(mfrow=c(2,2))
with(nonGUIConsumptions,
list(boxplot(ratio_ct*100~SURVDAY, xlab="Survey Day", yla
b="% of non-GUI Consumption",
main="% non-covered food items count"),
boxplot(ratio_fwt*100~SURVDAY, xlab="Survey Day", y
lab="% FWT non-GUI Consumption",
main="% non-covered food weight"),
boxplot(ratio_uncovered_sugars*100~SURVDAY, xlab="S
urvey Day", ylab="% Sugars non-GUI Consumption"”,
main="% non-covered sugars"),
boxplot(ratio_uncovered_free_sugars*100~SURVDAY, x1
ab="Survey Day",
ylab="% Free-Sugars non-GUI Consumption",
main="% non-covered free-sugars")

par(mfrow=c(2,2))
with(nonGUIConsumptions,
list(boxplot(ratio_ct*100~DOW, xlab="Day of the week", yl
ab="% of non-GUI Consumption",
main="% non-covered food items count"),
boxplot(ratio_fwt*100~DOW, xlab="Day of the week",
ylab="% FWT non-GUI Consumption",
main="% non-covered food weight"),
boxplot(ratio_uncovered_sugars*100~DOW, xlab="Day o
f the week", ylab="% Sugars non-GUI Consumption",
main="% non-covered sugars"),
boxplot(ratio_uncovered_free_sugars*100~DOW,
xlab="Day of the week",
ylab="% Free-Sugars non-GUI Consumption",
main="% non-covered free-sugars")
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## ratio_sugar_food
par(mfrow=c(2,2))
with(nonGUIConsumptions,
list(boxplot(ratio_sugar_food*100, xlab="", ylab="(Sugars
/ Food Weight)%",
main="All foods items"),
boxplot(ratio_c_sugar_food*100, xlab="", ylab="(Sug
ars / Food Weight)%",
main="Covered"),
boxplot(ratio_u_sugar_food*100, xlab="", ylab="(Sug
ars / Food Weight)%",
main="non-covered sugar"),
boxplot(ratio_u_f_sugar_food*100, xlab="", ylab="(F
ree-sugars / Food Weight)%",
main="non-covered free-sugars")
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Energy intake

enjkDF <- sqldf(
"SELECT SUBJECID, SURVDAY,
SUM(ENKJ) enkj
FROM foodDataGUIMapped GROUP BY SUBJECID, SURVDAY"

)

consumptions <-
sqldf(

SELECT

f.SUBJECID,

f.SURVDAY,

CASE WHEN GUI_CODE IS NULL THEN 'U*"' ELSE GUI_CODE END GUI C
ODE,

SUM(sugars) sugars,

SUM(freeSugar) free_sugars,

COUNT (*) ct,

SUM(FWT) fwt,

MAX(e.enkj) enkj

FROM foodDataGUIMapped f

INNER JOIN enjkDF e ON e.SUBJECID = f.SUBJECID and e.SURVDAY
= f.SURVDAY

GROUP BY f.SUBJECID, f.SURVDAY, f.GUI_CODE"

)

sugarsToKJ <- 17

consumptions$enkj_sugars <-

consumptions$sugars * sugarsToKJ / consumptions$enkj * 100

consumptions$enkj_free_sugars <-

consumptions$free_sugars * sugarsToKJ / consumptions$enkj *
100

summarySubjectDayConsumptions <- aggregate(cbind(sugars, free_
sugars, enkj_sugars, enkj_free_sugars)~SUBJECID+SURVDAY, data=
consumptions, FUN=sum)

summarySubjectConsumptions <- aggregate(cbind(sugars, free_sug
ars, enkj_sugars, enkj_free_sugars)~SUBJECID, data=summarySubj
ectDayConsumptions, FUN=mean)

summaryConsumptions <- merge(summarySubjectConsumptions, as.d

ata.frame(aggregate(enkj~SUBJECID, data=enjkDF, mean)), by="SU
BJECID")
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reportingCols <- c(
"sugars",
"enkj sugars",
"free_sugars",
"enkj_ free_ sugars",
"enkj"
)

knitr::kable(
pastecs::stat.desc(summaryConsumptions[, reportingCols]),
col.names = c(
"sugars",
"pc_enkj sugars",
"free_sugars",
"pc_enkj free sugars",
"energy KJ"
)>

caption = "Consumer only", digits = 2)

Consumer only

sugars pc_enkj_sugars free_sugars pc_enkj_free_sugars energy KJ

nbr.val 126.00 126.00 126.00 126.00 126.00
nbr.null 0.00 0.00 0.00 0.00 0.00
nbr.na 0.00 0.00 0.00 0.00 0.00

min 34.88 12.87 7.7 3.10 3045.91
max 126.02 39.30 77.38 32.59 7358.55
range 91.14 26.43 70.21 29.49 4312.65
sum 9553.01  3388.05 5045.15 1776.56 608331.15
median 74.34 26.91 37.14 13.47 4815.85
mean 75.82 26.89 40.04 14.10 4828.02
SE.mean 1.81 0.52 1.49 0.52 79.32
Cl.mean.0.95 3.59 1.03 2.94 1.02 156.98
var 413.56 34.46 277.92 33.71 792755.56
std.dev 20.34 5.87 16.67 5.81 890.37
coef.var 0.27 0.22 0.42 0.41 0.18

knitr::kable(

pastecs::stat.desc(
summaryConsumptions[summaryConsumptions$enkj free sugars >= 1

0, ]

)>

digits = 1,

caption = "> 10%"

)
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>10% TEI

SUBJECID sugars free_sugars enkj_sugars enkj_free_sugars enkj

nbr.val 94.0 94.0 94.0 94.0 94.0 94.0
nbr.null 0.0 0.0 0.0 0.0 0.0 0.0
nbr.na 0.0 0.0 0.0 0.0 0.0 0.0

min 108.0 44.6 21.6 15.6 10.1 3045.9
max 1584.0 126.0 77.4 39.3 32.6 7358.6
range 1476.0 81.4 55.8 23.7 22.4 4312.6
sum 70750.0 7566.6 4391.1 2669.3 1544.9 457252.3
median 437.5 78.5 46.2 28.2 15.6 4807.3
mean 752.7 80.5 46.7 28.4 16.4 4864.4
SE.mean 53.0 2.0 14 0.6 0.5 96.2
Cl.mean.0.95 105.2 4.0 2.8 1.1 1.0 191.1
var 263728.3 384.5 181.2 30.6 22.4 870352.5
std.dev 513.5 19.6 13.5 5.5 47 932.9
coef.var 0.7 0.2 0.3 0.2 0.3 0.2

knitr::kable(
pastecs::stat.desc(
summaryConsumptions[summaryConsumptions$enkj free sugars >= 5

> ]

)>

digits = 1,

caption = "> 5%"

)

> 5% TEI

SUBJECID sugars free_sugars enkj_sugars enkj_free_sugars enkj

nbr.val 122.0 122.0 122.0 122.0 122.0 122.0
nbr.null 0.0 0.0 0.0 0.0 0.0 0.0
nbr.na 0.0 0.0 0.0 0.0 0.0 0.0
min 108.0 34.9 10.6 12.9 5.1 3045.9
max 1584.0 126.0 77.4 39.3 32.6 7358.6
range 1476.0 91.1 66.8 26.4 27.5 4312.6
sum 94717.0 9306.6 5001.5 3290.4 1760.1 590909.9
median 449.0 75.0 38.1 27.0 13.7 4831.7
mean 776.4 76.3 41.0 27.0 14.4 4843.5
SE.mean 46.5 1.8 1.5 0.5 0.5 79.4
Cl.mean.0.95 92.0 3.6 29 1.1 1.0 157.1
var 263723.8 414.2 257.7 35.1 31.4 768658.7
std.dev 513.5 20.4 16.1 5.9 5.6 876.7
coef.var 0.7 0.3 0.4 0.2 0.4 0.2
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## Redefine consumptions

consumptions <- sqldf(

"SELECT

f.SUBJECID,

f.SURVDAY,

CASE WHEN GUI_CODE IS NOT NULL THEN ‘covered’

ELSE 'uncovered' END GUI_CODE,

SUM(sugars) sugars,

SUM(freeSugar) free_sugars,

COUNT(*) ct,

SUM(FWT) fwt,

MAX(e.enkj) enkj

FROM foodDataGUIMapped f

INNER JOIN enjkDF e
ON e.SUBJECID = f.SUBJECID and e.SURVDAY = f.SURVDAY
GROUP BY 1, 2, 3")

consumptions$enkj_sugars <- consumptions$sugars * 17 / consump
tions$enkj * 100

consumptions$enkj_free_sugars <- consumptions$free_sugars * 17
/ consumptions$enkj * 100

#par(mfrow = c(2, 2))

with(

consumptions,

boxplot (

consumptions$sugars ~ consumptions$GUI_CODE,
xlab = "GUI food code",

ylab = "Daily total sugar (g)",
main = "GUI food and daily total sugar",
cex.axis = 0.8,

las = 1,

col = c¢( 'yellow', 'red")

)

)

legend(

"top",

legend = c(

"Covered",

"Uncovered"

)>

col = ¢( 'yellow', 'red'),

pch = 15,

bg = "transparent",
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cex = 0.7

)
GUI food and daily total sugar
150 - Covered
® Uncovered
C
S 100 — : o
=S I
w |
5 . i
=]
> 50 !
= !
- : —
0 - S — ——
| |
covered uncovered
GUI food code
with(
consumptions,
boxplot (

enkj_sugars ~ GUI_CODE,

xlab = "GUI food code",

ylab "%(Daily energy intake from sugar)",
main = "GUI food and daily total sugar",
cex.axis = 0.8,

las = 1,

col = c¢( 'yellow', 'red")

)

)

legend(

“top”,

legend = c(

"Covered",

"Uncovered"

)

col = ¢( 'yellow', 'red'),

pch = 15,

bg = "transparent",
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cex = 0.7

GUI food and daily total sugar
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##
with(
consumptions,
boxplot (

consumptions$free_sugars ~ consumptions$GUI_CODE,
xlab = "GUI food code",

ylab = "Daily total sugar (g)",

main = "GUI food and daily total free-sugar",
cex.axis = 0.8,

las = 1,

col = c¢( 'yellow', 'red")

)

)

legend(

"top",

legend = c(

"Covered",

"Uncovered"

)s

col = ¢( 'yellow', 'red'),
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pch = 15,

bg = "transparent",
cex = 0.7
)

GUI food and daily total free-sugar

120 © Covered
® Uncovered
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| |
covered uncovered
GUI food code
with(
consumptions,
boxplot (

enkj_free_sugars ~ GUI_CODE,
xlab = "GUI food code",

ylab

"%(Daily energy intake from free-sugar)",

main = "GUI food and daily total free-sugar",
cex.axis = 0.8,

las = 1
col
)

)
legend(
“top”,
legend = c(
"Covered",
"Uncovered"

)s

c( 'yellow', 'red")

col = ¢( 'yellow', 'red'),
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pch = 15,

bg = "transparent",
cex = 0.7
)

GUI food and daily total free-sugar
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GUI food code

meanConsumptionByGUICode <- aggregate(cbind(sugars, free_sugar
s, enkj_sugars, enkj_free_sugars)~GUI_CODE, data=consumptions,
FUN=mean)

summaryConsumptions <- aggregate(cbind(sugars, free_sugars, en
kj_sugars, enkj_free_sugars)~SUBJECID+SURVDAY, data=consumptio
ns, FUN=sum)

#par(mfrow = c(2, 2))

barplot (

meanConsumptionByGUICode$sugars,

names.arg = meanConsumptionByGUICode$GUI_CODE,
cex.names = 0.7,

las = 1,

ylim=c(0,60),

ylab = "Mean sugar intake (g)",

main = "a",
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col = c('yellow', 'red')

)

60

50

10 —

Mean sugar intake (g)
w
o
|

covered uncovered

barplot (

meanConsumptionByGUICode$enkj_sugars,
names.arg = meanConsumptionByGUICode$GUI_CODE,
cex.names = 0.7,

las = 1,

ylim=c(0,20),

ylab = "Mean % energy from sugars",
main = "c",

col = c('yellow', 'red')

)

326



o 20
@
3

15
£
o
[ —
>
o 10 —
@
c
()
2 5
c
©
2

0 -~

covered uncovered

barplot(

meanConsumptionByGUICode$free_sugars,
names.arg = meanConsumptionByGUICode$GUI_CODE,
cex.names = 0.7,

las = 1,

ylim=c(0,60),

ylab = "Mean free-sugar intake (g)",

main = "b",
col = c('yellow', 'red')
)
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60 —
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Mean free-sugar intake (g)
w
o
|

covered uncovered

barplot (
meanConsumptionByGUICode$enkj_free_sugars,
names.arg = meanConsumptionByGUICode$GUI_CODE,
cex.names = 0.7,

las = 1,

ylim=c(0,20),

ylab = "Mean % energy from free-sugars",
main = "d",

col = c('yellow', 'red')

)

328



siebns-aa1) woy ABiaua 9, ues|y

uncovered

covered

329



NPNS LEVEL

iunaF77MappedFoods <- read.csv("uncovered-iuna-food-code-mappi
ng.csv", stringsAsFactors = FALSE)

consumptionsNPNS <-
sqldf(

SELECT

f.SUBJECID,

f.SURVDAY,

m.category,

SUM(sugars) sugars,

SUM(freeSugar) free_sugars,

COUNT (*) ct,

SUM(FWT) fwt,

MAX(e.enkj) enkj

FROM foodDataGUIMapped f

INNER JOIN enjkDF e ON e.SUBJECID = f.SUBJECID and e.SURVDAY
= f.SURVDAY

INNER JOIN iunaF77MappedFoods m ON f.IUNA NPNS 77FG = m.code

GROUP BY f.SUBJECID, f.SURVDAY, m.category"

)

sugarsToK] <- 17

consumptionsNPNS$enkj sugars <-

consumptionsNPNS$sugars * sugarsToK] / consumptionsNPNS$enk
j * loo

consumptionsNPNS$enkj free sugars <-

consumptionsNPNS$free sugars * sugarsToKJ / consumptionsNPNS
$enkj * 100

summaryNPNSSubDayConsumptions <- aggregate(cbind(sugars, free_
sugars, enkj sugars, enkj free sugars, ct)~SUBJECID+SURVDAY+ca
tegory, data=consumptionsNPNS, FUN=sum)

summaryConsumptions <- aggregate(cbind(sugars, free sugars, en
kj_sugars, enkj free sugars,ct)~SUBJECID+category, data=summar
yNPNSSubDayConsumptions, FUN=mean)

summaryConsumptions <- merge(summaryConsumptions, as.data.fra
me(aggregate(enkj~SUBJECID, data=enjkDF, mean)), by="SUBJECID"

)

reportingCols <- c(
"sugars",
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"enkj sugars",
"free_sugars",
"enkj_ free_ sugars",
"enkj",

n C_tll

)

summaryConsumptionsCategory <- aggregate( .~category ,data=sum
maryConsumptions[, -1], function(x){
descStats <- pastecs::stat.desc(x, basic = TRUE)
descStats[c('min', 'max', 'mean', 'std.dev')]

1)

pcConsumer <- aggregate( .~category ,data=summaryConsumptions|
,» 2:3], function(x){

length(x)/126*100
}

summaryConsumptionsCategoryDf <- data.frame(t(summaryConsumpti
onsCategory[, -1]))

colnames (summaryConsumptionsCategoryDf) <- summaryConsumptions
Category[,1]

summaryConsumptionsCategoryDf <- summaryConsumptionsCategoryDf
[, order(colnames(summaryConsumptionsCategoryDf))]
summaryConsumptionsCategoryDf <- rbind(pcConsumer=pcConsumer(,
2], summaryConsumptionsCategoryDf)

consumerPxDf <- sqldf(

SELECT

m.category,

ROUND (SUM(CASE WHEN f.mtype in (6,7,8,11) THEN 1.0 ELSE © EN
D ) / COUNT(*) * 100 , @) p_consumed_as_snack,

ROUND (SUM(CASE WHEN f.mtype not in (6,7,8,11) THEN 1.0 ELSE
@ END ) / COUNT(*) * 100, @) p_consumed as meal,

COUNT(*) ct

FROM foodDataGUIMapped f

INNER JOIN enjkDF e ON e.SUBJECID = f.SUBJECID and e.SURVDAY
= f.SURVDAY

INNER JOIN iunaF77MappedFoods m ON f.IUNA NPNS 77FG = m.code

GROUP BY m.category

HAVING SUM (sugars) > ©

ORDER BY m.category

)
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if( length(which(consumerPxDf[,1] == colnames(summaryConsumpti
onsCategoryDf))) == length(consumerPxDf[,1]) ){

summaryConsumptionsCategoryDf <- rbind(summaryConsumptionsCa
tegoryDf, pConsumedAsSnack=consumerPxDf[,2], pConsumedAsMeal=c
onsumerPxDf[,3] )

}

idxOrdering <- grep("~free_sugars.mean$", rownames(summaryCons
umptionsCategoryDf), )

knitr::kable(
summaryConsumptionsCategoryDf[,order (summaryConsumptionsCate

goryDf[idxOrdering, ], decreasing = TRUE)],
caption = "Consumer only", digits =
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Fruit Da | Sof | Chocol | Cak | Non- Su Dess | RT Ot | Bre | Fruit
juice iry | t ate es chocol gar | erts EB he | ad and
s and Dri | confec | and | ate an and Cc r Cer | veget
smoo nk tionery | Bis confec | d Pud eals | ables
thies s cuit | tionery | syr | ding
(No s up s
n s
Die
t)
Consumer | 73.0 10 | 71. | 59.5 89.7 | 45.2 56. | 25.4 92. 10 | 100. | 100.0
s (%) 0. 4 3 1 00 |0
0
Total 8.7 22 | 48 | 3.6 4.7 22 26 |12 3.2 3.0 | 25 17.3
sugars.me .0
an
Total 8.7 11 | 88 | 4.8 4.6 29 46 | 43 29 22 |23 11.5
sugars.SD A
Free_sug 0.5 0. 0.0 | 0.6 0.0 1.2 0.0 | 0.0 0.2 0.0 | 0.0 0.0
ars.min 0
Free_sug 36.8 26 | 51. | 18.9 28.3 | 15.2 18. 11.4 19. 93 | 156 | 5.4
ars.max 5 5 0 9
Free_sug 8.4 8. 48 | 3.1 4.4 22 25 | 09 3.1 1.3 | 0.7 0.4
ars.mean. 2
Free_sug 8.7 6. 8.8 | 4.1 4.4 29 4.4 | 31 2.8 1.5 | 1.7 0.7
ars SD 2
% TEl | 3.1 7. 1.8 | 1.2 1.6 0.8 09 | 04 1.2 1.1 ] 0.9 6.3
sugars.me 6
an.
% TEl | 3.1 3. 36 | 1.6 1.4 1.2 14 | 13 1.1 0.8 | 0.8 4.0
sugars.SD 3
%TEI free | 3.0 2. 1.8 | 1.1 1.5 0.8 0.9 | 0.3 1.1 05 | 0.2 0.1
sugars.me 8
an
% TEl free | 3.1 1. 36 | 14 1.3 1.2 1.3 | 0.9 1.0 05 | 0.6 0.3
sugars.SD 9
Freq.mea | 0.7 3. 09 | 03 0.8 0.2 04 | 01 0.9 58 | 1.8 3.2
n. 2
Freq.stdd | 0.6 1. 09 | 03 0.8 0.3 05 | 0.3 0.5 1.7 | 0.7 1.7
ev 3
Prob. as | 27.0 26 | 30. | 73.0 69.0 | 66.0 18. | 37.0 5.0 21. | 19.0 | 33.0
Snack .0 0 0 0
Prob.as 73.0 74 | 70. | 27.0 31.0 | 34.0 82. | 63.0 95. 79. | 81.0 | 67.0
Meal .0 0 0 0 0
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Simulating removal of selected cariogenic foods on %FS

cut-offs

enjkDF <- sqldf(
"SELECT SUBJECID, SURVDAY,
SUM(ENKJ) enkj
FROM foodDataGUIMapped GROUP BY SUBJECID, SURVDAY"

)

consumptions <-
sqldf(

SELECT

f.SUBJECID,

f.SURVDAY,

SUM(sugars) sugars,

SUM(freeSugar) free_sugars,

COUNT (*) ct,

SUM(FWT) fwt,

MAX(e.enkj) enkj

FROM foodDataGUIMapped f

INNER JOIN enjkDF e ON e.SUBJECID = f.SUBJECID and e.SURVDAY
= f.SURVDAY

WHERE ( CASE WHEN (f.IUNA NPNS_77FG IN (58, 59, 57, 66, 68,
9, 8) AND f.MTYPE IN (6,7,8,11) )

THEN 1 ELSE © END) = ©
GROUP BY f.SUBJECID, f.SURVDAY"

)

sugarsToK] <- 17

consumptions$enkj sugars <-

consumptions$sugars * sugarsToKJ] / consumptions$enkj * 100

consumptions$enkj free sugars <-

consumptions$free _sugars * sugarsToKJ] / consumptions$enkj *
100

summarySubjectDayConsumptions <- aggregate(cbind(sugars, free_
sugars, enkj sugars, enkj free sugars)~SUBJECID+SURVDAY, data=
consumptions, FUN=sum)

summarySubjectConsumptions <- aggregate(cbind(sugars, free sug
ars, enkj_sugars, enkj free sugars)~SUBJECID, data=summarySubj
ectDayConsumptions, FUN=mean)

summaryConsumptions <- merge(summarySubjectConsumptions, as.d
ata.frame(aggregate(enkj~SUBJECID, data=enjkDF, mean)), by="SU
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BJECID")
# Consumer and Non Consumer
# totalSubject <- Length(unique(foodDataGUIMapped$SUBIECID))
# summaryConsumptionsCNC <-
as.data. frame(with(
consumptions,
cbind(
avg_sugar = sum(sugars, na.rm = TRUE) / totalSubject / 4,
avg_free_sugar = sum(free_sugars, na.rm = TRUE) /
totalSubject / 4,
avg_pc_energy _sugar = 100 * sum(sugars, na.rm = TRUE) * su
arsToKJ / sum(enkj, na.rm = TRUE),
avg_pc_energy_free_sugar =
100 * sum(free_sugars, na.rm = TRUE) * sugarsToKJ / sum(en
Rj, na.rm = TRUE)
# )
# ))

HHQ B R HHHHH

# knitr::kRable(summaryConsumptionsCNC, caption = "consumer and
non consumers"”, digits = 2)

reportingCols <-  c(
"sugars",
"enkj sugars",
"free_sugars",
"enkj_ free_sugars",
"enkj"
)

knitr::kable(
pastecs::stat.desc(summaryConsumptions[, reportingCols]),
col.names = c(
"sugars",
"pc_enkj sugars",
"free_sugars",
"pc_enkj free sugars",

"energy KJ"

)>

caption = "Consumer only", digits = 2)

pc_enkj_sugar free_sugar pc_enkj_free_sugar
sugars S S s energy KJ

nbr.val 126.00 126.00 126.00 126.00 126.00
nbr.null 0.00 0.00 0.00 0.00 0.00
nbr.na 0.00 0.00 0.00 0.00 0.00
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min 26.82 12.09 5.88 2.36 3045.91

max 121.50 37.62 62.71 22.07 7358.55
range 94.68 25.53 56.83 19.71 4312.65
sum 8367.2 2971.76 3928.26 1383.32 608331.1
6 5
median 64.55 22.91 29.06 10.73 4815.85
mean 66.41 23.59 31.18 10.98 4828.02
SE.mean 1.69 0.49 1.22 0.41 79.32
Cl.mean.0.9 3.35 0.96 2.41 0.82 156.98
5
var 361.27 29.90 186.20 21.65 792755.5
6
std.dev 19.01 5.47 13.65 4.65 890.37
coef.var 0.29 0.23 0.44 0.42 0.18

knitr::kable(
pastecs::stat.desc(
summaryConsumptions[summaryConsumptions$enkj free sugars >= 10

P ]
)>
digits = 1,
caption = "> 10%"
)
>10% SUBJECI sugar free_sugar enkj_sugar enkj_free_suga
D S S S rs enkj
nbr.val 68.0 68.0 68.0 68.0 68.0 68.0
nbr.null 0.0 0.0 0.0 0.0 0.0 0.0
nbr.na 0.0 0.0 0.0 0.0 0.0 0.0
min 108.0 41.3 22.4 15.9 10.2 3045.9
max 1584.0 121.5 62.7 37.6 221 7208.8
range 1476.0 80.2 40.3 21.7 11.9 4162.9
sum 53626.0 4977. 2762.2 1779.4 984.5 327024.
9 6
median 453.5 71.5 40.3 26.0 13.6 4785.8
mean 788.6 73.2 40.6 26.2 14.5 4809.2
SE.mean 63.9 2.3 1.2 0.6 0.4 106.2
Cl.mean.0.9 127.6 4.6 24 1.3 0.8 212.0
5
var 277920.7 364.8 99.4 27.0 10.1 767398.
0
std.dev 527.2 19.1 10.0 5.2 3.2 876.0
coef.var 0.7 0.3 0.2 0.2 0.2 0.2

knitr::kable(
pastecs::stat.desc(
summaryConsumptions[summaryConsumptions$enkj free sugars >= 5,

]
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)s

digits ils
caption = "> 5%"
)
> 5% SUBJECI sugar free_sugar enkj_sugar enkj_free_suga
D S S S rs enkj
nbr.val 115.0 115.0 115.0 115.0 115.0 115.0
nbr.null 0.0 0.0 0.0 0.0 0.0 0.0
nbr.na 0.0 0.0 0.0 0.0 0.0 0.0
min 108.0 26.8 10.3 13.1 5.0 3045.9
max 1584.0 121.5 62.7 37.6 221 7358.6
range 1476.0 947 52.4 24.5 17.0 4312.6
sum 90443.0 7732 3810.3 2736.8 1341.0 556985.
1 8
median 453.0 65.7 334 23.2 11.5 48425
mean 786.5 67.2 33.1 23.8 11.7 4843.4
SE.mean 47.9 1.8 1.2 0.5 0.4 83.8
Cl.mean.0.9 94.8 3.5 2.3 1.0 0.8 166.0
5
var 263608.8 364.2 159.0 30.1 18.3 807250.
4
std.dev 513.4 19.1 12.6 5.5 43 898.5
coef.var 0.7 0.3 0.4 0.2 0.4 0.2
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Subsection 3. List of mapping for recategorisation of

foods in chapter 7.

(‘non-uncovered_iuna_foodcode mapping.csv’)

NPNS food codes re-categorised to assess key free sugar sources.

code description category
Rice & pasta, flours, grains &
1 starch Bread & Cereals
2 Savouries Other
3 White sliced bread & rolls Bread & Cereals
Wholemeal & brown bread &
4 rolls Bread & Cereals
5 Other breads Bread & Cereals
6 RTEBC RTEBC
7 Other breakfast cerals Bread & Cereals
8 Biscuits including crackers Cakes & Biscuits
9 Cakes, pastries & buns Cakes & Biscuits
10 Whole milk Dairy
Low fat, skimmed & fortified
11 milks Dairy
Other milks & milk based
12 beverages Dairy
13 Creams Dairy
14 Cheeses Dairy
15 Yogurts Dairy
16 Ice creams Dairy
Desserts &
17 Desserts Puddings
Desserts &
18 Rice puddings & custards Puddings
19 Eggs & egg dishes Other
20 Butter Other
21 Low fat spreads Other
22 Other spreading fats Other
Oils (not including those used
23 in recipes) Other
24 Hard cooking fats Other
25 Potatoes Fruit & vegetables
Processed & homemade
26 potato products Fruit & vegetables
Chipped, fried & roasted
27 potatoes Fruit & vegetables
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28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56

57
58

59
60

61
62
63
64
65
66
67

Vegetable & pulse dishes
Peas, beans & lentils
Green vegetables

Carrots

Salad Vegetables

Other Vegetables

Tinned or jarred vegetables
Fruit juices

Bananas

Other fruit

Citrus fruits

Tinned fruit

Nuts & seeds, herbs & spices
Fish & fish products

Fish dishes

Bacon & ham

Beef & veal

Lamb

Pork

Chciken, turkey & game
Offal and offal dishes

Beef & veal dishes

Lamb, pork & bacon dishes
Poultry & game dishes
Burgers (beef & pork)
Sausages

Meat pies & pastries

Meat products

Alcoholic beverages
Sugars, syrups, preserves &
sweeteners

Chocolate confectionery

Non-chocolate confectionery

Savoury snacks
Soups, sauces &
miscellaneous foods

Supplements

Teas

Coffees

Other beverages
Carbonated beverages
Diet carbonated beverages
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Fruit & vegetables
Fruit & vegetables
Fruit & vegetables
Fruit & vegetables
Fruit & vegetables
Fruit & vegetables
Fruit & vegetables
Fruit juices & smoothies
Fruit & vegetables
Fruit & vegetables
Fruit & vegetables
Fruit & vegetables
Other

Other

Other

Other

Other

Other

Other

Other

Other

Other

Other

Other

Other

Other

Other

Other

Other

Sugar & syrups
Chocolate confectionery
Non-chocolate
confectionery

Other

Other

Other

Other

Other

Other

Soft Drinks (non-diet)
Soft Drinks (Diet)



68
69
70
71
72

73
74

75

76
77

Squashes, cordials & fruit
juice drinks

Infant cereals

Infant biscuits/rusks

Infant milks

Fromage frais

Infant desserts (excl. pureed
fruit)

Infant meals, vegetable
Fruit purees & smoothies (incl
veg/fruit combinations)
Infant meals, fish

Infant meals, meat
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Soft Drinks (non-diet)
Bread & Cereals
Bread & Cereals
Dairy

Dairy

Desserts &

Puddings

Fruit & vegetables

Fruit juices & smoothies

Other
Other
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Abstract: A poor quality diet may be a common risk factor for both obesity and dental problems such
as caries. The aim of this paper is to use classification tree analysis (CTA) to identify predictors of
dental problems in a nationally representative cohort of Irish pre-school children. CTA was used to
classify variables and describe interactions between multiple variables including socio-demographics,
dietary intake, health-related behaviour, body mass index (BMI) and a dental problem. Data were
derived from the second (2010/2011) wave of the ‘Growing Up in Ireland’ study (GUI) infant cohort
at 3 years, n = 9793. The prevalence of dental problems was 5.0% (n = 493). The CTA model
showed a sensitivity of 67% and specificity of 58.5% and overall correctly classified 59% of children.
Ethnicity was the most significant predictor of dental problems followed by longstanding illness or
disability, mother’s BMI and household income. The highest prevalence of dental problems was
among children who were obese or underweight with a longstanding illness and an overweight
mother. Frequency of intake of some foods showed interactions with the target variable. Results
from this research highlight the interconnectedness of weight status, dental problems and general
health and reinforce the importance of adopting a common risk factor approach when dealing with
prevention of these diseases.

Keywords: body mass index; diet; dental problem; classification tree

1. Introduction

Early childhood caries (ECC) is a disease defined by the presence of one or more decayed,
missing (due to caries), or filled tooth surfaces in any primary tooth in a child < 71 months old [1].
ECC is the most prevalent dental problem in pre-schoolers [2], one of the most common causes of
hospital admission and the most common cause of dental extractions under general anaesthesia [1,2].
Obesity, defined as an excess of body fat [3], is another growing concern among preschool children.
Body mass index (BMI) is frequently used to classify adults as overweight or obese; however, classifying
overweight and obesity in children is complicated by age and gender specific differences [3,4]. For this
reason, the International Obesity Task Force (IOTF) defines childhood weight status based on BMI
centile curves that correspond to adult criteria from 2 to 18 years for males and females [5]. In Europe,
12%-15% of preschool children are classified as overweight or obese based on IOTF criteria [6].
Concerns around EEC and childhood obesity are heightened by the fact that both are strong predictors
of these respective conditions throughout the life-course [7,8].

The preschool age is a particularly important period to minimise the risks for dental caries
and obesity [9] and the primary caregiver (PCG) plays a key role in facilitating prevention through
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feeding patterns and other behaviours [1,8,10]. Obesity and dental caries share some common
risk factors including food choice, dietary intake patterns, diet quality and socioeconomic factors
such as PCG education and household income [11-13]. Given the associations that exist between
oral health and general health interest is growing in using a common risk factor approach to
investigate the multidimensional causes of dental and weight-status problems, particularly in preschool
children [14-17]. Although some studies have shown a positive relationship between BMI and dental
caries, others suggest that they are weakly correlated, inverse or even U-shaped and that different
predictors may be associated with dental caries at both high and low BMI levels [11,12,14,17]. Indeed,
very few studies report the oral health status of underweight children and often group underweight
and normal weight without considering differences in risk [14,18].

Data-driven methods are being increasingly proposed to empirically derive dietary patterns
associated with chronic disease [19]. Methods that aim to uncover the relationship between
independent variables and a dependent variable are described as supervised learning. The discovered
relationship is typically presented as a classification or regression model [20]. Thus, in Classification
and Regression Tree Analysis (CART) when the target (dependent) variable is continuous a regression
analysis is performed and when the target variable is categorical a classification tree analysis (CTA)
is carried out. Data mining techniques are invaluable when analysing multidimensional data from
large-scale survey microdata files as they provide a means to identify novel diet-disease relationships
and can help establish inter-relationships between causal factors [20].

With a few exceptions, most national dental surveys tend to focus on children aged 5 and
older. While nationally representative studies of obesity prevalence in older Irish children are well
documented [21] there are few, apart from a National Preschool Nutrition Survey [22] that relate to
pre-schoolers. The research in this secondary analysis proposed to use a flexible analytical approach
(CTA) to explore the multilevel relations between weight status and dental problems in a large,
nationally representative cohort of 3-year old children from the ‘Growing Up in Ireland’ study (GUI).

2. Methods

2.1. Data Collection and Participants

The aim of the GUI infant survey is to determine the individual, family and wider social and
environmental factors that affect the development of children. GUI is a nationally representative
longitudinal study that collected data from infants at 9 months (Wave-1) and followed up when
children were 3-years old (Wave-2) providing the data file used in this study with 9793 cases.
Between December 2007 and June 2008 GUI selected a random sample on a systematic basis,
pre-stratified by marital status, county of residence, nationality and number of children from the
National Child Benefits Register which is a universal welfare entitlement in the Republic of Ireland [23].
The sampling fraction was 0.42 with an overall response of 64.5% providing 11,134 families in Wave 1.
Follow-up interviews for Wave-2 occurred between December 2010 and July 2011 and 91% of families
responded while 3.8% emigrated or deceased and the remainder either refused or were not contactable.
The PCG was interviewed in the family home using a questionnaire after written informed consent
was obtained [23].

2.2. Anthropometric Measurements

A standard (Leicester) portable height stick was used to measure height of PCGs and children.
The weight of the children was recorded using a digital scales (SECA 835, Hamburg, Germany).
Data for height and weight of the PCGs were used from Wave-1 measurements and only taken at
Wave-2 if they were missing or required rechecking. PCG weight was recorded using a flat mechanical
scale (SECA 761, Hamburg, Germany).

BMI was calculated as weight divided by height squared (kg/m?) and, for children, classified
as overweight, obese, normal weight or thinness according to the IOTF age and gender specific
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cut-offs for 3-year olds [5,24]. For simplicity, the classification of thinness (low BMI for age) is also
described as underweight in this paper although the latter strictly means low weight for age in children.
Overweight and obesity for children was also classified using the UK adaptation of percentile cut-offs
from the WHO Multicentre Growth Reference Study (MGRS) with overweight criteria defined as
a BMI between the 91st and 98th percentile while obesity was defined as a BMI on or greater than the
98th percentile [25]. PCG BMI was categorised into underweight (BMI < 18.5), normal (BMI 18.5-24.9),
overweight (BMI 25-29.9) and obese (BMI > 30).

2.3. CTA Target Variable

The dichotomous target variable was a PCG reported dental problem. The question asked was:
Has <child> been to visit the dentist because of a problem with his/her teeth?

2.4. CTA Predictor Variables

Attributes (independent variables) that were relevant to the target variable (dependent variable)
were selected for inclusion in the model based on findings from previous research. The demographic
and socioeconomic variables selected were child gender, PCG age and gender, ethnicity, PCG education
level, family social class and annual equivalised household income [1,14-16,26,27]. Ethnicity was
defined as Irish, Any other White background, Black, Asian or Other. The highest education level
attained by the PCG was one of thirteen categories ranging from no formal education to doctorate
level which was collapsed to five groups for descriptive analysis. Family social class was measured
using the Irish Central Statistics Office’s classification based on occupation, categorising families into
one of seven groups which was collapsed to four groups for descriptive analysis. Annual disposable
household income was calculated by using an equivalence scale to “weight” each household for
differences in size and composition with respect to number of adults and children [23]. Markers
of health status [12,13,26,28] included PCG reported child illness, disability, allergies and injuries,
as well as TV-viewing hours, tooth-brushing, soother/thumb-sucking, and breastfeeding as markers
of health behaviour [9,14,26,29]. Dietary intake [9,11,26] was assessed using a modified version of the
Sallis-Amherst Food Frequency Questionnaire from the Longitudinal Study of Australian Children
(LSAC) [30]. PCG reported the child’s frequency of consumption of 15 food categories (e.g., ‘sweets’,
“fizzy drinks/minerals/cordials’) over the previous 24-h as once, more than once or none at all.

2.5. Data Analysis

Wave-1 GUI data were statistically re-weighted to represent the population. Wave-2 data was
weighted for attrition between waves and emigration combined with the Wave-1 weight [31].

Classification tree analysis (CTA) is based on recursive partitioning whereby the algorithm
repeatedly creates splits in the sample based on the most significant predictor variable. The root node
contains the entire sample and each subsequent split results in child nodes with the proportion of the
classes displayed together with an adjusted I’ value. For this analysis the following parameters were
selected in either SPSS (v. 20.0: SPSS, Chicago, IL, USA) or SPSS modeller (IBM SPSS Modeler v. 14.2:
Chicago, IL, USA) using the Chi-squared Automatic Interaction Detection (CHAID) algorithm [32]:
maximum tree depth = 5, parent node = 100, child node = 50 and bonferroni-adjusted chi-square
statistic, significance < 0.05. A 10-fold cross-validation assessed model performance and produced
an average misclassification risk. Details of the analysis methods were previously reported [33].
The degree of missing cases in the 3-year old GUI infant cohort was small except for the PCG BMI(5.2%),
equivalised annual income (5.5%) and child BMI (2.6%), as previously reported [29]. The CHAID
algorithm handles missing values by defining a separate category and treating them as a single
category so that they are not excluded in the analysis [34]. A binary logistical regression analysis
(forward-wald) was also conducted to compare findings with those generated by the classification tree
output. A confusion matrix for a binary classifier provided estimation of selected performance metrics.
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3. Results

3.1. Cohort Profile

Five percent of 3-year olds had a dental problem. As is common in investigations of health
outcome the class distribution of the dataset was imbalanced. The minority class was the positive
instances of having ‘a dental problem” and the negative response was the majority class.

Table 1 describes the cohort characteristics, including anthropometric measurements, child health
and behaviours. Almost all of the self-identified PCGs were female and the biological parent of the
study child. Eighty five percent were ‘Irish’. Using the IOTF cut-offs [5] the prevalence of thinness
and obesity were 5.7% each with an additional ~18% of children being overweight. Using the WHO
growth charts and BMI cut-offs, the prevalence of overweight was 18.5% and obesity was 12.8%.

Table 1. Weighted  Sample Characteristics, Growing Up in Ireland infant cohort participants 2010/11
(Child 3-years of age).

PCG

Child Mean SD
Age (years) 29.6 (6.1)
Gender n % n %
Male 5024 51.3 161 16
Female 4769 487 9632 984
Anthropometrics Mean SD Mean SD
Weight (Kg) 15.27 (2.02)
Height (m) 95.48 (3.92)
Body Mass Index (Kg/m?)
Total 16.71 (1.61) 25.99 (5.16)
Male 16.99 (1.52) 26.98 (5.59)
Female 16.71 (1.61) 25.97 (5.15)
BMI Categories n % n %
Thinness IOTF 557 57 166 1.7
Normal IOTF 6685 683
Normal WHO 6464 66.0 4523 46.2
Overweight IOTF 1737 17.7
Overweight WHO 1815 185 2941 30.0
Obese IOTF 559 5.7
Obese WHO 1257 128 1655 169
Missing 256 26 508 5.2
Child Health and Behaviours n %
Dental Problems (in last 12 months) 493 5
Longstanding illness or disability 1543 158
Hospital admission (ever) 1569 161
Tooth brushing 2 or more per day 5107 522
Tooth brushing <2 per day 4685 47.8
Thumb sucking 765 7.8
Soother 3163 323
TV viewing time (min/day) 1133 (72.0)
TV viewing 1 hour or less per day 3569 36.4
TV viewing 2 hours or less per day 3587 36.6
TV viewing 2 hours or more per day 2630 269
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Table 1. Cont.

PCG
Child

! Mean SD
Socio-Demographics n %
Ethnicity
Irish 8261 844
Non-Irish white 1018 104
Black 252 2.6
Asian 202 21
Other 54 0.6
Family Social Class
Professional /Managerial 4553 46.5
Other non-manual /Skilled manual 3233 33.0
Semi-skilled/ Unskilled 1061 10.8
Unclassified 947 9.7
Highest Education Level
Lower secondary or less 1361 139
Upper secondary 3192 326
Non-degree 2080 21.2
Third level 3144 321

Mean SD

Equivalised Annual Income (€) 18,004 (10,997)

Data presented as mean and standard deviation (SD) or n and percentage. ? Sample weighting factors applied to
statistically adjust the data to be more representative of the population. IOTE, International Obesity Task Force;
WHO, World Health Organisation.

The frequency of food items consumed are reported in Figure 1. The majority of children
consumed water” (~83.0%), ‘full-fat milk/cream’ (~84.5%), ‘full-fat cheese /yoghurt’ (~85.0%), ‘cooked
veg’ (~85.0%), “fresh fruit’ (~89%), and “biscuits/doughnuts/cake/chocolate’ (~74%) once or more
than once in the previous 24-h. Of interest, a considerable proportion of 3-year olds consumed
“un-healthy” foods including “crisps” (~47%), “hot-chips” (~28%), sugar containing drinks (~30%),
and sweets (~49%).

Hotatall
onee

Food and drink items Mare than once:
Fizzydinksmineralfordlisquash siet) Taz [ s ]
gt st sparios [ (7w | aa | sask |
SKinmedSeriskinmed mikor ik procucts [ P B~
Fulreammik o oo products [ J8s | imew | 1% |
| Br% Fod}
Fut ot cheesedon o yognut [ Bt | s [ P ]
Raw vegetables o salad T s [
Geakeaveotavies [ 62 | e [ ™ ]
O T [ sozw |
crepo orssvaury snacko | sa6% I 1k [rox |
Ho chips o French fries T [ == §
Havourger, ot dog, seusage, meat pie am [ 2% J
Fizay drinksinersisico dil/saussh (not diet = [ e
Sweets s [ ) 2=
Biscuits, daughnuts, cake, e or chosolate wos | 235 [ o
[ ES) o o & 1o

% consumptions

Figure 1. Food and drink items consumed in previous 24 h by the Growing Up in Ireland infant cohort
at 3-years of age.
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3.2. Classification Tree Analysis

CHAID analysis generated a CTA output as depicted in Figure 2 with 30 nodes, including
17 terminal nodes. Each node contains the number and percentage of infants in each category for the
dependant variable (dental problem), the categories chosen by CHAID for the predictor variable and
the cut-off points for continuous variables. PCG ethnicity was the most important predictor of the
3-year old child having a dental problem splitting the root node. Twelve predictor variables were
included in the final tree (Bonferroni-adjusted p < 0.05). Two predictors appeared twice in the output,
PCG BMI (nodes 2 and 5) and equivalised household annual income (nodes 3 and 4). A confusion
matrix (Table 2) produced performance metrics for the classification tree: sensitivity 66.8%, specificity
58.5% and overall accuracy 58.9%.

The ethnic subgroups were split into 3 nodes with the highest prevalence of dental problems
(8.4%) among those children from a “non-Irish white” background (Node-3). Node-1 contained almost
87% of the sample (Irish and Asian ethnicity) with a 4.7% prevalence of dental problems. The tree
output from node-1 to nodes 22-24 delineated subgroups linking child BMI categories with dental
problems by the following predictors: PCG from an Irish/Asian background (node-1), the presence of
a longstanding illness or disability in the child (node-5) and an overweight mother (node-13). The final
predictor at node-13 was BMI classification of the child which split into three terminal nodes resulting
in normal, overweight/missing and obese/underweight subgroups. The highest dental problem
prevalence (19%, n = 17) was in those children in this final subgroup who were obese or underweight
(node-24). Also, the subgroup at node-1 who had a longstanding illness or disability had a reported
dental problem prevalence of 7.0% while those with no illness or disability had a prevalence of 4.3%
(node-4). The food variables included in the tree output were “water” (level-3), ‘low-fat cheese/yoghurt’
(level-4) and ‘raw vegetables/salad’, ‘fresh fruit” and ‘hot chips’.

Logistic regression failed to generate a significant model (chi-square (6) = 9.38, p = 0.15).

Legend

% target split (count)

Dental problem age 3
Node 0

Noi 95% | 9254
Yes: 5% | 488

PCG Ethnicity
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Black or BlackIrish,other,<missing> Any other White

Node 3
No: 95.3% (8030) No: 91.6% (907)
Yes: 4.7% (400) N:::‘x‘:%((gsl)” Yes: 8.4% (83)

i iongstaring iness T
No, <missing>[ | <32.74, xmissing> >32.74 <31,000| >31,000, <missing>
ode 9
No: 55 7'/- (51“) No: 93 D‘/- (llgﬂ) No: 99 5% 1!50] No: 9‘ W'A (63) No: 92 U%(BUD) No: l] 6% (107)
Yes: 4.3% {303) Yes: 7.0% (197) Yos: 0.4% (1) ) | Yes: 6.0% (4) Yes: 7.2% (62) )\ Yes: 16.a% (21)
Equivalised annual income n\jmi
1,000, <missi
231,000, <missing> 4 o, <rhissing> 5249 Not at all, >on<e| once
SEL
1% (5

Node 12 Node 13 Node 15
No: 95.5% (662} No: 90.5% (628) No: D3% (711) o 86.1% (68)
Yes: 4.5% (31) Yes: 9.5% (66) Yes: 6.5% (su Yes: 13.9% (11),

Child in hospital
for accident or injury? Child BMI class.
Normal Overweight, Obese,
<missing>

le 23 Node 24
No: 0511 m" no: 9s py (531 No: 52.3% (131) | [ o: 3005 (Aoc) No: 8 91 .-,. 152 No: 90.9 % (72)
Yos: 9.9% (30) +3.6% (20) )\ Yes: 7.7% (11) Yes: 10.0 % (a5) / % (4) Yes: 19.1 % (17)
T Hot chips or french fries
Notat all, Not st once  Motatan
<missing> Once/ > once once

Wor 9% (4197) oz o (uos) Mo 50.7% (u:] No: 38,53 mu) Not 93,450 (s7a Wo: 9% (157)
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Low fat cheese / yoghurt

Not at all,

Figure 2. Prevalence of reported dental problems by the Growing Up in Ireland infant cohort at 3-years
of age among classification tree subgroups, percentage (%) and number (1) in each class.
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Table 2. Confusion matrix showing selected performance measures for Classification tree analysis of
dental problem prevalence in the Growing Up in Ireland infant cohort at 3-years of age.

Predicted Dental Problem

Observed Percentage Correct Measure
Yes No
Yes 326 162 66.8% Sensitivity @
Dental problem ;. 3839 5415 58.5% Specificity ®
Overall percentage 58.9% Accuracy ©

2 Sensitivity = True Positive Rate = Number of True Positives/(Number of True Positives + Number of False
Negatives); ® Spedificity = True Negative Rate = Number of True Negatives/(Number of True Negatives + Number
of False Positives); © Accuracy = (True Positives + True Negatives)/(True Positives + False Positives + False Negatives
+ True Negatives)

4, Discussion

This study used a CHAID classification tree as a method to classify the dataset and identify
relationships between the predictor variables selected and the target variable (a PCG-reported dental
problem requiring a visit to the dentist). PCG ethnicity was the most significant predictor of dental
problems in the CTA model and the highest prevalence of dental problems in this study was among
children who were obese or underweight with a longstanding illness and an overweight PCG.

This analysis was carried out using data from a nationally representative cohort of 3-year old
children, the largest child population study ever carried out in Ireland, which includes a wide range of
PCG and child health and development characteristics. CTA is a non-parametric method which handles
nominal and numeric input and classification trees are ideal for representing complex interactions [20].
The output produces a visualisation of all the significant interactions with the target variable at
multiple levels and can, potentially, uncover subgroups that might not be discovered using other
data methods [34]. The partitioning variable at the first level of the classification tree was PCG
ethnicity while at the next level the most significant predictors of dental problems were the child
having a longstanding illness, PCG BMI and household income. It has been reported that trends in
overweight and obesity differ among different ethnic groups, even at the early preschool age, and that
this cannot be explained by variations in household income [35]. Similarly, the disparities in dental
caries prevalence between different ethnic groups is not fully explained by social inequalities [27].
Surprisingly, ethnicity has been used as a variable in relatively few studies of dental caries in children
while the PCG education level, although it was not a significant predictor in our CTA model, has been
consistently shown to be an important risk factor for caries in children [26].

While the results of our CTA are exploratory they identify certain characteristics previously
suggested as risk factors or risk indicators for both obesity and dental caries [14,26,36]. The study
supports recent views that data driven-outcome dependant methods such as CTA are potentially
useful for investigating dietary components or patterns most associated with a health outcome and
are a valid, non-parametric, alternative to logistic regression analysis [19]. The results of this analysis
must be cautiously interpreted by gauging the model performance (Table 2) and understanding
the limitations of both the data structure and classification tree algorithms. An imbalanced class
distribution has been characterised as “one that has many more instances of some classes than
others [37]. CTA of imbalanced data sets tends to result in high predictive accuracy for the majority
class and low accuracy for the minority class [34]. In most health outcome investigations, including
dental problems, the correct classification of the minority class is of greater interest or value than that
of the majority class. The confusion matrix (Table 2) shows the results of the actual and predicted
classifications carried out by CTA. The metrics calculated include sensitivity or recall (66.8%) which is
the proportion of actual positive cases correctly predicted by the model and specificity (58.5%) which
is the proportion of actual negative cases correctly identified by the model. The overall accuracy
(68.9%) indicated the proportion of the total number of correct predictions. Logistic regression did
not perform well as a classifier and none of the same input variables were significant in the final
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regression model. This may be due to inherent differences in the way CTA captures the division of the
classes by partitioning the space using multiple decision boundaries whereas logistic regression uses
a single linear decision boundary [34]. To be suitable as a prediction model for targeting risk it has
been suggested that both sensitivity and specificity should be 80% or the sum be at least 160% [38].

While overweight and obesity dominate the focus of recent research with children, it is important
to consider underweight (thinness) in early childhood as a condition related to poor health outcomes
also. There is some evidence to suggest that dental caries may be associated with children who
are underweight and suffer with slow growth due to pain on mastication [15,18,28]. The results
(Table 1) shows a similar prevalence of underweight and obese children. A small subgroup (node-24)
of children which combined obese and underweight categories had the highest prevalence of dental
problems (19%) in the sample. This group were predominantly Irish with a longstanding illness and
had an overweight PCG. It should also be noted that normal weight children (node-22) in this group
had a dental problem prevalence of 10% approximately half that of the obese/underweight group,
but double that of the overall sample. This finding of itself highlights the interconnectedness of weight
status, dental problems and general health and reinforces the importance of adopting a common risk
factor approach when dealing with prevention of these diseases [13,39]. However, while of interest in
classifying this dataset, it is important to be cautious when interpreting these subgroups identified by
CTA as hierarchical splitting means that they are mutually exclusive. Furthermore, successful targeting
of high risk population subgroups for problems with both weight status and dental health would
require a risk prediction model with both high sensitivity and specificity.

The prevalence of PCG-reported dental problems requiring a visit to the dentist was 5% which
may be an under-estimate given that dental problems are often not treated unless symptomatic in
the preschool years [28]. This age is a pivotal period for development of both obesity and dental
caries as patterns of eating behaviour that predispose to later development of these conditions are
established [8,10,15]. The prevalence of overweight or obesity in 3-year old children determined
by IOTF cut-offs was approximately 23% which was similar to previous reports [22]. Almost 47%
of PCG’s were overweight or obese and it is well established that parental overweight and obesity
increases the risk of a child becoming overweight [39]. There are limitations in using BMI as an indirect
measure of “fatness” particularly with respect to children [4] and it is important to note that there is
no reference population in Ireland for grading BML. In the CTA, we used the IOTF classification as
the more conservative estimate of obese children with a higher cut-off threshold. The FFQ adopted
for the GUI survey was a modified dietary screening recall and provided an indication of types
and frequency of foods consumed. While PCG-reported measures of foods consumed on a single
occasion may be useful in differentiating patterns of food intake it does not provide a good estimate
of usual daily consumption and cannot accurately capture total energy or total nutrient intake [40].
Preschool children with unhealthy eating habits have an increased likelihood of experiencing dental
caries [10]. While obesity and dental caries are both diet-mediated diseases it is clear that sugars
are required in the diet for dental caries to occur [41] whereas a high consumption of energy dense
foods including sugars and saturated fats are linked with obesity [16,39]. Fundamentally, obesity
occurs due to an energy imbalance between calories consumed versus those expended over a period of
time [11,39]. Approximately 74% of the children in GUI consumed biscuits, doughnuts, cake, pie or
chocolate at least once or more than once in a 24-h period (Figure 1). Almost 49% of children ate sweets
and 30% drank non-diet fizzy drinks, minerals, cordials or squash at least once or more than once.
Dietary interventions aimed at reducing the intake of these unhealthy food groups may help impact
on both obesity and dental caries but further investigation of these factors in longitudinal studies is
still required, especially given the temporal and cumulative aspects of both conditions.

The results of this data analysis may help raise awareness among clinicians and nutrition
researchers of the interrelations between weight status and dental problems, even before the primary
dentition is complete. Classification tree analysis visually demonstrates how factors, such as the BMI
of the primary caregiver (PCG), can interact at multiple levels and affect different subgroups of the
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child population. Future intervention strategies for oral health should involve consideration of the
weight of both the young child and PCG at both the patient and population level. This approach has
been advocated recently as both obesity and dental caries may be more likely to occur in the same
populations [17]. Given the increasing public health implications of these conditions adopting a more
interdisciplinary approach to shared risk factors may assist in the reduction of both problems.

A limitation of CTA is that the hierarchical nature of recursive partitioning has an inherent
instability to small changes in the learning data [34]. Overfitting of the model is a known problem and
this can be guarded against by using cross-validation which splits the dataset into a training portion
and test portion before estimating an average misclassification risk [20]. While dental caries is the
most common dental problem at this age the survey did not include a report of the outcome of the
dental visit. However, it has been shown that dental disease and treatment need of young children are
associated with parents’ perceptions of their children’s oral health status [42]. Also, it is important
to note that this study was based on a cross sectional rather than longitudinal analysis of the infant
cohort from the GUI survey. The data is reliant on PCG reporting and this is subject to recall bias
and social desirability, particularly in relation to reporting of food and drink perceived as ‘healthy’ or
‘unhealthy’. Further research is focussed on maximising the quality of food intake data by augmenting
the GUI survey data with more reliable dietary intake values from a national nutritional database [43]
and using the longitudinal aspect of the next wave of the GUI infant cohort. Inclusion of more detailed
oral health measures should also be considered.

5. Conclusions

The highest prevalence of dental problems in this study was among children who were obese
or underweight with a longstanding illness and an overweight PCG. Societal changes may require
renewed focus on oral health policies to focus on minority groups and CTA is a novel approach for
exploring large survey data and health-related outcomes. The common risk factor approach may
be a pragmatic means of developing shared modifiable strategies for prevention of both dental and
weight problems.
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Early Childhood Dental
Problems Classification Tree
Analyses of 2 Waves of an

lnfcmt Cohort Study

M. Crowe', A. O'Sullivan?,

Abstract: nvestigations ino the wider
bioecological understanding of dental
problems in early childbood are limited
in national surveys. Classification tree
analysis (CT4) was used to ex) p,ure

aspects of child an primmjy (:m'?giver
(PCG) psychosocial and physical
health affecting dental problems in
praschool children. Data were derived
from the Growing Up in Ireland study,
a nationally representative sample of
G-mo-olds (N = 11,134) in 2007/2008
Jollowed up at age 3y (N=9,793)

in 201072011, Analysis incliusded

PCG reports of children’s dental
problems, general bealth, temperament,
emotional and behavioral difficulties,
and their own general bealth,

stress and dcpf ession, relationship,
and sociodemographic variables.

Misclasstfication costs were specified
Jor the medel by applying a higher
penalty for misclassifying those with a
dental probiem (minority class). Logistic
regression analyses were carried out
Jor comparison. Dental problems were

C. McGrath®, O. Cassetti',

nie, ity
Linco

ublished electicnically on

cigtions for Dental Res

L. Swords?,

reported among 302 infanis (2.7%) at
) mo of age and 493 children (5.0%) a
1« CT4 identified infant temperament
i Characteristics Questionnaire
unpredictable) as the primary predicror
of dental problems at 9 mo and child
global bealth at 3 v of age. Fiyst-level
predictors were PCG depression score
and use of a svother at 9 mo and PCG
ethnicity and vnscheduled bospiial visits
at 3y of age. Regression analyses results
sup*m ted the most important predictors
9 o omu! 3 ¥ o/ age. The CT4 mode,

ozmzz/’ GCCUFACY 4} 88 3% wb le that
Jor 3y-olds had a speci
0f 66%, and overall accuracy
ey aspects q"/,i'zjuni/cbi d and
PCG beailth, as well as psy
characteristics associated with reported
dental problems, should be considered
in furure sultidisciplinary approaches
to child bealth.

Krowledge Transfer Statement:
The results of this data analysis
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should belp raise awareness among
clinicians of how primary caregiver
and child psychosocial and general
bealth factors are associated with
early childbood dental problems,
even before the primary dentition is
complete. Classification tree analysis
visually demonstrates bow factors
such as infant temperament (9 mo)
and child global bealth (3 y) can
interact at multiple levels and affect
different subgroups of the child
population. Future intervention
strategies for oral health should
involve consideration of the
psychologica
characteristics of the young child
and PCG at both the patient and
population levels. This knowledge
could assist decision makers adopt an
integrated multidisciplinary approach
in formulating a coberent oral bealth
policy for preschool children.

{ and general health

Keywords: oral health, psychosocial
factors, temperament, global health,
preschool child, primary caregiver
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Introduction

The prevalence of oral health problems
in young children has increased in
recent years, following a decline in
previous decades (Dye et al. 2010;
Bourgeois and Llodra 2014). The
bidirectional relationship between
oral health problems and child health
and development is complicated by a
vatiety of socicdemographic influences
(Sheiham 2006; Hooley et al. 2012). In
addition, the primary caregiver (PCG)
is the gatekeeper in providing and
promoting general and oral health care
for the developing child; therefore, PCG
health and well-being are intricately
linked to child health and ultimately
defined by similar social determinants
(Moimaz et al. 2014).

In recent years, dental research has
expanded, recognizing that psychosocial,
behavioral, and environmental factors
significantly affect oral heal
(Newton and Bower 2
COwens et al. 2007). A number of
studies have reported relationships
between PCCG psychological distress,
child socioemotional behavior or infant
temperament, and child oral health
outcomes {(Quinonez et al. 2001; Tang
et al. 2003; Spitz et al. 2 Menon
et al. 2013; Aminabadi et al. 2014).
Pagental stress and depression may affect
caregivers ability to impart preventive
oral health measures at vuinerable
developmental stages (LaValle et al.
2000; Tang et al. 2005) and are often
related to aspects of infant temperament
and child socicemotional behavior
(Mantymaa et al. 2006; Spitz et al. 2006
Renzaho and Silva-Sanigorski 20137,
Depressive symptoms in mothers may
lead to inconsistent parenting and
unhealthy feeding habits (Kim Seow
2012). Furthermore, a positive child
temperament appears to be protective
against early childhood caties (ECC)
while temperament and poor feeding
practices are both equally strongly
associated with ECC (Aminabadi et al.
2014). Influenced by behavioral and
social science research, conceptual
models of oral health have developed
to incorporate a wider framework,

th outcomes

including psychosocial and behavioral
factors that expand beyond the
individual to the family and community
levels (Fisher-Owens et al, 2007; Kim
Seow 2012). While several studies have
focused on the sociodemographic
components within models, few have
examined the role of psychosocial and
behavioral factors in large population
studies (Hooley et al. 2012).
Classification and regression trees have
been used in clinical settings for risk
assessment or diagnostic prediction but
less so in public health research (Kuhn
et al. 2014). The aim of classification twee
analysis (CTA) is to create a model that
predicts a target outcome (dependent
variable) based on the strength of
interactions between categorical or
continuous input variables (independent
variables) (Loh 2014). To date, most
of the research has focused on eatly
childhood dental problems, and studies
on the health and psychosocial attributes
of the child and PCG have concentrated
on the effect of a single vasiable using
relatively small sample sizes (LaValle
et al. 2000; Hooley et al. 2012).
This study uses CTA to explore a
complex network of infant/child
and PCG psychosocial and physical
health vasiables and identify key
parameters related to eatly childhood
dental problems in a large nationally
representative sample of Irish children in
infancy and again in early childhood.

Methods

This study was teported according
to the STROBE (Strengthening the
Reporting of Observational Studies in
Epidemiology) guidelines.

Participants

Growing Up in Ireland (GUD s 2
nationally representative longitudinal
cohort study of infants in the Republic of
Treland (ROT) (http:/Awvww.growingup
.ie). The sample was randomly and
systematically selected from the National
Child Benefits Register prestratified
by marital status, county of residence,
nationality, and number of children.

353

Families were first invited to participate
when infants were 9 oo old (wave 1)
and subsequently when they were 3 v
old (wave 2).

Data Collection

Interviews were cagtied out by trained
fieldworkers administering a computer-
based questionnaire with the PCG in the
family home after informed consent was
obtained in writing (Williams et al. 201%).
The project received ethical approval
from a Research Ethics Committee
convened by the Department of Health
and Children.

Dependent Variables

The dependent variable in this analysis
was a PCG-reported dental problem. At
9 mo, Information on reported
experience of dental problems for which
the infant was taken to see a health care
worker was recorded as a dichotomous
variable, with a positive response
indicating a dental problern. In wave 2
of the study, when the child was 3 v old,
the PCG was asked, “Has the child been
to visit the dentist because of a problern
with his/her teeth?” Again, this was
recorded as a dichotomous variable, with
a positive response indicating a dental
problem.

Independent Variables

Independent variables were chosen
based on relevance to child dental
health.

Sociodemographic variables

Socioeconomic and demographic
variables selected were ethnicity and
highest education level of the PCG,
family social class, and equivalized
household annual income (Williams
et al. 2013). The sex (male/female) of the
child and age and sex of the PCG was
recorded.

Variables related to health

At 9 mo of age, health was assessed
by PCG global ratings of infant general
health and whether the infant was
“admitted to a hospital ward because
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of an illness or health problem.” The
global health rating of the infant was
dichotomized as “very healthy” or “nct very
healthy” in a similar fashion to previous
studies with preschool children (Wake
et al. 2008). At 3y of age, health was
assessed by PCG global ratings of child
health and whether the child “ever had
an accident or injury requiting hospital
treatment or admission.” At both tine
points, PCG (global) health was assessed
by self-rating on a 3-point Likert scale.

Psychosocial variables /behavioral habits

At 9 roo, infant temperament
was assessed by the 24-item Infant
Characteristics Questionnaire (1CQ;
Bates et al. 1979) covering 4 domains:
fussy-difficult, unadaptable, dull (or
subdued), and unpredictable. Other
questions relating to behavioral habits
were whether the infant used a socthet/
dummy in the past week and whether
the PCG ever woke the baby at night
for a feed. PCG stress levels were
indicated by the 18-item Parental Stress
Scale (Berry and Jones 19953 and PCG
depression was assessed by using the
8-item short form measure of the Centre
for Epidemiological Studies Depression
Scale (CES-D) (Radloff 1977). The quality
of attachment (QoA) to the infant was
measured using the QoA subscale from
the Maternal Postnatal Attachment Scale
(Condon and Corkindale 1998).

At 3, child behavior and emotional
development were assessed using
the 25-tem Strengths & Difficulties
Questionnaire (SDQ; Goodran 1997).
Child temperament was measused vsing
a modified version from the Longitudinal
Study of Australian Children (LSAC)
of the Short Temperament Scale for
Toddlers (Prior et al. 2000). Questions
relating to child oral behavioral habits
included frequency of tooth brushing
and how often the child sucked a
soother or finget/thumb. The child-
PCG relationship was assessed by the
Child-Parent Relationship Scale (Pianta
CPR-S; Berry and Jones 1995). Again,
when the child was 3 y of age, PCG
depression was assessed using the 8-item
short form measure of the CES-D Scale,

vielding 4 total depress
were categorized as “depressed” or
“not depressed.” PCGs were also asked
whether they had been “treated for
depression, anxiety, or nerves”

Data Ana]ysis

The data from the GUI infant cohort
study were obtained from the Trish
Social Science Data Archive (ISSDA,
University College Dublin). Prior to
analysis, wave 1 data were teweighted
based on population statistics from the
Central Statistics Office (CSQ) and the
National Child Benefit Register for 2008
to ensure that sample was representative
of the total population. Data from wave 2
were adjusted for the children who were
resident in Ireland at wave 1 but not at
wave 2 and for differential response and
attrition. between interviews (Williams
et al. 2013).

Classification trees were generated
with PCG-reported experience of a
dental problem at 9 mo or at 3 v of age
as the target variable for each output
using SPSS statistics (version 20.0: SPSS,
Inc.) and the Chi-squared Automatic
Interaction Detection (CHAID) algorithm
(Kass 1930). Comprehensive details
of our analysis technique are outlined
in Appendix 1, and a recent literature
review provides a detailed history of
classification tree techniques (Loh 2014).
Pollowing on, a seties of binary logistical
regression analyses (forward-wald) was
conducted to compare findings with
those generated by CTA.

Results

Profile of the Sa mpfe

At § mo of age, 2.7% (1 = 302) of
infants had a PCG-reported dental
problem for which they had sought care
from a health care professional. When
children were 3y old, 5.0% (n %)
had a dental problem for which they had
sought care from a dentist (Table 1). The
sociodemographic profile of the study
populations was siroilar at both time
points with the exception of the variable
reflecting family income (Table 1). The
mean equivalized annual household
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income was lower at wave 2 compared
with wave 1.

Classification Tree at 9 mo of Age

The results from CTA for infants at
9 mo arte shown in Figure 1, which
includes the independent (predictor)
variable used for each split. The
tree model, without boosting or
undersampling, had a sensitivity of
31.2%, a specificity of 90.4%, and an
overall accuracy of 88.8%. Boosting
and resampling did not greatly improve
the model performance for either data
set. The parameters used for growing
the tree with the CHAID algorithm
paititioned the data into 5 levels with 33
nodes, of which 20 were terminal nodes.
Each node contains the node number,
the number and percentage of infants in
each category for the dependent variable
(dental problem), the adjusted P value
and chi-square statistic, the categories
chosen by CHAID for the predictor
variable, and the cutcff points for
continuous variables, The ¢ independent
variables that reached significance in the
model included 3 infant temperament
subscales (ICQ fussy-difficult, dull,
and unpredictable subscales), the PCG
depression score, infant use of a soother/
dummy, and child global health. The
first level of the tree was split according
to the infant temperament score (ICQ
unpredictable subscale), which splits the
tree oot (parent node) into 4 branches
(child nodes). A detailed description
of the tree output is contained in
Appendix 2.

In regression analyses, 3 factors were
significantly associated with having a
reported dental problem at 9 mo: both
dull (B =0.03, SE = 0.01, P = 0.007) and
fussy-difficult (B = -0.09, SE == 0.03,

P = 0.001) teperarnent (ICQ subscale
scores), use of a soother (B = ~0.28,

P =0.04), and PCG
depression score (B = 0.03, SE = 0.01, P
=0.025). Having a dull temperament or
using a soother reduced the likelihood of
a dental problemy, while having a difficult
temperament and an increased PCG
depression score increased the likelihood
of the infant having a dental problem.
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Table 1.
Demographics and Profile of Growing Up in Ireland Infant Cohort Study Participants.

Characteristic Total at 9 mo of Age
Survey date September 8/April 9

Total at 3 y of Age

December 10/June 11

Sample size, n 11,134
Child sex, n (%)
Boy 5,715 (51.3)

9,793

5,024 (51.3)

Girl 5419 (48.7)

4,769 (48.7)

Dental problem, 1 (%) 302 (2.7)
Hospital admission (ever),” n (%)
Yes 1453 (13.1)

493 (5.0)

1,569 (16.1)

No 9,674 (86.9)
Global health child, 7 (%)
Very healthy 9,197 (82.6)

8,201 (83.9)

7312 (74.7)

Not very healthy 1,895 (17.0)
Infant Characteristics Questionnaire, mean (SD)
Fussy-difficult 14.83 (5.00)

2476 (25.3)

Unpredictable 6.15 (2.66)

Unadaptable 9.01(3.83)

Dull 5.84 (2.46)

Strength and Difficulties Questionnaire, mean (SD)
Child-Parent Relationship (CPR-Pianta), mean (SD)
Positive

7.98 (4.63)

33,77 (2.00)

Conflict
Short Temperament Scale (Longitudinal Study of Australian Children), mean (SD)
Persistence

15.64 (5.42)

4.71(0.82)

Sociability

412 (1.13)

Reactivity

2.88 (1.07)

Quality of attachment score, mean (SD) 4250 (2.59)

Parental stress score, stressors subscale, mean (SD) 14.64 (4.19

12.35 (4.14)

PCG depression score, mean (SD) 249 (3.66)
PCG sex, (%)
Male 41(0.4)

2.42 (3.58)

161 (1.6)

Female 11,093 (99.6)
Global health PCG, n (%)
Excellent/very good 7,746 (69.6)

9,632 (98.4)

6,760 (69.0)

Good/fair/poor 3,387 (30.4)
Ethnicity PCG, # (%)
Irish 9,275 (83.3)

3,032 (31.0)

8,261(84.4)

White non-Irish 1,203 (10.8)

1,018 (10.4)

Black 295 (2.7)

252 (2.6)

Asian 273 (2.5)

202 (2.1)

Other 53 (0.5)

54 (0.6)
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Table 1.
{continued)

Characteristic

Family social class, n (%)
Professional/managerial
Other nonmanual/skilled manual
Semiskilled/unskilled
Unclassified

Education PCG, 1 (%)
Lower secondary or less
Upper secondary
Nondegree
Third level

Equivalized annual income, mean (SD)

PCG, primary caregiver.

Total at 9 mo of Age

5,340 (48.0)

Early Childhood Dental Problems

Total at 3 y of Age

4,553 (465)

3,643 (32.7)

3233 (33.0)

1,148 (10.3)

1,061 (10.8)

1,002 (9.0)

1,955 (17.6)

947 (9.7)

1,361 (13.9)

2,806 (25.2) 3,192 (32.6)
3,112 (28.0) 2,080 (21.2)
3,249 (29.2) 3,144 (32.1)

21507 (13,414) 17,874 (9,551)

*Hospital admission (even): at 9 mo, this question related to an illness or health problem, whereas at 3 y of age, it was for accident or injury.

Classification Tree at 3 'y of Age

The CTA for children at 3 y of age
is shown in Figure 2. This tree model
resulted in a sensitivity of 66% and
specificity of 58.5% and overall correctly
classified almost 59% of all children in
the data set. This data set was pattitioned
using the CHAID algorithm into 4
levels with 25 nodes, of which 15 were
terminal. Ten independent variables
were significant in the model; child
health (PCG global rating), ethnicity and
education of the PCG, history of hospital
admission for an injury, family annual
income, PCG treated for depression, PCG
stress score, total depression score, PCG
health rating, and persistence subscale
of the LSAC child temperament measure.
The most important splitting variable
was child global health rating, and of
those children who were classified as
“not very healthy,” 7.1% had a dental
problem, whereas of those who were
classified as “very healthy,” only 4.3%
had a dental problem. Approximately
75% (1 = 7,274) of the total sample
was classified as “very healthy,” and the
next variable splitter at this node was
PCG ethnicity. In the subset of children
for whom the PCG was “other white
background” (non-Irish white), the
prevalence of dental problems was 8.4%,

whereas those of children with a PCG
of Irish and “any other” ethnicity had a
dental problem prevalence of 3.8%. A
detailed description of the tree output is
contained in Appendix 2.

In logistic regression analyses, 5 factors
were significantly associated with the
likelihood of being a child at 3 y of age
with a reported dental problem: child
global rating of health (B = 0.44, SE =
11, P < 0.001), hospital admission for
injury (B = —0.45, SE = 0.12, P < 0.001),
PCG ethnicity (P < 0.001) and education
level (P =0.01), and family social class
(P =0.03).

Discussion

The findings highlight the relatively
high prevalence of reported dental
problems in early childhood, with 1 in
50 children at 9 mo and 1in 20 at 3y
of age with a reported dental problem
that resulted in the PCG seeking child
health care. Only 16 children had a
dental problem at both time points.

CTA showed that certain psychosocial
characteristics, sociodemographic factors,
and measures of PCG and child health
were key predictors of dental problems
in preschool children. Specifically, infant
temperament (unpredictable) at 9 mo
and child health at 3 y were the most
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significant predictors of dental problems.
While logistic regression analyses largely
supported these findings, the CTA more
clearly illustrated the complex multilevel
interactions among a greater number of
predictors.

This study provided cross-sectional
exploratory analyses of the GUI infant
cohort (at age 9 mo and age 3 y), which
is the largest child population study in
Ireland covering key aspects of child
health and development. Currently,
national data are limited on child dental
health, and preschool children were not
included in previous national dental
surveys (Sagheri et al. 2013). To our
knowledge, no study has investigated
the association between the prevalence
of dental problems in preschoolers and
health and psychosocial characteristics
of the PCG and child using CTA.

On a national population basis, this
represented approximately 2,000 infants
age 9 mo and 3,200 children age 3 y.
This was similar to trends reported
in other countries (Slack-Smith 2003;
Declerck et al. 2008). However, as
our secondary analysis used a PCG-
reported dental problem as opposed
to, for example, clinically diagnosed
ECC, comparisons with other oral
health indicators must be made with
caution. Prevalence rates for ECC in
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Figure 1. Prevalence of reported dental problems at 9 mo of age among classification tree subgroups, percentage, and number in each
class. ICQ, Infant Characteristics Questionnaire; PCG, primary caregiver.
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No: 97.7% | 6811 No:96.7% | 1187 No: 94.3% | 863 No:97.5% [ 1914
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2- 10 5-y-olds from other European
countries vary from approximately 6%
to 28% (Baggio et al. 2015). The actual
prevalence of dental problems in our
cohort is possibly much higher given
that only dental problems [or which care
was sought were recorded but not the
actual outcomes of the visit. It is widely
acknowledged that early childhood
dental problems are often neglected or
untreated unless symptomatic (Slade
2001; Sheiham 2006).

The classification and assessment
of important psychosocial variables

is a common Lask in analyzing dala
from large cohort studies related to
child development. Typical statistical
approaches include a univariate analysis
and construction of a global model using
a regression technique to see how well,
or poorly, the paramelers fit the model.
‘The method of recursive partitioning

in CTA [acilitates visual identification

of complex relationships in a large
number of variables among subgroups
of a population while not requiring

the variable form and distribution
assumptions necessary for parametric
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Lechniques (Lemon et al. 2003). CTA
models multilevel interactions while
regression methods largely assume that
predictor variables act independently
(Kuhn et al. 2014).

It is common when dealing with real
problems such as medical or dental
classification that the class distribution
of the data is imbalanced (Rahman and
Davis 2013). Our study targel variable
involved a binary response with 2
classes where the one of interest was
underrepresented, which is described as
the minority or positive class (Yap
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Figure 2. Prevalence of reported dental problems at 3y of age among classification tree subgroups, percentage, and number in each

class. PGG highest education level subgroups—Edu_1, lower secondary, nondegree, postgrad certificate, upper secondary and technical,
professional qualification; Edu_2, primary education, master’s degree, primary degree, degree and professional qualification; Edu_3, no
education, technical or vocational qualification, doctorate, <missing>. LSAC, Longitudinal Study of Australian Children; PCG, primary caregiver.
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el al. 2014). Furthermore, the frequency
of dental problems in the data sel for
9-mo-old infants was less than 5%,
which is described, statistically, as a

rare evenl. Boosling and resampling
techniques were applied to attempt to
address the class imbalance but did not
greatly improve the performance of
either model. While class imbalance was
greater in the 9-mo data set, the main
objective was Lo generale a classification
tree of the characteristics affecting dental
problems in the population subgroups.
Overall accuracy of the model at 9 mo
was high (88.8%), bul the sensilivily was
low (31.2%), whereas the model al 3y
had high sensitivity (66.0%) and accuracy
(58.9%).

Social delerminants and oral health
problems are strongly related (Wall
2007), as is supported by the results at
3y of age. However, these factors were
not significant predictors of infant dental
problems at 9 mo of age. Results from
the Victorian Child Health and Wellbeing
Study (Renzaho and Silva-Sanigorski
2013) similarly found that socioeconomic
factors were only significantly related to

child oral health status in older children
from 4 (o 7 y. While the parental factors
most commonly investigated that are
associated with child oral health are
sociodemographic, there is an increasing
awareness of the importance of the PCG
and child psychological, general health,
and behavioral profiles as risk factors
for ECC (Abreu et al. 2015). Our results
suggest that the experience of dental
problems at 9 mo of age appears (o be
more related o infant lemperament, use
of a soother, and PCG depression score.
The regression model also identified
those infants al 9 mo of age with a fussy-
difficult temperament as significantly
associated with the prevalence of
dental problems. Similar (indings were
previously reported with regard o
increased prevalence of ECC and infants
with a difficult temperament (Spitz
ct al. 2006; Aminabadi ct al. 2014). Poor
infant feeding habits, including a high-
frequency intake of “sugary drinks” and
“night feeds,” are high risk factors for
TCC (Abreu et al. 2015), although waking
of the baby at night for feeds was not a
significant predictor in our classification.
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Previous conceplual models have
proposed thal mothers with depressive
symptoms and high parental stress
may contribute to oral health problems
in children through a number of
pathways, including early cessation of
breastfceding, unhealthy cating practices,
poor oral hygiene behavior, and
negatively affecting infant temperament
(Kim Seow 2012). CTA (Figs. 1, 2)
suggested that while PCG depression
score was an important predictor (level
1) for dental problems at 9 mo (P <
0.00D) for 63% of the sample population,
it was only a prediclor at level 4 of CTA
when the infant was 3 y old
(P =10.05). Results of regression analysis
also found that PCG depression score
was significantly associated with dental
problems al 9 mo but not at 3 y
However, whether the PCG w
for depression, anxicty or nerves” was
a level 2 prediclor (P = 0.04), which
split the children at 3 y who were from
a non-Irish, white cthnic background
(node ). Tt is important to note that as
CHAID relies on contingency tables for
calculating significance tests, continuous
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or ordinal variables must be coerced

into a categorical forro by binning. Thus,
some continuous predictors were split by
the algorithm at different cut points not
necessatily related to clinical significance.
For example, the CES-D depression
score is a screening tool developed to
measure depressive symptomology with
“emphasis on the affective component,
depressed mood” Radloff 1977).

The classification tree output at 3 y of
age (Figure. 2) showed that child global
health was the most significant predictor
of dental problem prevalence followed,
at level 1, by PCG ethnicity and whether
the child had a hospital admission for
injury. Although child global health was
a second level predictor at 9 mo, this was
for a relati mall subgroup (node 7).
Evidence for an association between a
child’s general and oral health continues
(o strengthen (Shetham 2000), and
adverse childhood experiences, including
psychosocial issues, age associated with
poorer dental health (Bright et al. 2015).
Previous national studies have used
PCG-teported child health as a valid and
“more holistic” proxy measure for child
health as defined by the World Health
Crganization (Shrivastava et al. 2014).
The current analysis strengthens the
evidence for the association between
overall child health and oral health in
a nationally representative sample of
preschool children.

In the cugrent study, the “very healthy”
children were split by PCG ethnicity,
and the infants of those from a non-Irish
white background had a significantly
higher prevalence of dental problems
(8.4%), and this group was subdivided
according to PCG being treated for
depression or anxiety, which had almost
double the rate of dental problems
again (16.4%). It is not clear why this
partticular ethnic group appears to be
more at risk for early childhood dental
problems, but it may be due to cultural
differences related to caries risk factors
such as diet, oral hygiene behaviors,
or PCG oral health beliefs (Kim Seow
2012).

While PCG education level was the
predictor that split the remainder of the

v healthy” subgroup, it is difficult to
intecpret the results in a weaningful way.
However, it is not surprising that PCG
education and ethnicity were important
components of the classification tree
and regression analysis given the

strong correlation between these
sociodemographic factors and early
childhood oral health (Hooley et al.
2012; Abreu et al. 2015).

Results from the logistic tegression
analysis largely supported the results
from the CTA in that child health, PCG
education, ethnicity, household income,
and family social class were significant
factors (P < 0.05) associated with
reported dental problems at 3 y of age.

It is interesting to note that only 16 of
the infants who had a dental problem at
9 mo also had a dental problem at
3y of age. While the nature of the dental
problem may differ at these ages, the
associated predictoss also varied with
sociodemographic factors more relevant
at the older child age. This underlines
the importance of a life course approach
to investigating dental problems and
using an exploratory analytical approach
that can detect roultilevel interactions
(Ben-Shlomo and Kuh 2002).

Strengths and Limitations

The GUI study is representative of the
liish population, and a key strength is
the range of detailed data collected that
are useful in exploring predictors of
dequal problems in preschoolers. As far
as ‘we are aware, this is the first nationally
representative study of this age cohort
to investigate dental problems and
psychosocial factors using CTA. The use of
a graphical display tree allows for easier
visualization of potentially important
interactions and subgroups that might not
be discovered using a more traditional
statistical approach. Furthermore, as
4 nonparametric technique, it is not
restricted by the form and distribution of
the vatiables being explored and does not
require data transformations to use heavily
skewed data.

It is important to acknowledge that
although the dlassification tree method

359

Month 2016

is useful from the clinician’s perspective,
there ate a nuraber of liroitations

such as underfitting, overfitting, and
instability, and the interpretation of
the tree rust be carded out with a
degree of critical awareness of what
may constitute a plausible relationship.
The “oversensitivity” of CTA can cause
small changes in input data to result in
large changes to the tree appearance
as all node splits are dependent on the
preceding splits (Kuhn et al. 2014).

The data in the study are PCG
reported, and consequently, there is an
increased 1isk of recall bias and social
desirability. Although the psychosocial
varfables used are validated, the study
could be strengthened by including
information relating to the children’s
dental condition. The outcome variable
measured was PCG-reported dental
problem requiring a health care or
dentist visit, and this can encompass
all oral health problems {including
physiological problems such as teething),
dental trauma, and eatly childhood
caries. Furthermore, the actual dental
problems at 9 mo of age can differ from
those at 3 y of age when the child has a
more developed primary dentition and
risk factors for ECC are more likely to
have an impact.

Conclusions

This study provides a clear visual
representation, using classification
tree analysis, of how PCG and child
psychosocial and general health factors
are associated with eagly childhood
dental problems, even before the primary
dentition is cornplete. The findings
extend previous research by highlighting
the relative importance of some
known predictors and recognizing the
interconnected role of these factors in
adopting an integrated multidisciplinary
approach 1o assist in formulating a
coherent oral health policy. CTA appears
to be & useful, flexible, and appropriate
statistical approach to analysis of variable
interactions in a large population-
based research study without requiting
particular distributional assumptions.
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Future research should focus on a life
cousse approach to understand the
multiple pathways through which these
health and psychosocial factors in
early childhood may affect oral health
throughout life.
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Data mapping to augment dietary intake values from a nutritional
database to a national cohort survey: protocols to improve quality of
reported food intake

M. Crowe*!, M. O’Sullivan’, O. Cassetti!, C. McGrath? and A. O’ Sullivan®
"Dublin Dental University Hospital, Trinity College Dublin, Faculty of Dentisiry, Hong Kong University and *nstitute
of Food and Health, University College Dublin

The Growing Up in Ireland (GUI) infant cohort was investigated to determine associations between dietary intake, dental problems
and anthropometric measurements. Dietary intake is commonly measured using Food Frequency Questionnaires (FFQ). However the
FFQ from the GUI survey provided a limited list of “healthy” and “unhealthy foods” and was also limited in terms of the consump-
tion frequency recorded. This study explored the augmentation of this limited dietary intake by unidirectional mapping from the more
detailed National Preschool Nutrition Survey (NPNS) which used a 4 day weighed food diary . The objectives were: 1) to assess the
degree to which the databases could be matched, 2) quantify the dietary food intake that was not covered by the FFQ in GUI for a
similar population in terms of frequency and amount of consumption and 3) assess the lack of capture of potentially cariogenic or
obesogenic foods by using a short FFQ to determine associations with health outcomes such as dental problems or anthropomettic
status. Data were derived from the second wave of the GUTinfant cohort (n = 9,793) and NPNS (n = 125) of 3 year old children, both
sampled in 2010/2011. All of the GUI FFQ categories were mapped in one direction only with foed groups from NPNS. Other vari-
ables from NPNS such as BMI (Body Mass Index) classification™, social class and gender were also included. The population sam-
ples were assessed for difference using the two proportion z- test, p < 0-05.
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Fig. 1. Number not covered by GUI . )
Fig. 2. Weight not covered by GUI

Both samples were nationally representative although NPNS had a higher proportion from the ‘Professional” social class. The fre-
quency of consumption of all mapped food groups varied considerably. Approximately 43 % (SD = 13) of the food consumption occa-
sions and approximately 33 % (SD =15) of the weight of food consumed in the NPNS survey were not covered by the GUI FFO
categories. Potentially cariogenic foods such as fruit juices, smoothies, RTEBC, puddings and added sugar were not covered by the
GUI FFQ and, on average, each of these constituted approximately 6 % frequency of consumptions overall. Using a limited FFQ in
large national surveys restricts the investigation of potentially associated health outcomes. This research demonstrates that if a FFQ pro-
vides insufficient dietary information for health outcome analysis, it is possible to augment dietary intake values by data-mapping. This
provides more detailed information on food consumption patterns with the potential to enhance health outcome analysis.

1 Irish Universities Nutrition Alliance (IUNA) (2012). The National Pre-school Nutrition Survey. www.iuna.net.
2 Cole TJ, Bellizzi MC, Flegal KM ez al. (2000). Br. Med J., 320, 1240 1243
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