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"The man w ho really merits pity is the man who has been dow n from the start, and 

faces poverty with a blank resourceless mind"

George Orwell, 1933

"The poor remain poor. Someone has to work in W oolworth's."

Morrissey, 1995





Summary

H ealth inequalities exist such that people with lower incomes and  poorer social 

conditions experience poorer health. W hen individual level characteristics are 

aggregated to an area level, the socioeconomic status or deprivation of the 

ne ighbourhood  also correlates with the health status and outcom es of the people 

w ho  live in that area. The na tu re  of these links betw een income and health vary 

across u rban  and rural areas reflecting the different social dynam ics  at play across 

the urban-rura l continuum.

The aim of this research was to assess current deprivation index m ethodology and 

to p ropose  im provem ents  to the methodology. In addition, the issues surrounding  

urban-rural variation in deprivation indices were addressed.

To facilitate analysis of urban-rural deprivation differences, a small area 

classification was required. The previous urban-rural classification was based on a 

s imple d ichotom y which ignored the range of settlem ent and area types. Multiple 

data sources were used to develop a new multi-level urban-rural classification for 

small areas in Ireland. This classification provided better distinction between the 

variety of settlem ent types than the simple d ichotom ous classification and enabled 

a detailed analysis of regional bias.

The key stages of deprivation index developm ent w ere  identified as: indicator 

selection, shrinkage, data transformation, indicator com bination and presentation. 

For each of these stages a num ber  of m ethodologies were available and these were 

analysed w ith  respect to their statistical characteristics and behaviour under 

different conditions.

Three m ethods  of shrinkage were analysed in detail in o rder  to unders tand  the 

effects it can have on indicators. The Longford m ethod was show n to be the most 

appropria te  for application to deprivation indicators. Indicator combination 

m ethods w ere also analysed. Using the new  multi-level urban-rural classification,



it was show n  that  regional bias can be increased du r ing  indicator combination. I'o 

reduce this effect, a new  m ethod called geographically  weighted principal 

com ponents  analysis (GW-PCA) was developed and applied to Irish data. This 

m ethod d im in ished  regional bias and enhanced the unde rs tand ing  of regional 

variation in dep riva tion  indicators.

A detailed sensitivity  analysis was used to show  the relative im portance of choices 

m ade  at each of the key stages of deprivation index developm ent. It was found that 

indicator selection had the largest impact on the ranks of small areas while the 

impact of sh rinkage  was relatively small. Given the w idespread  use of deprivation 

indices in resource allocation and planning, these findings highlight the 

im portance of perform ing  sensitivity analysis to unders tand  the effects of the 

choices m ade  in deprivation  index developm ent.

In conclusion, this s tudy  has show n that the process of developing  a deprivation 

index can be greatly  im proved  by careful selection and justification of indicators, 

analysis of regional bias using a detailed urban-rural classification, the use of GW- 

PCA for da ta  com bination and  by the application of sensitivity analysis to 

determ ine the im pact of choices made.
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1 Background

A large body of evidence supports  the view that both income and social 

inequalities give direct rise to health inequalities such that people with lower 

incomes and poorer social conditions experience increased morbidity  and 

mortality .’ Identifying and addressing the causes and consequences of these 

inequalities has become a key issue in public health research. Area level measures 

of poverty and  deprivation have come to the forefront in identifying areas that 

require increased resources and attention in an a ttem pt to diminish health 

inequalities. To have an unders tand ing  of the causes of these inequalities, it is 

im portan t to recognize the factors that influence health and how  these factors may 

vary with socioeconomic status. It is also im portan t to be aw are  of area based 

measures of deprivation  and how  they may differ from individual level measures 

of deprivation.

1.1 Factors influencing health

Since the beginning  of the 20“' century, unfavourable social conditions and lifestyle 

factors have become the principal de term inants  of health in the developed world.^ 

Previously, environm ental conditions such as poor housing  s tandards  and public 

hygiene w ou ld  have been more significant de term inants  of health, and these are 

still significant determ inants  in the developing world.^ In the developed world, 

non-com m unicable diseases are the main contributor to p rem atu re  m o r t a l i t y T h e  

m anner in which social factors affect health status are very complex, m aking the 

developm ent of policies to address  these issues quite difficult.''

A model of the m ain  determ inants  of health was developed  by Dahlgren and 

Whitehead'^ and  is show n  in Figure 1.1 below. At the centre are the most direct and 

unmodifiable factors linked to the individual -  age, sex and constitutional or 

genetic factors. The next level of determ inants  includes the individual lifestyle 

factors such as smoking, physical activity and diet. The social and  comm unity 

networks constitute the next level of determinants: the linkages between
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ind iv idua ls  that, when present, can provide support and access to resources and, 

when absent, lead to isolation and an in a b ility  to cope. The next level of 

determ inants encompasses the liv in g  and w o rk ing  conditions experienced by an 

ind iv idua l. These conditions include the workplace, local env ironm ent and access 

to im portan t resources, such as clean water, health care and education, and access 

to amenities, such as green space. Beyond those factors, the w ide r socioeconomic 

clim ate impacts on the health of the ind iv idua l, a lthough the im pact o f these factors 

can have a more equal d is tribu tion  across the popu la tion  than the other factors 

mentioned.

Figure 1.1 Determ inants o f health status-’'

Living and working 
conditions

Work
environment

Uneniploymont

E(luc.*)tion

care
services

Agriculture j 
and food ' 

production I
Housing

The determ inants o f health include factors re la ting to the in d iv id u a l and those 

relating to the com m unity  o r social structure that the in d iv id u a l lives in.

The interactions between the various determ inants o f health are complex. Figure 

1.2 shows a m odel o f interactions between determ inants as developed by the San 

Francisco Departm ent o f Public Health.* Some o f the determ inants affect 

themselves through a cycle o f influences. For example, health affects well-being
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which, in turn , affects in d iv id u a l behaviour which, in turn, affects health. These 

circu lar re lationships suggest the role that positive and negative feedback can have 

on the health of an in d iv idua l. Poor health can, by a complex sequence of 

interactions, lead to fu rther poor health. It should be noted that the only 

determ inant unaffected by other determ inants after b irth  is the gcnetic 

environm ent. As w ith  the m odel in Figure 1.1, where age, sex and constitutional 

factors are at the centre, genetic conditions are unalterable. W h ile  gender is, in 

terms o f how  it  affects health, unm odifiable, like  age it  also affects health in 

relation to how  societal structures may impact on health. For example, women may 

be expected to remain at home to raise children exposing them to d iffe rent stresses 

not applicable to women w ho are at work.^’’

Figure 1.2 The field model o f health*

Individual 
Response 

Behavior 
• Biology

iL

Well-Being Prosperity

A comprehensive study by Ezzati et al. sought to determ ine the burden o f disease 

due to a range of selected risk  factors by r e g i o n . A  European region including 

Ireland was defined inc lud ing  countries w ith  very low  ch ild  and adu lt m ortality.*

♦ The group o f European countries w ith  very low  ch ild  m orta lity  and very low  adult 

m orta lity  were; A ndorra , Austria , Belgium, Croatia, Czech Republic, Denmark, Finland, 

France, Germ any, Greece, Iceland, Ireland, Israel, Ita ly, I.uxem bourg, Malta, Monaco,

Genetic
Environment

Physical
Environment

Social
E nvironm ent

Function

Health Disease

Injury Medical Care

Health
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Table 1.1 gives the num ber and percentage of deaths attributable to a range of 

major risk factors. It is im portant to note the prominence of lifestyle factors such as 

smoking, alcohol consum ption, physical inactivity and diet (in the form of both 

high cholesterol and low fruit and vegetable intake). It is also interesting to note 

how alcohol has a net negative effect on male mortality and a net positive effect on 

female mortality.

Table 1.1 Contribution to European mortality of various risk factors

Risk factor
Count (1,000s of deaths) Percentage of all deaths
Male Female Total Male Female Total

High blood pressure 325 354 679 16.1 17.2 16.7
Tobacco 531 145 676 26.3 7.1 16.6
High cholesterol 265 282 547 13.1 13.7 13.4
High BMI 183 197 380 9.1 9.6 9.3
Physical inactivity 103 103 206 5.1 5.0 5.1
Low fruit & vegetable intake 95 75 170 4.7 3.7 4.2
Urban outdoor air pollution 12 11 23 0.6 0.5 0.6
Airborne particulates 17 2 19 0.8 0.1 0.5
Illicit drugs 11 6 17 0.5 0.3 0.4
Carcinogens 12 2 14 0.6 0.1 0.3
Unsafe sex 3 9 12 0.1 0.4 0.3
Lead 4 2 6 0.2 0.1 0.1
Iron deficiency 2 3 5 0.1 0.1 0.1
Risk factors for injuries 4 0 4 0.2 0.0 0.1
Childhood sexual abuse 1 1 2 0.0 0.0 0.0
Unsafe water, sanitation, and 0 1 1 0.0 0.0 0.0
hygiene
Alcohol 65 -85 -20 3.2 -4.1 -0.5

The W orld H ealth O rganization (WHO) defined a num ber of social determ inants of 

health” which will be dealt with in more details in the following sections. The non- 

modifiable determ inants, such as genetic predisposition, will not be addressed. 

Social gradients will be discussed in section 1.2 subsequently, as they are more 

relevant to inequalities in health.

Netherlands, Norway, Portugal, San Marino, Slovenia, Spain, Sw eden, Switzerland and the 

United Kingdom.
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1.1.1 Childhood

Circum stances prior to birth and during  childhood can have a significant impact on 

health du r ing  adu lthood  and later life. To a large extent, the circumstances in 

childhood that lead to poor adu lt  health are socioeconomic in na tu re  and reflect 

m any elem ents of depriva tion . '2'’'* Poor socioeconomic conditions in childhood may 

be propagated  into adulthood, e.g. Davey Smith et al. found that after controlling 

for adult  socioeconomic status, low social class in childhood increased risk for 

mortality from stroke and stomach cancer.’-'̂ Low birth w eight is associated with 

increased risk of poor educational a tta inm ent,’  ̂ high blood p ressure  in young 

adults ,’  ̂ hypertension and cardiovascular disease in adu lthood ,’® and is a 

predisposing factor for metabolic abnormalities (such as atherosclerosis, renal 

disease and non-insulin diabetes mellitus), asthm a, low IQ, obesity and 

psychological distress.”  Globally, child and maternal unde rw e igh t  has been 

estimated to explain 9.5% of disability adjusted life years, m aking  it the single most 

im portan t cause of the global bu rden  of disease, a lthough within developed 

European nations it is not a significant factor.’® Such findings suggest that 

childhood factors m ay influence later health independen t of later socioeconomic 

status.

1.1.2 Stress

Stress can occur at both  the individual level and at an area level. For an individual, 

stress m ay be induced by pressures at w ork  or in the living env ironm ent and are a 

function of the ind iv idual 's  interactions w ith  others. At an area level, stress may 

exist due  to c row ding  (i.e. high population density), conditions of threat, social 

disorganisation and a lack of access to opportunities.^® Stress in either form 

impacts negatively on both mental and physical well-being although access to 

good social su ppo rt  and resources can reduce this i m p a c t . ^ ^  s tudy  by Elliott 

suggested that the protective effects of social suppo rt  only opera te  in areas of 

higher socio-economic status.^-* The prim ary  effects of stress are to increase the risk 

of mental health problems, such as depression, and cardiovascular morbidity  and 

mortality.2‘'-2'>
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1.1.3 Social support and social exclusion

W hile  social s u p p o r t  can  offer h ea lth  benefits ,  social exc lus ion  can  g ive  rise to 

hea lth  p ro b lem s .  Social s u p p o r t  is o f ten  m e a s u re d  by  social cap ita l  -  itself a 

m e a s u re  of the  level of social o rgan isa tion ,  m u tu a l  aid, in te rp e rso n a l  re la tions  and  

t ru s t  w i th in  a c o m m u n i ty  o r  area.^^ Social capita l is sa id  to affect h ea l th  in three 

w ays: the  d irec t  beneficial effects o n  in d iv id u a l  a t t r ib u te s  a n d  activities; its effects 

on the w id e r  social, econom ic , political a n d  e n v i ro n m e n ta l  factors; in te rac t ion  w ith  

o th e r  d e te rm in a n ts  of h ea l th  a t  the in d iv id u a l  o r  g ro u p  l e v e l . T h e  p resen ce  of 

s tro n g  social cap ita l  leads  to g rea te r  w e ll-be ing  of in d iv id u a ls ,  b e t te r  g ro u p  

cohesion  a n d  s u p p o r t  for in d iv id u a ls  a n d  g re a te r  o p p o r tu n i t ie s  an d  econom ic 

success. A l th o u g h  social cap ita l  m a y  be seen  as a g ro u p  a t t r ib u te ,  th e  benefits  can 

be o b se rv ed  a t the  in d iv id u a l  level.^’ A s tu d y  fo u n d  th a t  se lf-ra ted  hea lth  w as  

be t te r  a n d  obes ity  lo w er  in s u b u rb s  w ith  g re a te r  social c a p i t a l . W o r k  by Skrabski 

et al. fo u n d  th a t  social cap ita l  m easu re s  w e re  s ign ifican tly  assoc ia ted  w ith  m idd le -  

aged  m o rta l i ty  in H u n g a ry .3“ M e a s u re m e n t  of social cap ita l  is g en e ra l ly  based  on 

the use  of p rox ies  th a t  a re  frequen tly  also proxies  for d ep r iv a t io n ,  m ak in g  it 

difficult to se p a ra te  socio -econom ic in f luence  from  social cap ita l  in fluence.’’ 

F u r th e rm o re ,  social cap ita l  m ay  ten d  to be  b e t te r  in a reas  of  h ig h e r  socio-econom ic 

status.32

Social exc lus ion  can  be  d ef in ed  as the  p rocess  w h e re b y  an  in d iv id u a l  o r  g ro u p  is 

ex c lu d ed  from  p a r tic ip a tio n  in society a n d  is a m u l t i -d im e n s io n a l  co n cep t  that 

invo lves  aspec ts  of d e p r iv a t io n  an d  d i s a d v a n ta g e . ^  S ch o n fe ld e r  a n d  A x h au sen  

describe  social exc lus ion  as  "a  re g u la r  physical  an d  social exc lus ion  from  the 

re sou rces  of a d ign if ied  life: an  active la b o u r  m ark e t ,  g o o d  q u a l i ty  hea lth  care  and  

c o n s u m p t io n  o p p o r tu n i t ie s ,  and ,  finally, in teg ra t io n  in th e  w id e r  n e tw o rk s  of civic 

life".^'^ Social exc lus ion  can  d im in ish  an  in d iv id u a l 's  ab il i ty  to  co p e  w ith  h a rd s h ip  

an d  be  d e t r im e n ta l  to h ea l th .’  ̂ 7̂ jj  jg gjgQ s u g g e s te d  th a t  socially  exc luded  

in d iv id u a ls  m a y  a d o p t  p o ten tia l ly  h e a l th -d a m a g in g  b e h a v io u r  in the ab sen ce  of 

social roles.38 39
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1.1.4 Work

W ork related stress and  occupational hazards  can give rise to various health 

problems. Job insecurity can lead to health problems in the form of depression and 

stress.'"^ Broom et al. found that some poor quality jobs could be as bad in terms 

of stress and health as being u n e m p l o y e d .A  British s tudy  of w orker health found 

that occupations w ith  low autonom y, rew ards and security are associated with 

greater declines in health  with age.'*"* Aggression and bullying in the workplace can 

lead to depression  an d  mental health  problems.'*'*"''* Roberts and Lee show ed that 

different occupations had  different prevalence of depression, alcohol abuse and 

d rug  abuse.'*’’

Different occupations also have differing risks of accident in the workplace. Rates 

of worker fatalities are published by the Health and Safety Authority  show ing the 

highest rates in the agriculture, hun ting  and forestry industry.'*** An Italian s tudy of 

repeat accidents by occupation type found substantial variation in the accident 

rates across occupations."*’

1.1.5 Unemployment

The relationship betw een unem ploym ent and health is complex and affected by 

economic context.™ U nem ploym en t causes increased financial strain and dam age 

to an ind iv idual 's  sense of self.®* The former is believed to primarily affect 

individuals of a lower socio-economic status while the latter is m ore  applicable to 

those of a h igher socio-economic status. Bartley-"'  ̂ pointed  to four m echanism s that 

needed to be considered in the relationship betw een unem ploym en t and health; 

the role of relative poverty; social isolation and loss of self esteem; health-related 

behaviour; and  the effect that a spell of unem ploym en t has on subsequent 

em ploym ent patterns. Despite the above examples, it can be difficult to directly 

link unem ploym en t to ill-health due  to the m any confounding  factors associated 

with unem ployed  persons  (e.g. increased sm oking rates).-''^ An assessment of 

research into un em p lo y m en t and health by Mathers and Schofield concludes that 

there is consistent ev idence linking unem ploym ent to adverse  health outcomes.'^'*
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Despite the difficulties in linking unem ploym ent to ill-health, there is evidence to 

suggest that young adulthood unem ploym ent can lead to health problem s in later 

adulthood.'^^ Individuals who experienced unem ploym ent between the ages of 16 

and 21 showed increased smoking and psychological problems. Young adulthood 

unem ploym ent was also show n to be associated with decreased health capital, 

m easured by body mass index, physical exercise, good diet and not smoking.^'’

However, the association between unem ploym ent and health is affected by the 

w ider social and economic context. In times of recession, for example, the 

relationship between em ploym ent status and health may change or be masked by 

other factors influencing behaviour."’̂  Ruhm showed that during an economic 

dow nturn, rates of sm oking and obesity decreased while rates of physical exercise 

increased.''*' W ork by Bellaby and Bellaby found that increasing rates of 

unem ploym ent im pact on job stress while high levels of unem ploym ent influence 

prem ature death and self assessed health.^ A study by Williams showed that an 

unem ployed individual was 'better off' in a poorer area than a more affluent area 

due to factors such as cost of living.^’ Not only is unem ploym ent im portant in 

influencing health, but also the local community, job market and economy in 

general.

1.1.6 Education

Individuals with better education tend to be healthier although uncertainty exists 

as to w hether or not the link is causal.“  It is possible that a better education leads to 

better em ploym ent, income and general circumstances com pared to someone with 

a poor education, who is m ore likely to work in an unskilled m anual occupation.® 

In some studies of m ortality differentials by education level, education is treated as 

a socioeconomic m arker rather than an independent factor.*’̂  A Dutch study 

concluded that material factors contribute m ore to educational differences in 

incidence of acute m yocardial infarction (AMI) than behavioural factors.®"' The 

differences were m ost pronounced for individuals with only a prim ary education 

who tended to live in worse material circumstances. This suggests that w hat is



observed is a socioeconomic difference rather than an educational difference. A 

Danish study , however, found that both educational level and income 

independen tly  affect mortality after AMI suggesting that education m ay have an 

influence on health irrespective of socioeconomic status.^*> A s tudy  of ischaemic 

heart disease in France and Northern  Ireland show ed  a significantly lower 

prevalence am ong  indiv iduals  with a h igher education after controlling for 

smoking.^^ Ind iv idua ls  with lower levels of education were also show'n to have 

higher rates of sm oking  and alcohol consumption. A European s tudy  observed 

large variations betw een 11 European countries in the effect of education on self- 

reported morbidity , a lthough there was a universal trend for h igher rates of less 

than good health and  chronic illness am ong people with lower levels of 

education.*® Studies in Europe and the US have also show n  similar reductions of 6 

to 8% in m ortality for 35 to 54 years olds for each one year increase in education.*’’' 

In o ther words, each additional year spent in education results in a reduction in 

mortality. Research by van O ort et al. noted that lifestyle risk factors such as 

smoking, excessive alcohol consum ption  and physical activity have a higher 

prevalence am ong  people  with a lower level of education, increasing the risk of 

poor health.^’ So while the reasons for the association betw een lower education and 

poorer health m ay not be clear, there is nevertheless a strong association that 

impacts on health.

1.1.7 Housing and living environment

The indoor and ou tdoo r  living environm ents can have m any  influences on health. 

The indoor env ironm ent, or home, is w here people tend to spend  m uch of their 

time. H om e ow nersh ip  can confer considerable protection against poor general and 

mental health s ta tus th rough  control over hom e env ironm ent as well as typically 

being associated w ith  better housing  conditions.^^ H ousing  tenure  refers to 

ow nersh ip  sta tus  -  w hether  an individual ow ns or rents the hom e they live in. It 

has been show n  that  housing  tenure  in the form of rented accom m odation is 

predictive of poor health  which is linked to both the socioeconomic status of the 

individual and to the health hazards  comm only found in and around  rented
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accommodation/'* Such hazards  are in the form of poor quality housing  which may 

be lacking heating and  subject to dam p, and in the form of area characteristics such 

as crime and poor access to amenities. A s tudy  by M acintyre et al. found that 

virtually all of the adverse  health effects associated with rented accom m odation 

could be explained by factors such as housing  problems, lack of access to garden, 

overcrowding, area poverty  and  lack of area am enities/ ' '  An estim ated 1,500 to 

2,000 excess dea ths  occur in Ireland every w in ter  which is largely a ttributed to 

poor quality housing  w ith  no p roper  heating/^ Excess w in ter m ortality  is generally 

associated w ith  a lack of central heating com bined w ith  lowered external 

tem pera tures .^  Indoor  pollution, often from an exterior source a lthough also 

through sm oking  and pets, is also a factor contributing to increased prevalence of 

asthm a and o ther resp ira tory  diseases.^’-®' O vercrow ding  leads to health problems 

in the form of m ental disorders,^^ particularly am ongst children, and the spread 

of infectious diseases such as meningitis,^  scabies**'* and tuberculosis.

The w ider area w ith in  w hich an individual lives also im pacts  on health in a 

num ber  of ways. Local amenities such as green space for recreation can have 

significant positive impacts on the health of the individual.^*’-*̂  Predom inantly  

d isadvantaged  ne ighbou rhoods  have higher rates of mental disorders,^' crime, 

d rug  dealing,''^ high risk behaviour,”  early school leaving’"* and  general ill health'''^’ 

-  all of which directly or indirectly impinge on well-being and  health. While 

m any confounders exist, and  the area level effects m ay be m uch  smaller than the 

socio-economic sta tus and behaviour of the individual, the neighbourhood  can 

have an impact on health .’^

1.1.8 Transport

Transport can affect the health  of the population  in a n u m b er  of ways: through 

increased pollution; road traffic accidents; sedentary  lifestyle and  social exclusion. 

As the latter is addressed  separately  in section 1.1.3, it will no t be dealt w ith here. 

Traffic in troduces particulate  pollution into the a tm osphere  that adversely impacts 

on the health of ind iv iduals  in the form of increased respiratory p r o b l e m s . T h e
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Vesta project, for example, found a significant association betw een childhood 

asthm a and  exposure  to traffic e x h a u s t s . R o a d  traffic accidents (RTAs) also 

contribute  to the negative impact of traffic. In the year 2000, a total of 12,458 

hospitalisations occurred in Ireland due  to RTAs, including 407 f a t a l i t i e s . E l v i k  

estim ated the cost of road accidents to the economy for twelve countries and found 

that, on average, RTAs cost about 2.5% of the gross national p roduct .’”'’ A s tudy by 

Kiinzli et al. found that air pollution caused 6% of total mortality, with 

approxim ately  half of that figure being attributable to air pollution due  to 

motorised t r a f f i c . T r a f f i c  pollution also contributed substantially to cases of 

chronic bronchitis, asthm a attacks and person-days of restricted activities. 

Furtherm ore, the use of the car in preference to o ther m odes of transport such as 

walking and cycling leads to a more sedentary lifestyle with increased risk of 

obesity and the consequent health risks such as diabetes and heart d i s e a s e . I n  

essence, road traffic has a significant impact on population health.

1.1.9 Addiction

D ependence on and abuse of substances such as tobacco, alcohol and illicit drugs 

leads to social problems and has adverse health effects. It is estimated that 26% of 

male deaths  and 9% of females deaths in developed countries can be attributed to 

sm oking -  the single most im portan t  risk factor.’”̂  Peto et al. estimate that in the 

year 2000 in Ireland, 20.4% of male deaths and 15.9% of female deaths could be 

attributed to sm oking .” ° This represents a serious burden  of disease.

It is estimated that 4% of the global bu rden  of disease is attributable to alcohol 

through contributions to certain cancers, neuro-psychiatric  disorders, 

cardiovascular disorders, cirrhosis of the liver, and unintentional and intentional 

injuries.’” M oderate  alcohol consum ption  can, however, offer a protective effect 

against coronary disease and respiratory deaths and m ay even lead to a net 

reduction in mortality a lthough the benefits prim arily  occur in the older 

population .”  ̂ For younger m em bers of the population, alcohol consum ption is 

generally associated with poorer health outcomes.” ■*
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The 2001 hospital in-patient statistics for Ireland show that there were 2,326 cases 

of 'alcohol/drug use and alcohol/drug induced organic mental disorders', 

representing 0.43% of in-patient e v e n ts .A c c id e n ta l  and deliberate overdose, 

diseases contracted through sharing of needles and psychiatric disorders are just 

some of the health problem s associated with problem drug use.” ''"” ’ A lthough the 

burden is very small and is much lower than that for smoking, illicit drug use 

contributes significantly to health care utilisation indicating its contribution to 

health problem s in g e n e r a l . Furthermore, environm ental chemical exposures, 

such as drugs, alcohol, and tobacco, contribute to neuro-developm ental disabilities 

and disorders.’̂ ^

1.1.10 Nutrition

Bad diet can give rise to num erous problems at different stages of the life cycle: 

high blood pressure, poor dental health and a predisposition to infection in 

childhood; higher rates of dental caries and a predisposition to anaemia in 

adolescents; coronary heart disease, atherogenesis, stroke, peripheral vascular 

disease, cardiovascular disease, thrombosis and high blood pressure in adults; and 

osteoporosis, poor vision and weakened im m une system in the e l d e r l y . A  poor 

diet can also lead to obesity which brings with it an increased risk of chronic health 

conditions such as high blood pressure, type 2 diabetes, high blood cholesterol, 

coronary heart disease and gallbladder disease.’̂ -''"’̂  ̂ Studies of the relative risk of 

excess m ortality show  that both underw eight and obese individuals are at 

increased risk of excess m ortality.’̂ * For obese individuals there is an increased 

risk of death from cardiovascular diseases, diabetes and digestive diseases in 

m en.’3“ It has also been show n that obesity is associated with increased odds of 

mood, anxiety and substance use disorders.’̂ ’

1.1.11 Physical inactivity

Evidence has been gathering since the 1950's to identify physical inactivity as a risk 

factor for cardiovascular disease and all-cause m ortality.’’̂  The W HO defines diet
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and physical exercise as two of the main factors for non-com m unicable  disease and 

notes how  "physical activity reduces blood pressure, im proves the level of high 

density  lipoprotein cholesterol, improves control of blood glucose in overweight 

people, even w ithou t significant w eight loss, and reduces the risk for colon cancer 

and breast cancer am ong  w o m e n . A  s tudy  of exercise habits am ong civil 

servants in London found inverse associations betw een leisure time physical 

activity and m ortality  from all-causes, coronary heart disease, cardiovascular 

disease, all cancers, lung cancer, colorectal cancer and  haematopoietic  cancer.’̂  ̂

Small im provem ents  in physical health were associated with significantly lowered 

mortality risk am ongst healthy m iddle-aged men.'^"' I^oor physical fitness in young 

adults  has been show n  to be associated with the deve lopm en t of increased 

cardiovascular risk factors such as hypertension, diabetes, metabolic syndrom e and 

hypercholesterolemia in m iddle  age.'^®

1.2 Health inequalities

The social and environm ental determ inants  discussed in the previous section do 

not affect all ind iv iduals  equally: there exists a social g rad ien t whereby  poor social 

and economic circumstances adversely affect health th roughou t life." Individuals 

of a lower socioeconomic status tend to have poorer health than those of a higher 

socioeconomic status. An investigation into inequalities in health Ireland in 2001 

confirmed the presence of socioeconomic differences in health across a range of 

health m easures including all cause and cause specific mortality, perinatal 

mortality, low birth  weight, psychiatric admissions, depressive disorders, alcoholic 

d isorders and  trea tm ent for d ru g  misuse.’^^’̂ ®

Of the eleven broad  determ inants  of health discussed in the previous section, 

socioeconomic differences are implicit in a num ber  of them: work; unem ploym ent; 

education; housing  and living environment; and social su p p o rt  and social 

exclusion. W ork and unem ploym en t are indirect m easures of income and direct 

measures of occupation, while education is itself a socioeconomic measure. 

Housing tenure  and the prosperity  of the area in which one lives are also markers
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of socioeconomic position. Being able to own a house indicates a degree of wealth. 

Social support and social exclusion highlight social rather than economic 

inequalities, although these also contribute to socioeconomic differentials. In all 

five groups of determ inants, w hat m ight be considered as 'poor' conditions are 

linked to poorer health and health outcomes, as outlined in the previous section. Of 

the rem aining six determ inants, each can be shown to display a socioeconomic 

gradient. Low birth weight, with its im mediate and delayed consequences for 

health, is correlated w ith lower socioeconomic status as m easured using the 

Townsend deprivation i n d e x . L o w  socioeconomic status in childhood is also 

predictive of high blood pressure in later life.’‘‘“ Increased stress associated with 

skilled positions is a rare instance where health is adversely affected by a higher 

socioeconomic position. However, the risk for cardiovascular mortality is high 

w hen work dem and and effort is high, but rew ards and job control are low.^'’ Thus 

the increased risk to skilled workers may be m oderated by increased job control 

and pay. Area level stress due to fear of crime and violence is associated with 

disadvantaged neighbourhoods.’  ̂ Transport has a greater effect on lower 

socioeconomic groups in terms of both pollution'**’ and pedestrian accidents. 

Illicit d rug  availability and usage is greater is disadvantaged neighbourhoods.’  ̂

Physical inactivity is associated with low socioeconomic status at both an 

individual and an area level, the latter possibly being related to the availability of 

am enities for r e c re a tio n .P e o p le  in lower socioeconomic groups consum e more 

energy dense foods and fewer fruits, vegetables and high fibre foods.'2“*

Socioeconomic differences in the prevalence of high blood p r e s s u r e , t o b a c c o  

use,’®’ high cholesterol,^^ high body mass index,’̂ '* physical activity,’  ̂

153 154 fruit and vegetable intake,’-''-'̂ ’'’’’ and alcohol consum ption'’̂ ’’'*’-'̂’ have been 

shown, w ith higher incidence am ongst those in lower socioeconomic groups. These 

represent the seven most significant risk factors for m ortality in Table 1.1 and 

account for an estimated 64.8% of deaths in W estern Europe. Inequalities by 

socioeconomic status extend to a vast range of health measures, access to treatment 

and outcom es at all stages of life. Some examples are: diabetes in w om en,’“  stroke
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incidence,’ '’’ cancer su rv iva l,’^  coronary heart disease,''’’’ common mental 

disorders,’ '’-'̂ dental caries,’*’'’ childhood asthma,’^̂  road tra ffic  in juries in ch ildren 

and adolescents,’''* coronary artery bypass graft su rv iva l,’ ’̂  and m orta lity  amongst 

o lder p e o p le .T h e re  is, in all cases, a clear and strong re lationship between low er 

socioeconomic status and increased m o rb id ity  and m orta lity .

Mackenbach et ai. compared socioeconomic inequalities in m o rb id ity  and m orta lity  

in  eleven European countries.'^’ Three measures o f socioeconomic status were 

used: education, occupation and income. A ll three measures were found to give 

broadly s im ila r results but it  was also found that each measure was d is tinct and 

may capture a d iffe rent element of socioeconomic status. Figure 1.3 shows a 

schematic o f a conceptual model proposed by Lahelma et al. that marks the 

assumed pathways between three key socioeconomic indicators and h e a l t h . Ea^h 

o f the three indicators has a direct impact on health but there is also a hierarchy 

whereby education contributes to occupation which, in turn, contributes to income. 

Lahelma et al. argue that the three indicators are all independently and inter- 

dependently im portan t when assessing inequalities in health w ith  respect to 

socioeconomic differences. As income is frequently not measured at an in d iv idua l 

or even small area level, the choice of ind icator of socioeconomic status is 

frequently some measure o f occupation which separates skilled from manual 

workers. The princ ipa l d iffic u lty  w ith  occupation is that the groupings are quite 

broad. Furtherm ore, it  was found in Ireland that the num ber o f ind iv idua ls  labelled 

as "u n kn o w n " socioeconomic group was increasing and appeared to represent a 

group w ith  worse health than those in the "unsk illed  m anual" g r o u p i n g . W h i l e  

education data are available, education is less frequently used as a measure 

socioeconomic status.
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Figure 1.3 Pathw ays between socioeconomic determ inants of health'^^

Incom eEducation HealthOccupational
class

The differing contribution of different indicators of socioeconomic status to health 

suggests the need for a multi-dim ensional approach to m easuring socioeconomic 

status. This is one of the motivations for the developm ent of deprivation indices, 

which will be discussed in the following section.

1.3 Deprivation

M easures of socioeconomic status provide a m ethod of grouping individuals of 

similar social and economic standing. However, a low socioeconomic status is not 

necessarily indicative of poverty -  it is assumed that an unskilled m anual labourer 

has a low income but they might be above the poverty line. Peter Townsend 

defined poverty in the following manner; "Individuals, families and groups in the 

population can be said to be in poverty when they lack the resources to obtain the 

types of diet, participate in the activities and have the living conditions and 

amenities which are customary, or are at least widely encouraged or approved, in 

the societies to which they belong. Their resources are so seriously below those 

com m anded by the average individual or family that they are, in effect, excluded 

from ordinary living patterns, customs and activities.

In Tow nsend's definition, people are labelled according to w hat resources they do 

not possess, rather than those they do possess. The resources need not only be 

income, education or good social support -  they m ight include household goods 

such as a w ashing machine or television, clothes, and access to a social life. This 

definition also places poverty in terms of w hat resources and am enities the average 

individual expects to have access to, making poverty a relative measure. The 

difficulty with such a definition is that an individual may choose not to have an
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item  tha t  the  av e rag e  p e rso n  possesses. This def in it ion  of p o v e r ty  is, in effect, a 

def in it ion  of d e p r iv a t io n  -  a s ta te  of b e ing  d e p r iv e d  of th a t  w h ich  o n e  sh o u ld  have  

access to acco rd in g  to the  n o rm s  of society.

To m e asu re  p o v er ty  o r  d ep r iv a t io n  in this m a n n e r  req u ire s  b o th  a list of the 

resources  th a t  p eo p le  sh o u ld  h av e  access to an d  a co u n t  of h o w  m a n y  p eop le  lack 

each  of th e  re spec tive  resources .  Som e cu m u la t iv e  score can then  be gene ra ted  

w h ich  m ak es  it poss ib le  to label an  in d iv id u a l  as d e p r iv e d  or n o t  d ep r iv ed .  An 

ex a m p le  of such  a d e p r iv a t io n  m e asu re  w o u ld  be th a t  o f  M aitre  e t al. us ing  the EU 

Statistics o n  Incom e a n d  Liv ing  C o n d i tio n s  (EU-SILC) d a ta . ’̂ "* Such  in d iv id u a l  level 

m easu re s  a re  difficult  to  g en e ra te  as they  requ ire  in d iv id u a l  level d a ta  of the sort 

th a t  is no t  ro u tin e ly  collected. C en su s  da ta ,  for exam ple ,  m ig h t  identify  h o u seh o ld s  

w ith  n o  cen tra l  h ea t in g  an d  also  h o u se h o ld s  w ith  no  in d o o r  toilet. I low ever,  as the 

d a ta  are  p ro v id e d  in ag g reg a te  fo rm at is no t  poss ib le  to iden tify  h o u seh o ld s  

lacking bo th  central h ea t in g  an d  an  in d o o r  toilet. As a result, c o m p o s i te  m easu res  

u s in g  cen su s  d a ta  w e re  d e v e lo p e d  to identify  a reas  w ith  h igh  p ro p o r t io n s  for a 

n u m b e r  of d e p r iv a t io n  ind icators .

Early a t te m p ts  a t a co m p o s i te  index w ere  m a d e  in 1972 by  C ra ig  an d  D rive r  in an 

a t te m p t  to iden tify  sm all  a reas  of ad v e rse  social co n d i t io n s .’ '̂' T hey  chose  a n u m b e r  

of census  variab les  th a t  w e re  seen as po ten tia l  in d ica to rs  of ad v e rse  social 

co n d it io n s  -  var iab les  such  as p ro p o r t io n  of p eo p le  w ith  low  social class, 

p ro p o r t io n  of p o p u la t io n  u n d e r  15 an d  h o u seh o ld s  w i th  m o re  th an  1.5 perso n s  per 

room . T hey  h ig h l ig h t  so m e  of the  possib le  m e th o d s  of co m b in in g  the indicators 

an d  p re sen t  tw o  ind ices  u s in g  arb itra ri ly  chosen  w e ig h t in g  schem es.  S u b seq u en t  

w o rk  by Ja rm a n  in th e  U K  resu lted  in the u n d e rp r iv i le g e d  areas  score w h  ich 

identif ied  sm all  a reas  th a t  a re  likely to h av e  an increased  p r im a ry  care  w ork load .  

T he w e ig h ts  for co m b in in g  variab les  w e re  der ived  by  scores g iven  to d ifferent 

var iab les  by g en e ra l  p rac t i t io n ers  re sp o n d in g  to a q u e s t io n n a i re  on  social and  

service factors tha t  co n t r ib u te  to increased  w o rk lo ad s .  T h ere  fo llow ed  sm all area 

d e p r iv a t io n  indices for the N o r th e rn  reg ion  of E n g lan d  by  T o w n s e n d '^  an d  for
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Scotland by Carstairs and Morris.’̂ * In both cases, census proxies for deprivation 

were identified and combined to produce a continuous score that could then be 

presented in deciles. Thunhurst presents an overview of indices by Jarman, Scott- 

Samuel and Townsend et al. before presenting his own method of combining 

census and specific survey data to identify areas of poverty in Sheffield, again with 

a view to identifying small areas with increased need for primary care services.’̂  

Since then there have been numerous deprivation indices produced along similar 

lines in the UK,’“  Ireland’®’-’®'’ and elsewhere.’®*’-’®’

More recently, there has been a move from a single index to domains of 

deprivation in England, Scotland, Wales and Northern Ireland.’’'’-”  ̂These indices 

of multiple deprivation are intended to group variables that represent specific 

forms of deprivation such as housing, employment and physical environment. This 

makes it possible to analyse the relationships between ill-health and different 

aspects of deprivation.

1.3,1 Deprivation and health

Deprivation measures are typically area based rather than individual based. It 

cannot be assumed that all individuals in an area experience the level of 

deprivation found for that area as a whole. It is a summary statistic and, depending 

on the homogeneity of the population in that area, it may be a misleading label for 

many of the people living in that area. However, it has been shown that when 

deprivation indices are calculated for reasonably small areas, the deprivation score 

for an area is predictive of deprivation for individuals living in that area.’’*'* In that 

case, reasonably small referred to UK enumeration districts (average population 

450) rather than wards (average population 5,500). With increasing aggregation 

and hence increasing heterogeneity, the area label has decreasing likelihood of 

being representative of individuals in that area.

Like single variable measures of socioeconomic status, such as occupation or 

income, composite deprivation measures also show strong correlations with a
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range of m orbidity, m ortality  and health outcom e m easures. This is not surprising 

as deprivation  indices typically contain one or m ore  m easures  of socioeconomic 

status. How ever, associations that apply  at an individual level do  not necessarily 

apply  at an area level and  vice versa. In terms of the m ain  risk factors associated 

with mortality, increased area deprivation has been show n  to be related to high 

blood pressure ,’’-'’ h igher  sm oking rates,’’'’ h igher cholesterol,”  ̂h igh BMl,” * higher 

physical inactivity,’-'̂  lower fruit and vegetable in take” ’ and  increased alcohol 

consum ption.

Some exam ples of types of m orbidity  and mortality that have  been show n to bo 

associated with area deprivation  are: depression;^®’ angina;^“’ irritable bowel 

syndrome;^”’ cancer survival;^^-^*’'' excess diabetes mortality;^®-'' infant mortality 

rate;’̂  as thm a admissions;^“  m orbidity  due  to musculoskeletal diseases, angina, 

myocardial infarction, bronchitis and emphysema;^®^ and mortality due  to all 

causes, ischaemic heart disease, all cancers , lung cancer, and stroke.™ As before, 

all m easures show  an increase with increased area deprivation  with the exception 

of survival from a range of cancers, which decreases with increasing deprivation.

As an area level m easure, it could be anticipated that associations between lower 

socioeconomic status an d  health m ight be less apparen t.  For example, the 

association betw een cholesterol and deprivation is not as compelling as at an 

individual level. As w as m entioned  previously, an area level m easure  is in effect a 

mean. The presence of very deprived individuals m ay  be m odera ted  by the 

presence of som e affluent individuals resulting in a m ed ium  deprivation score. 

Furthermore, for m ost associations it is no t assum ed that  the link is causal -  for 

instance, area deprivation  does not cause irritable bowel syndrom e, but it is a good 

predictor of elevated incidence rates. For measures such as ne ighbourhood crime 

rates and the associated increased stress levels, they are linked to area 

characteristics for w hich deprivation  is a m ore direct m easure. In these instances, a 

causal relationship m ay  well exist. N eighbourhood  violent crime and 

unem ploym en t have  been show n to increase the risk of coronary  heart disease
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independent of individual factors.’’ H igher rates of obesity in deprived 

neighbourhoods have been linked to a greater density of fast food outlets in 

deprived areas.^’̂

1.3.2 Service provision and resource allocation

Although area level m easures of deprivation remove the possibility of inferring 

associations between health and the individual, for health prom otion, resource 

allocation and service provision, small areas have a greater utility than larger 

adm inistrative areas such as counties.

The correlation between deprivation and increased m ortality and morbidity makes 

it a proxy for health care need and as Julian Tudor H art stated; "the availability of 

good medical care tends to vary inversely with the need for the population 

served."2” If H art's  'inverse care law' holds, then the availability of medical care 

will be lower for deprived populations. At this point the distinction between 

provision and availability or access is important. Living next door to a GP is not 

very useful if it is not possible to get an appointm ent due to limited availability, 

high dem and or an overworked GP. In terms of health care services, there is 

evidence to suggest that access, if not provision, is som etim es lower in more 

deprived areas. For example, a study of general practices in Perth, Australia, found 

that although there were more practices in the vicinity of deprived areas the 

patients from the most deprived neighbourhoods were less likely to be able to see a 

GP at short notice or have access to a female GP.^’̂  O ther exam ples associated with 

increased area deprivation include decreased likelihood of referral for bone 

densitometry,^’̂  longer waiting times for cardiac surgery,^’'' and lower breast cancer 

screening uptake.^’-'’ These studies suggest that increased deprivation may be 

linked to poorer access to services, even though provision may be good. It is not 

explained why differential treatm ent may be applied to more affluent patients but 

the association exists and effectively increases the disadvantage of deprived 

patients.^’"* G oddard and Smith found that due to the difficulties in assessing the
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causes of differences in access it was difficult to d raw  firm conclusions and make 

practical policy recommendations.^’*

Provision of services and, to some extent, access to those services is tied in to 

resource allocation. The underpriv ileged areas score developed  by Jarman^’  ̂ was 

developed to identify areas with a predicted high prim ary  care workload. Practices 

in underpriv ileged  areas could then be targeted for increased funding to 

com pensate  for the higher workload. The benefit of using socioeconomic indicators 

rather than health outcom es such as mortality to predict w orkload is related to the 

notion of identifying the at-risk populations -  a dead person is no t a good predictor 

of future health  care need. However, not all forms of m orbidity  are correlated with 

deprivation  so resource allocation based on deprivation  alone might not be a 

sensible a p p r o a c h . M o o r e  argued  that m aking additional paym ents  to GPs based 

on how  m any  deprived  patients they served may be of limited use w ithout using 

the money to tackle the specific health needs of the population.^'*' A further 

criticism by Connolly and Chisholm is that no deprivation  index will perfectly 

identify the areas of highest need and hence resources, thus local knowledge 

should su p p o rt  decisions m ade  using a deprivation i n d e x . An im portan t final 

point is that even in a highly deprived small area the majority of inhabitants are 

probably no t living in poverty, so that w hen targeting additional resources at such 

a small area the majority of people w ho benefit are not actually in need.^^’

1.4 Urban-rural differences

The difference betw een rural and  urban geography is im portan t  with regard to 

both health and deprivation. The structure  of com m unities  and  behaviour of the 

population  is m arkedly  different in urban and rural areas with a consequent 

impact on health. U rban  areas are often typified as having high population  density, 

a more built env ironm ent and an industrialised econom y while, in contrast, rural 

areas are seen to have m ore open space, a less stressful pace of life and less 

pollution. The effect of the urban-rural divide can be a significant predictor of 

health independen t  of socioeconomic status. However, du e  to the difference in
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s e t t lem en t  p a t te rn s  across  d iffe ren t  countries ,  re su lts  fo u n d  in o n e  co u n try  m ay  not 

be  ap p licab le  to an o th er .  In Ire land  there  is a t re n d  for a d isp e rse d  p o p u la t io n  in 

ru ra l  areas, ra th e r  th an  the  m o re  c lus tered  se t t lem en ts  fo u n d  in co u n tr ie s  su ch  as 

E ng land .

1.4.1 Urban-rural health differences

S om e aspec ts  of il l-health  a re  m o re  genera l ly  assoc ia ted  w ith  h a z a rd s  fo u n d  in 

u rb a n  e n v i ro n m e n ts :  s u b s ta n d a r d  ho u s in g ,  c ro w d in g ,  a ir p o llu tio n ,  insufficien t or 

co n ta m in a te d  d r in k in g  w a te r ,  in a d e q u a te  san i ta t io n  an d  solid  w a s te  d isposal 

services, v ec to r -b o rn e  d iseases , indus tr ia l  w aste ,  a n d  increased  m o to r  vehicle 

traffic.^^^ Such  e n v i ro n m e n ta l  factors m ay  g ive rise to h ig h e r  ra tes  of  m o rb id i ty  and  

m o rta l i ty  in u rb a n  areas. A ir  p o llu tio n  is assoc ia ted  w ith  increased  risk of stroke,^^^ 

a s th m a ,  a n d  c ircu la to ry  a n d  re sp ira to ry  mortality-^^** A fter  co n tro l l in g  for sm oking , 

lu n g  cancer  ra tes  w e re  still s ign ifican tly  h ig h e r  in u rb a n  areas  in Scotland which 

m ay  be d u e  to m o re  air po llu tion ,  h ig h e r  e x p o su re  to pass ive  sm o k in g  or selective 

m ig r a t io n .225 T he  co n cen tra t io n  of u ltra fine  particles, w h ich  can h av e  ad v e rse  

hea lth  effects, is h ig h es t  in u rb a n  areas.^^^ M enta l  a n d  physical  hea lth  in ch ildren  

can also be  ad v e rse ly  affected by o v e rc ro w d in g  w h ich  is m o re  co m m o n ly  seen in 

u rb a n  areas.^^ss

W ith  re g a rd  to risk  factors, few s h o w  a consis ten t d iffe rence  b e tw e en  u rb a n  and  

ru ra l  areas.  It is so m e t im e s  a s su m e d  th a t  d u e  to few er o p p o r tu n i t ie s  or exposure ,  

y o u n g e r  p e o p le  m a y  be  less likely to sm oke, d r in k  excessively  or u se  illicit d rugs .  

A rev iew  of s tu d ie s  an a ly s in g  risk  b eh a v io u rs  su ch  as sm o k in g ,  d ru g  u se  and  

alcohol c o n s u m p t io n  a m o n g  ad o lescen ts  found  th a t  the v iew  th a t  ru ra l  ado lescen ts  

e n g a g ed  in few er  risk b e h a v io u r s  w a s  misleading.^^^ ^28 A m er ic an  s tu d y  found 

increased  risk  for s u b s tan ce  a b u se  a m o n g  ru ra l  adolescents^^^ w h ile  w o rk  by 

Lev ine  a n d  C o u p e y  cou ld  n o t  find an  increased  risk  of s u b s tan ce  ab u se  in u rb a n  

areas.230 T he  g en e ra l  con c lu s io n  is th a t  for ad o lescen ts  th e re  is little difference 

b e tw een  ru ra l  a n d  u rb a n  a reas  in en g a g in g  in risk  b eh av io u r .  H ig h e r  sm o k in g  rates
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for adults  w ere predicted for urban areas in Scotland, based on the socio­

dem ograph ic  profile of sm okers.^ '

Haynes and Gale found significantly better than average health in rural areas of 

England and Wales after controlling for deprivation, a lthough the relationship 

betw een deprivation  and health was weak in rural areas.^^^ Levin compared 

limiting long term illness (LLTI) in urban  and  rural areas and found the highest 

rates in u rban  areas.^-’  ̂ While rural areas appeared to have lower rates, she found 

that this could be partly d u e  to the heterogeneity of rural popu lations  and that 

rural small areas should  be sub-divided into m ore hom ogeneous  comm unities to 

get a better picture  of variations in health. A som ew hat contradictory finding by 

Phillimore and Reading stated that w hen rural small areas are increased to have 

population  sizes closer to u rban  small areas, the relationship between deprivation 

and health resem bled that of u rban  a r e a s . W h i l e  the gap between healthiest and 

poorest is generally  smaller in rural areas, so is the gap  betw een least and most 

deprived. They d id  find, however, that health in rem ote rural areas was better than 

in conurbations bu t could only speculate that this m ay be due  to less pollution and 

slightly better social capital. Senior et al. show ed that mortality differences between 

urban and rural areas could be partially explained using deprivation, depending 

on how  deprivation  was measured.^^-'’ Judd et al. review a range of studies 

com paring  psychiatric m orbidity  but show  that there is little agreem ent on whether 

rates are higher in u rban  or rural areas.^^^

A Swedish s tudy  com pared  the health of farmers with u rban  and rural non- 

farmers.237 The farm ers and  rural non-farmers had  significantly lower morbidity 

and mortality rates than the urban  non-farmers. Farmers also had better health 

than the rural non-farm ers which was linked to the active and  ou tdoor  nature  of 

their occupation. W ork by Boland et al., however, found increased mortality and 

hospital adm ission rates in rural areas for unintentional injuries in I r e l a n d . S o m e  

of the excess m ortality  and m orbidity  was due  to increased exposure  to hazardous 

farm machinery.
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Several reasons are put forward as to why there may be different rates of mortality 

and morbidity in urban and rural areas. '̂*’ The differences may be due to spatial 

variations in behaviour and exposure to environmental factors. Alternatively, the 

differences may be due to selection due to migration. In the first hypothesis, a 

spatial concentration of poor health is due to increased exposure to risk factors 

such as air pollution, traffic, poor housing, drug abuse and physical inactivity. 

Health is a function of the social and physical environment. In the latter 

hypothesis, healthy people migrate, or remain together, to live in similar areas. 

People with similar health characteristics tend to end up living together. An 

example would be the movement of upwardly mobile individuals out of a 

deprived neighbourhood to be replaced by downwardly mobile, and typically less 

healthy, individuals. Boyle et al. compared the health of migrants in Scotland and 

found that those who moved a large distance were healthy while those who moved 

short distances tended to be unhealthy.^'**’ Short distance movers were often in 

social housing and did not have the opportunity or resources to move to a less 

deprived area. Verheij et al. found that people who migrated between urban and 

rural areas tended to be younger and healthier than those who had stayed in the 

same area type, although when demographic and socioeconomic factors were 

controlled for, this reversed the relationship.^'" The inconclusive findings suggest 

that to test the selection theory fully would require detailed information on the 

migration patterns and socioeconomic status of individuals over time.

1.4.2 Rural poverty and deprivation

It has become increasingly apparent that measures of poverty and deprivation may 

be biased towards an urban rather than a rural context.^''^ If deprivation is to be 

defined by the lack of access to resources commonly available, any systematic 

spatial variation in what resources are defined as necessary will introduce 

difficulties in assessing the spatial variation in deprivation. For example, car 

ownership is a commonly used deprivation indicator. In an urban context, the lack 

of a car may be counterbalanced by access to frequent affordable public transport. 

In a rural setting, where public transport may be quite infrequent, the lack of a car
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m ay be a m uch greater sign of deprivation. Lack of car ow nersh ip  is a sign of 

poverty  in rural areas while  car ow nership  m ay be a sign of wealth  in urban areas. 

E m ploym ent opportun ities  in rural areas m ay be far fewer than in urban areas, 

m aking  it h a rder  for an unem ployed  individual to get back into the workforce and 

ou t of a situation of poverty. While overcrowding is a distinctly u rban  problem, 

under-occupancy  is a rural problem  with d isproportionate  heating bills creating a 

financial burden . This lack of equivalence has implications for the suitability of 

m any depriva tion  indices to capture  poverty in both u rban  and  rural areas.

O n foot of the Rural Lifestyle Project in the UK, W oodw ard  discussed some of the 

nuances of rural deprivation  as seen by rural residents.^'*-’ People living in rural 

areas, p e rh ap s  through  a lack of anonymity, are unw illing  to acknowledge 

personal poverty  or deprivation. Some m em bers of the population  may be living 

well below the poverty line but accept this as their lot and m ake do  in a m anner 

contrary to that of u rban  dwellers. This is coupled with an overrid ing public 

opinion that rural life is idyllic and contented, free of the stresses and poverty 

associated w ith  inner cities. Rural inhabitants, however, are faced with few options 

and often have  limited access to resources and amenities that are taken for granted 

in cities, such as health care services, social settings and childcare facilities. 

M ilbourne notes how  in the rural English county of Wiltshire, with some of the 

least deprived  areas in England, the majority of parishes lack basic services such as 

a shop, post office, daily bus  service, a bank  or cash dispenser, and a general 

practice. '̂*'* For those w ith  a car it is possible to access these services in the nearest 

town, bu t for the m inority  w ithou t a car they m ust use the infrequent bus service. 

The lack of a car results in m uch greater d isadvantage  than it w ould  in an urban 

area w here  m ost of those services m ay be present.

Cloke et al. describe S haw 's  model of rural deprivation in which there are three 

categories of deprivation: household, opportun ity  and  mobility deprivation. 

Figure 1.4 show s the d iagram  of Shaw 's model. The problem  of accessibility and 

transport is a category of deprivation in itself. Such a category m ay be of little
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practical use w hen considering urban deprivation. It is apparent from Shaw's 

model that low income can lead to increased mobility deprivation which, by 

reducing opportunities, can hinder attem pts to increase income. For example, 

someone on a low income may not be able to afford to get a job further away as 

they cannot pay the transport costs associated with taking that job. Such situations 

lead to persistent poverty.

Figure 1.4 Shaw 's model of rural deprivation^'*-''

HOUSEHOLD
DEPRIVATION

Low incomes

OPPORTUNITY
DEPRIVATION

Jobs
Education

Health
Recreation

MOBILITY DEPRIVATION
Transport costs and inaccessibility 

Rationing opportunities

Housing

These categories of rural deprivation are reflected in the choice of indicators of 

rural disadvantage pu t forward by the UK Countryside Agency.^''^ The indicators 

chosen include income, geographic availability of services, em ploym ent and 

mortgages. They also include educational and health disadvantage as pertinent 

measures. The Countryside Agency argue that the standard deprivation index does 

not adequately highlight rural disadvantage and the subset of indicators presented 

can be use to better distinguish between rural areas with high and low levels of 

deprivation.

Noble and W right attem pted to address deficiencies in a standard deprivation 

measure by collecting data on benefits for small areas as a proxy for low income 

households.^'*^ They used ordinary least squares regression to predict benefits with 

deprivation indicators in a subset of rural areas. They were able to produce a 

model which was better able to predict low income households in all rural areas
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than the existing UK deprivation index. A selection of variables that predict low 

incom e well in rural areas m ight not be as good a predictor in u rban  areas, giving 

rise to the notion of different indices for urban and rural areas. Such a scheme 

retains the problem s of lack of equivalence but at least gives more accurate 

m easures of deprivation  for specific areas. The incorporation of some measure of 

sparsity  can act of a proxy for cost of transport and access to services which may 

enhance the utility of an income measure. A higher cost of transport adds  to the 

cost of living in rural areas.

Nolan et al. investigated poverty in Ireland by area type in 1994 and found that 

35.6% of househo lds  below the 60% income line lived in open country  areas. '̂**’ The 

incidence of poverty  in open  country areas d ropped  substantially  between 1987 

and 1994 while rates increased in Dublin city. The greatest risk of poverty was 

found in villages and  towns with a population of less than 3,000 persons, where 

46.5% of the population  is at risk of being below the 60% income line. This 

contrasts with the 27.4% of persons at risk of being below the 60% income line in 

Dublin city. C om m ins  refers to work by Frawley et al. to exam ine deprivation in 

low income Irish farm households.^"*^ H ousehold  items, such as strong footwear, 

that w hen lacking w ould  be considered a sign of deprivation  are occupational 

necessities for a farmer. These findings, coupled with those of Noble and Wright, 

certainly suggest that income is a more appropria te  m easure  of deprivation in rural 

areas than in u rban  areas, particularly if combined with some m easure  of cost of 

living or sparsity. In this context, sparsity acts as a m easure  of distance between 

people and  also distance to services and employment.

1.4.3 Rural exclusion and access to health services

While c row ding  and  the associated stress m ay be a problem  in u rban  areas, the 

converse is true in rural areas w here  the greater distances betw een houses can lead 

to isolation. C oup led  with living away from social hubs  such as towns, rural life 

can be synonym ous with social exclusion. The concept of social exclusion refers to 

the "dynam ic  processes of being shu t out, partially or fully, from any or all of
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several system s which influence the economic and social integration of people into 

their s o c i e t y . S o c i a l  exclusion is a problem  of both urban  and  rural 

environm ents, a lthough geographic  isolation is alm ost intrinsic to the definition of 

rural. Living a distance from com m unity  centres will inevitably lead to exclusion 

particularly  if there are few options for travel. M cDonagh notes how, in rural Irish 

counties, high rates of car ow nersh ip  are indicative of there being no practical 

alternative for t r a n s p o r t . ^ ™  has been exacerbated by the lack of investm ent in 

rural infrastructure  and  transport  policy. This has also lead to the increasing 

m arginalisation of young  and  elderly people with no access to personal transport. 

Policies to reduce  traffic congestion such as increased taxes on fuel tend to 

adversely affect those in rural areas w ho  frequently do no t have a viable alternative 

m ode of transport. The sum  effect is to increase exclusion from society for rural 

inhabitants.

The lack of transport  options can have implications for timely or reasonable acccss 

to health services. A s tudy  in Ontario  looked at repeated hospitalisations of 

children w ith  chronic conditions.^®' H aving  to travel over larger distances to reach 

the hospital w as found to strain family relationships. Jones et al. found that 

inaccessibility of acute hospital services m ay increase the risk of asthm a mortality 

having accounted for deprivation.^''^ Pan elli et al. investigated access to health 

services in rural N ew  Z e a l a n d . ^ ^ s  Some of the issues highlighted included the 

difficulty in getting appo in tm en ts  at a convenient time, w ork  time lost travelling to 

and  from an  appo in tm ent, and  the time to w ait  for an am bulance being 

unacceptably long. A s tudy  of access to general practices in a region of England 

found that m ost of the population  lived w ithin a short distance of a practice but for 

5% of the popula tion  a longer distance was coupled with no weekday bus 

service.^'’'* For this rural subgroup, access to services is d e p e n d en t  on access to a car 

or the costly alternative of a taxi. A lthough it is no t  possible for the entire 

population  to live w ithin close proximity of a health  service, those w ho  have 

further to travel a lm ost inevitably live in rural areas w here  transport options are
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lim ited. T he co m b in a t io n  o f  low  prov is ion  an d  p o o r  access can h av e  health  

con seq u en ces  if t im ely  t rea tm e n t  is n o t  available.

1.5 Problems with existing methodology

It is ev id en t  from  the p re ced in g  sections th a t  there  are  a large n u m b e r  of factors 

tha t  in fluence hea lth ,  m a n y  of w h ich  d isp lay  a social g rad ien t .  I’hese  social 

g ra d ie n ts  are  also  o b se rv ed  at an area level, a l th o u g h  n o t  necessarily  in a causal 

re la tionsh ip .  D e p r iv a t io n  ind ices  offer a m e th o d o lo g y  for re p resen t in g  the 

socioeconom ic  co n d i t io n s  p re sen t  in an  area. It h as  also been  no ted  tha t  spatial 

var ia t ion  can be o b se rv ed  in hea lth  inequalities , an d  tha t  th is  spatia l  var ia tion  m ay  

be linked to d iffe rences  be tw een  u rb a n  a n d  rural  areas. T hese  d iffe rences  m ay  be 

pa r tly  exp la ined  by  en v iro n m e n ta l  differences an d  p a r tly  th ro u g h  selective 

m igra tion .  It has  also been  sh o w n  tha t  the no tion  of p o v e r ty  a n d  d ep r iv a t io n  m ay 

be d iffe ren t in u rb a n  an d  ru ra l  a reas  as a co n seq u en ce  of d iffe r ing  o p p o rtun it ie s ,  

accessibility a n d  d e m o g ra p h y .  By v ir tue  of the ind ica to rs  u sed ,  so m e  existing  

d ep r iv a t io n  indices are  criticised for being  b iased  to w a rd s  u rb a n  areas. It is 

therefo re  im p e ra t iv e  th a t  a d e q u a te  m easu re s  of p o v e r ty  an d  d ep r iv a t io n  are  used 

in the inves t iga t ion  of hea lth  d isparit ies  and  for the p u rp o s e s  of policy 

d e v e lo p m e n t  w ith  a v iew  to red u c in g  inequalities. S om e of the  s tu d ie s  m en tioned  

in this c h a p te r  h av e  h ig h l ig h ted  s i tua t ions  w h e n  d e p r iv a t io n  indices m ay  be 

in ad eq u a te  or in a p p ro p r ia te  for u se  in ana lys ing  hea lth  inequalities .  A n u m b e r  of 

the principa l p ro b lem s  w ith  ex isting m e th o d o lo g y  for bo th  u rban -ru ra l  

classification an d  d e p r iv a t io n  indices are identified  in the  fo l low ing  sections.

1.5.1 Urban-rural classification

The difference b e tw een  u rb a n  an d  rura l areas  is o ften  cha rac te r ised  as a s im ple  

d ic h o to m y  w h e re  u rb a n  areas  h av e  a h igh  p o p u la t io n  d en s i ty  w h ile  rura l areas 

h av e  a low  p o p u la t io n  d en s i ty  and  are p re d o m in a n t ly  agricu ltu ral .  This 

rep resen ta tio n  is c o n v e n ie n t  for s im p le  co m p ara t iv e  p u rp o s e s  b u t  m ay  ignore  the 

g ra d ie n t  of se t t lem en t  ty p es  tha t  exist be tw een  d e n se  m e tro p o l i tan  areas  and  

sp arse  rura l areas.
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A pproaches to defin ing u rban  and rural areas often begin with a definition of what 

constitutes u rban  w ith  all rem aining areas being labelled as rural. M any countries 

have adop ted  a s im ple  cut-off for settlement size to d istinguish  u rban  from rural. 

Such a m ethod assum es that  all settlements above the cut-off size have  an inherent 

similarity and can be described as urban. Cut-offs can vary enorm ously  from 

country  to country  d ep en d in g  on settlem ent patterns w hich can show  m arked 

differences across countries. O ther m ethods include the use of population 

density,^'''^ a c c e s s i b i l i t y ^ ^ ?  m ultivariate  techniques.^-'’* Some applications use a 

s im ple b inary  classification while others use a range of classes to distinguish 

betw een cities, towns, villages and d ispersed rural populations.^'^"'

The u rban  rural classification in use in Ireland is a sim ple settlem ent size cut-off 

p rov ided  by the Central Statistics Office (CSO).“ ° A lthough the classification is not 

p rovided  at a small area level, with the data p rovided  it is possible to determine 

the percentage population  classed as urban and rural in each area. A small area 

that contains a tow n of 1,500 persons is considered the sam e as a small area at the 

centre of a city such as Dublin. In reality, these tw o small areas m ay be very 

different in term s of population  density, access to services and typical land use. To 

better unders tand  the health and socioeconomic differences betw een urban and 

rural areas, it is im perative that a suitably detailed small area urban-rural 

classification schem e is used rather than a sim ple d ichotomy. At present no such 

classification exists for Ireland.

1.5.2 Choice of indicators and validation

The choice of indicators for a deprivation index is partially d riven  by theory and 

partly by availability. The latter limitation is unders tandab le  given the potentially 

sensitive n a tu re  of the data  required and the small area level at w hich it is needed 

to p roduce  a sufficiently detailed picture of the spatial d istribution of deprivation. 

In Ireland, for example, m any  useful indicators are only available at a county or 

Local A uthority  level. A n index at such a geographic  level w ould  not be 

particularly useful for policy or research purposes. Routinely collected data such as

30



live reg is ter  u n e m p lo y m e n t  figures, m edica l  ca rd  o w n e rsh ip ,  c r im e figures, 

hosp ita l  in -p a t ien t  d a ta  -  d a ta  th a t  could  be  usefu lly  in co rp o ra ted  in to  a m easu re  

of d ep r iv a t io n  -  a re  n o t  rou tine ly  coded  to sm all  area. A s th ere  is no  de ta iled  postal 

co d e  sys tem  in o p e ra t io n  in Ireland, co d in g  a d d re s se s  to sm all areas  is time 

co n su m in g ,  expens ive ,  o ften  unre liab le  an d  m ay  n o t  be  feasible d u e  to issues of 

confidentia li ty .  A l th o u g h  the  census  is co n d u c ted  ev e ry  five years , w ith  the curren t 

c lim ate  of h igh  im m ig ra t io n  an d  rap id  ch an g es  in d e m o g ra p h y  the  d a ta  a re  o u t  of 

d a te  an d  po ten tia l ly  m is lead in g  before the nex t cen su s  is co n d u c ted .  N everthe less  

cen su s  d a ta  a re  th e  on ly  realistic source  of d ep r iv a t io n  ind ica to rs  in Ire land  desp ite  

the p ro b lem  of t im eliness.

V alidation  is the  p rocess  w h e reb y  a d ep r iv a t io n  index  is assessed  in relation to 

h o w  well it m e a su re s  d ep r iv a t io n  w h ich  is essential in te rm s  of the utility  of an 

i n d e x . 220 2&i T h is  aspec t  of v a l id a t io n  rarely  ex ten d s  b e y o n d  an  asse ssm e n t  of the 

corre la tion  m atr ix  to confirm  tha t  all of the variab les  a p p e a r  to ind ica te  the sam e  or 

a s im ilar  n o tio n  of d ep r iv a t io n .  To a ssu m e  tha t  a d e p r iv a t io n  index is a good 

m e asu re  of d e p r iv a t io n  solely  on  the g r o u n d s  tha t  the  var iab les  w e re  chosen  on a 

so u n d  theore tical bas is  w o u ld  be  unw ise . In reality, there  n ee d s  to be an ana lysis  of 

the re la t io n sh ip  b e tw e e n  a d e p r iv a t io n  index an d  the  re lev an t  hea lth  ou tco m es  

assoc ia ted  w ith  d ep r iv a t io n .  G o rd o n  looked a t v a l id a t io n  u s in g  su rv ey s  to 

d e te rm in e  the l ike lihood  of an  in d iv id u a l  to be d e p r iv e d  g iven  so m e  characteris tic  

as re co rded  by  the  census.^^ T he  m ost  p o p u la r  m e a su re s  of the  o u tco m es  of 

dep r iv a t io n ,  h o w e v e r ,  are  h ea lth  related: m orta li ty ,  m o rb id i ty  a n d  m enta l  health. 

As o u tl ined  in sec tion  1.3.1, ex tensive  research  h as  been  co n d u c te d  in the UK 

looking  at the assoc ia tion  b e tw e en  d e p r iv a t io n  an d  hea lth .  G iv en  the  lack of small 

area h ea lth  o u tc o m e  d a ta  in Ire lan d  it has  been  difficult  to o b ta in  su itab le  da ta  for 

va l ida t ion  a l th o u g h  m o rta l i ty ,’®̂ m edical card  o w n e rs h ip  an d  d isab il ity  h av e  been 

u sed .’®3 A n  Ita lian  in d ex  h as  also been  va l id a ted  u s in g  m o rta l i ty  d a ta . ’***’
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1.5.3 Data transformation

Once collated, deprivation indicators are frequently transformed in some way prior 

to combination into a single or smaller number of deprivation measures. Common 

types of transformation are log and logit transforms. Such transformations are 

generally used to improve the normality of the data.^* '̂ Depending on the method 

of combination used, approximate normality of the data may be desirable, if not a 

prerequisite.

Another form of transformation that has emerged more recently is that of 

shrinkage. As deprivation indices are generally computed at a small area level 

where the denominator population may be quite small, a small fluctuation in the 

numerator may translate into a relatively large change in the observed proportion. 

The purpose of shrinkage is to move indicator values based on very small numbers 

closer to the mean for that indicator.^*’'' The degree of shrinkage is related to the 

standard error associated with the small area. The standard error is, in turn, related 

to the population of that small area such that a large population equates to a small 

standard error and vice versa. The technique of shrinkage is analogous to 

smoothing in that it reduces random fluctuations in the data. Shrinkage is not ideal 

as assumptions are made to associate the standard error with the population size. 

Criticisms have been levelled at the use of shrinkage on the grounds that in the 

subsequent stage of data combination, the small area values are no longer 

independent of each other.^-"' In the Irish context, given the fact that the more 

populated small areas tend to be found in urban areas, shrinkage will tend to affect 

rural areas more than urban a r e a s . I f  rural areas are more affected by shrinkage 

they will tend to move closer to the mean and hence a more moderate deprivation 

score. A further point is that the properties of shrinkage and possible consequences 

are not fully described in relation to deprivation. It is generally assumed to be 

appropriate to apply shrinkage when an indicator displays large standard errors 

for some areas.
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1.5.4 Regional bias and spatial autocorrelation

An issue that is a lluded to in deprivation index literature is the problem of 

indicators that m ay reflect a primarily u rban  or rural m easure  of deprivation. 

Spatial autocorrelation is a m easure of the degree of similarity between 

ne ighbouring  areas. H igh values indicate that geographic areas that are close in 

space tend to be similar, which in turn is indicative of systematic regional 

variation. Spatial autocorrelation can be quantified using metrics such as M oran's

J 266

In their assessment of car ow nersh ip  as a suitable proxy for deprivation in Wales, 

Christie and Fone^^^ found that car ow nership  negatively correlated with the other 

Tow nsend indicators in rural areas. This was in contrast to positive correlations in 

urban areas and for all areas, suggesting that indicator correlations were driven by 

urban  areas. Pacione looked at indicators of rural d isadvan tage  in Scotland and 

noted how  a num ber  of the traditionally used deprivation proxies were more 

indicative of u rban  poverty than rural poverty.^*’** Such analyses are unfortunately 

uncom m on in the literature, as stated by M ilbourne in his paper  on the 

geographies of poverty-^"*^ He points to the dearth  of research in the "local 

geographies of poverty" and the lack of unders tand ing  of spatial variation in the 

com ponents  of poverty. The contrast between urban and  rural deprivation causes 

difficulties for a nationally calculated deprivation index.

O ne of the m ethods used to solve the problem of different u rban  and rural forms of 

deprivation has been the use of a range of indicators and retention of separate 

factors that appear  to m easure  urban  and rural d e p r i v a t i o n . I n  such cases the 

deprivation  m easure  is calculated for the whole region of interest including both 

urban  and rural EDs giving rise to urban  EDs influencing the weights for a 

m easure  of rural deprivation and vice versa. In the case of Neylon,^^^ who 

developed four indices of deprivation for County Clare, he show s Ennis Rural ED 

to be rurally deprived. This is despite the fact that 87.7% of the Ennis Rural ED 

population live in Ennis town.
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1.5.5 Data combination

Deprivation scores are typically generated using a weighted sum of the indicators 

expressed in a standardised form. Numerous methods exist and have been used to 

derive the weights. These methods range from equal weights,'^  arbitrarily selected 

weights,'®” weights derived by survey,’̂  ̂ Principal Components Analysis (PCA)'** ,̂ 

and Factor Analysis (FA)’®'*. The arguably simplistic approaches of equal and 

arbitrary weights selection have been replaced by the use of PCA and FA. This 

change may be partly explained by the advent of cheap high-power computers to 

facilitate calculation of PCA and FA. Both of these methods have been used for 

numerous deprivation indices and, although they tend to produce similar 

solutions, there is a fundamental theoretical difference between the two methods. 

While PCA is a straight arithmetic combination of the indicators, FA seeks one or 

more underlying factors. PCA does not account for differing levels of statistical 

accuracy or the imperfect measurement of the underlying factor.^^ Some forms of 

FA, such as Maximum Likelihood (ML) FA can distinguish between these forms of 

variance and take them into account. FA is founded on the notion that there are 

one or more underlying factors that can be identified from the indicators. It is at the 

discretion of the researcher who applies FA to determine how many underlying 

factors exist. That decision may be based on a sound theoretical justification or it 

may be determined by comparing the results from a range of choices of number of 

factors. A further set of options are available in both PCA and FA regarding 

rotation whereby a transformation can be applied to the results to make them 

easier to interpret.

In terms of deprivation index development, it has been argued that PCA is more 

appropriate than FA'®̂  and vice v e r s a .W i t h o u t  a consensus it is at the discretion 

of the researcher to decide which method is appropriate for the theory they adhere 

to. The choice between PCA and FA may have significant implications for the 

resultant index although no comparison is in evidence in deprivation literature.
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1.6 Aims and objectives

The preceding sections have outlined some of the deficiencies of existing 

deprivation and urban-rura l  classification methodology. Given the extent to which 

both are used independen tly  and in conjunction, it is im portan t  that the issues 

relating to both are dealt  with in detail. The aim of this research is to assess 

deprivation index m ethodology and to address the issue of u rban-rural variation in 

deprivation  indicators. The specific objectives of the research are:

• To develop  an urban-rura l classification for Ireland

• To assess the characteristics of shrinkage

• To assess m ethods  of combining indicators for deprivation  scores with a

view to accounting for urban-rural variations in deprivation  indicators

• To identify the key problem s and possible solutions associated with area- 

level deprivation  m easure  methodology

There is no com prehensive  rural-urban classification system for small areas in 

Ireland. It is p roposed  to develop such a classification using a range of data 

sources. C hap ter  2 assesses m ethods for defining areas as urban  and rural before 

developing a rura l-u rban  classification for Ireland. In chap ter  3, issues relating the 

now  com m only used m ethodology of shrinkage are investigated. C hapter  4 looks 

at m ethods  of com bining indicators and dimension reduction for the developm ent 

of deprivation  indices. It is also proposed to develop a m ethod for combining 

indicators such that urban-ru ra l  differences m ay to som e extent be accounted for. A 

sensitivity analysis is conducted  in chapter 5 to illustrate the impacts of different 

choices regard ing  data  selection, transformation and  combination. The discussion 

and conclusions are presented  in chapters 6 and 7, respectively.

The methodological issues and  suggested solutions in this s tudy  are applicable to 

small area deprivation  m easurem ent in any region.
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2 Defining the urban-rural divide

It is evident from chapter 1 that there are geographic variations in both deprivation 

and health, and  to some extent, these variations can be explained by the distinction 

betw een rural and  u rban  areas. The differences in environm ent, lifestyle and access 

to essential services result in noticeable differences in health and poverty. To 

properly  assess those differences, a classification system is required  whereby areas 

can be labelled as u rban  or rural. This chapter sets ou t to define such a 

classification for Ireland. Section 2.1 contains a general discussion on urban and 

rural ideology which is followed in section 2.2 with a discussion of the Irish 

context. In section 2.3 a range of m ethods of urban-rura l classification used 

internationally are applied for the first time to Irish data. M ethods of data 

combination are discussed in section 2.4 and finally in section 2.5 a new urban- 

rural classification for Ireland is outlined.

2.1 What defines urban and rural?

The definition of rural area is often constructed in a negative m anner  - defining 

w hat m ight constitute the u rban  area and then labelling all o ther areas as rural. As 

a result, the label 'ru ra l '  can be attached to a large variety of areas that might 

otherwise be considered as very different. There is an assum ption  that a clear 

distinction exists between urban  and rural and that areas can be labelled as one or 

o ther how ever  m isleading that  label m ight be.

'U rban ' can generally be described as any area that is part  of or has the 

characteristics of a city.̂ -̂ ’-'’ A city has a concentration of population  with distinct 

em ploym ent pa tterns  and lifestyle. One would  expect a diversity of social, 

economic and cultural activity in a city. There should also be a variety of facilities, 

services and amenities in a city to cater for the large and  varied population.

To say that every th ing  else is 'ru ra l '  is to ignore the variety of settlement types and 

environm ents that  exist outside of cities. The con tinuum  from rural to urban is

37



show n  in Figure 2.1 below. W ithin the extreme rural popu la tion  there is a further 

distinction betw een  agricultural and  non-agricultural land. There are large areas of 

peat bog and  native forestry with small isolated popula tions  with no local m eans of 

farming. C oupled  with little or no local commerce, inhabitants  of these regions 

m ust travel long distances to work.

Figure 2.1 Rural-urban  con tinuum

H am lets  V illages T ow n s Cities Metropolitan

Remote, sparse,
agricultural
society

Concentrated,
non-agricultural
society

There is a further complication that a tow n m ay be in close proxim ity to a num ber 

of other tow ns or d istant from other towns. This can be im portan t  as an isolated 

town will potentially be an im portan t hub  of activity in that region while a town in 

proximity to o thers m ay be relatively less im portan t bu t the inhabitants m ay have 

greater opportun ities  and access to services such as medical care, policing and 

child care. W ith increasing house prices in Dublin, form er villages are being 

expanded  into satellite tow ns to accom m odate  the g row ing  num ber  of people 

w orking  in Dublin city b u t  unable  to buy houses in the city. These satellite towns 

are generally quite  im m ature  and lack m any of the services and amenities 

associated w ith  u rban  centres and yet they do have substantial popu lations  with 

m ed ium  to h igh population  density.

In a ttem pting  to describe an area outside of a city, it is im portan t  to m aintain 

information on the settlem ent size, local land use and proximity to other 

settlements. This is likely lead to a classification system w ith  m any levels which 

may result in small num bers  of areas in some levels. H ow ever, this w ould  be 

preferable to a sim ple d ichotom y which w ould  m aximise loss of information and 

distinction.
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2.2 Urban-rural divide in Ireland

Ireland, like a lm ost any other country, is composed of a mix of urban and rural 

areas. While rural areas are typically sparsely populated  with a predom inantly  

agricultural economy, the urban  areas are densely populated  with a w ide range of 

em ploym en t types. Rural areas can broadly be seen as dependen t  on the extraction 

of natural resources while u rban  areas process and sell services.

In the Republic of Ireland the term 'small area' generally refers to Electoral 

Divisions (EDs). There are 3440 EDs and they are the smallest ou tp u t  area for 

census data. Counties  and other governm ent constituencies are comprised of 

aggregations of EDs. Populations range from 55 to 24,404 in the 2002 census and 

areas range from 0.046 km^ to 126.04 km^. If an individual can be identified in the 

census results for one ED, that ED will be m erged with a ne ighbouring  ED. As a 

result, there w ere  only 3,422 ou tpu t  EDs in 2002. Tow n boundaries  are not 

restricted to EDs so it is possible for a town may have parts in multiple EDs. It is 

also possible for m ultip le  d istinct towns to be in a single ED.

The definition of urban  in Ireland is based on the tow n-dw elling  population. 

Tow ns are com prised  of those with and those w ithout a legally defined boundary. 

W here a legally defined boundary  exists, the town size is defined as the population 

living w ithin tha t  boundary . For towns w ithout a legally defined boundary , there 

m ust be a cluster of 50 or m ore occupied dwellings. There m ust  also be, within 

800m of that cluster, a nucleus of either 30 occupied dwellings on both sides of the 

road or 20 occupied dw ellings on one side of the road. Currently  in Ireland, the 

population  living in clusters of 1,500 or m ore persons is described as urban.^^° The 

rest of the population  is termed rural.

Suburbs are defined based on a 200m criterion recom m ended by the United 

Nations^^° w hereby  a cluster is defined w here no occupied dw elling is more than 

200m from ano ther  occupied dwelling. Industrial, commercial and  recreational 

buildings are not regarded as breaking the continuity of a built-up area. Suburbs
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and environs are included in a tow n w hen  counting the popula tion  resident in that 

town.

There is a further adm inis tra tive  distinction betw een u rban  and rural in Ireland -

the u rban  and  rural district boundaries. These are aggregations of electoral

divisions (EDs). All EDs in tow n and city boundaries  are classified as u rban  and 

the rem ainder  are aggregated into 160 rural districts. These districts are 

in term ediate  in size betw een EDs and counties bu t are rarely used in research or 

governance. M ortality da ta  published in the vital statistics aggregate  rural districts 

by county  to give da ta  for 88 u rban  and rural districts.

2.3 Urban-rural measures

A num ber  of different m ethods  of urban-rural classification have been identified in 

the literature. In the following section these will be described and briefly applied to 

Irish data to give an indication of the differences betw een the methods.

2.3.1 Population size

In a num ber  of countries the definition of u rban  relates directly to settlem ent size. 

A settlem ent is generally defined as a collection of houses w here  every house is 

within 200m of another  house. The settlem ent size that constitutes "urban"  varies

from country  to country, as can be seen in

Table 2.1 b e l o w . T h e  assum ption  is that above a certain population, a town can 

autom atically  be considered as "urban". This is based on a critical m ass of 

population  having  access to a num ber  of essential services and that such a num ber  

of people  living in relatively close proximity will autom atically  classify as urban. 

Different countries  have very different notions as to w ha t  qualifies as u rban  and 

this is probably  in part  associated with population  density  and historical 

precedent. The choice m ay  also be partly political as service provision or funding 

m ay be affected by the urban-rura l status. The distinction betw een  rural and urban 

w ould  then have  implications for governm ent obligations as regards services.
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Table 2.1 M inim um  popu lation  sizes used  by countries to define u rban  areas

C ountry
M inim um
popu lation

Sw eden 200
South Africa 500
Australia* 1,000
Ireland 1,500
France 2,000
U nited States 2,500
Belgium 5,000
Spain 10,000
Japan 30,000

*  To qualify as u rban  A ustralia  also stipu lates th a t there m ust be a m inim um  

popu lation  density  of 400 persons/km^.

Figure 2.2 show s a p lot of 700 Irish tow ns and  villages ranked  by size (tow ns w ith a 

population  g rea ter than  5,000 no t show n). For illustrative purposes, it is in tended  

to sp lit tow ns in to  tw o groups: u rban  and rural. D ue to a sm all num ber of tow ns 

and cities w ith extrem e popu la tion  sizes relative to o ther tow ns, the populations 

w ere log transform ed.

Data can be g rouped  using  k-m eans clustering. This is a m ethod  of clustering  in 

w hich the user pre-defines the num ber of groups. The observations are then 

g rouped  so as to m inim ise the d ifference betw een observations in each group.

A pplication of k-m eans clustering  to log-transform ed tow n popu lations to identify  

tw o clusters results in a cut-off at 1,553 persons. If w e accept a cut-off of 1,553 

persons, then  there  are 713 EDs w ith  the m ajority  of the popu lation  living in a tow n 

of 1,553 or m ore persons.
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Figure 2.2 Ranked town populations in Ireland (towns > 5000 persons not shown)
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The advantage of this method is that it is relatively easy to compute. The main 

difficulty with this method is that the choice of cut-off tends to be somewhat 

arbitrary. It also leads to a potentially misleading dichotomy -  a town classed as 

rural may be reclassified as urban if the population increased by one person. This 

precise distinction is unrealistic and unreasonable. This method also ignores 

proximity to urbcin areas. A remote rural area is given the same classification as a 

town just below the cut-off size. This lack of distinction is also unreasonable. Figure 

2.3 shows the number of EDs classed as urban by choice of urban population cut­

off.
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Figure 2.3 The n u m b er  of EDs classed as urban by cut-off to describe settlement as 

urban
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An alternative approach  w ould  be to classify a tow n based on the essential services 

available in that town. These m ay include emergency services, amenities and other 

facilities that m ay act as indicators of urban life. Collecting these data reliably may 

prove difficult and it leads to further problems. The most critical problem is that 

the location of m ost services is driven by the population  distribution and market 

forces. This complicates matters w here a town is in close proxim ity to o ther larger 

towns. For example, Portm arnock  with a population of 8,376 does not have a 

Garda station. M eanw hile  Donard, with a population  of 201, does have a Garda 

station. It w ould  be incorrect to label Portm arnock as rural and Donard  as urban. 

Of course such a classification m ethod w ould  not be based on the presence or 

absence of a single service bu t on a range of amenities.

Furthermore, due  to the sparser population in m ore rural areas, towns with small 

populations m ay have the services normally associated with larger towns in more 

urban regions. A small tow n in an agricultural region will be relatively urban in its 

context as it m ay act as a centre of commerce and interaction. An example would 

be Achill Sound, with a population  of only 355, it has a superm arket, bank, post 

office and Garda station. It is a link betw een Achill Island and the bridge to the
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m ainland. M uch larger tow ns close to major u rban  centres m ay essentially act as 

com m uter  towns. In terms of facilities they m ay be underdeve loped  but the 

population  lives a largely u rban  lifestyle. A tow n such as Portrane with 1,726 

inhabitants does no t have  a superm arket, bank, post-office or G arda  station and yet 

it has sizeable population  and  is considered u rban  u n d e r  the definition applied in 

the Irish census.

So while the presence of certain amenities m ay po in t tow ards  an urban 

env ironm ent it is no t a reliable distinction. This information is perhaps  more useful 

for differentiating betw een different types of settlem ent ra ther than their status as 

u rban  or rural.

2.3.2 Population density

Instead of using the population  of a town or area, it is possible to use the 

population  density  (i.e. persons per kilometre squared) for d istinguish ing  rural and 

u rban  boundaries. H igh densities should  only occur in u rban  areas w here people 

tend to live close together. In rural areas, w here people frequently live further 

apart, popu lation  density  is lower.

This m ethod shifts the problem  from having to identify a suitable population cut­

off to finding an appropria te  population  density cut-off. It also gives rise to the 

question of w h a t  area is the density  being calculated for. Typically the area covered 

by w ater bodies such as lakes and sea are ignored in the density  calculation. 

Perhaps it w ou ld  then m ake  sense to also exclude land above a certain height or 

any land that is otherw ise  uninhabitable. There m ay be instances of small areas 

w here nearly all of the population  lives in a small portion of the land in that area. 

Thus the inhabitants  m ay experience a high population  density  bu t the calculation 

for the area w ou ld  return  a low density.

Determ ining w h a t  m ight constitute an urban level of population  density is not 

stra ightforw ard. Both Australia and C anada use a cut-off of 400 persons/km^ for
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urban areas. This is a very arbitrary rule-of-thumb and it w ould make more sense 

to use data for undisputed urban areas to understand w hat m ight be a reasonable 

cut-off point. For example, the population densities for Dublin, Cork and Limerick 

cities are 4191.6, 3124.9 and 2610.3 persons/km^, respectively.

The definition of the area of an ED is im portant. It is acceptable to exclude areas of 

w ater from the calculation as they are uninhabitable. It is also arguable that if any 

portion of an ED is uninhabited, it is acceptable to ignore it in calculations. One 

solution is to define the area of an ED as the total area within 200m of a dw elling - 

the United N ations criterion for neighbouring houses. This can be referred to as the 

inhabited area of an ED. If an ED is sparsely populated, then most houses will not 

have a neighbour within 200m and thus the inhabited area will be large. If the ED 

is densely populated, there will be a large am ount of overlap between the 200m 

radii. A nother m ethod would be to calculate the housing or population density 

w ithin 200m of each dwelling in an ED and then determ ine the mean or median 

200m dwelling density.

Figure 2.4 shows a plot of ED population density calculated using 2002 census 

data. This is based on a m easure using inhabited land. Application of k-means 

clustering to log-transformed population density values to identify two clusters 

results in a cut-off at 676.48 persons/km^. This suggests that EDs with a population 

density greater than 676.48 persons/km^ are distinct from those with a lower 

population density. If we assum e that EDs above this figure are urban, this results 

in 611 of the 3,422 EDs being classed as urban. Using a m easure of total land area 

less w ater bodies, the cut-off occurs at 235.18 persons/km^, which is som ewhat 

lower than the cut-off used in Australia and Canada. This cut-off also results in 611 

urban EDs, although there are differences in which EDs are labelled urban. The 

smallest town included in the urban areas in both instances has 1,064 persons. This 

suggests that the m easure may indeed be capturing larger population centres. 

However, some EDs with a large population almost entirely situated in a city are 

classified as rural. For example, if classed by population density over the entire ED
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area, Phoenix Park ED in Dublin city is classed with rural EDs. This ED contains a 

large public park with a very low population density. On the basis of inhabited 

area it is classed as urban. The opposite also occurs with Cabinteely- 

Loughlinstown ED being classed as rural using inhabited area, but urban using the 

entire area encompassed by the ED. These apparent discrepancies occur where the 

different definition of inhabited land leads to a substantial difference in computed 

population density.

Figure 2.4 Ranked ED population densities
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In Ireland, the EDs comprising the five cities can safely be labelled as 'urban'. They 

are within the defined city boundaries so it is an acceptable assumption. They 

comprise of 332 city EDs with varying geographic sizes and population numbers.

Using the notion of inhabited area, an analysis of the city EDs shows that urban 

population densities range from 161.6 to 16,836.2 persons/km^. On closer 

inspection, a number of the Waterford city EDs are transitional between the city
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and the neighbouring rural areas. To account for these EDs, the city EDs have been 

ranked by population density and the bottom 1% have been ignored as effective 

outliers. Thus the minimum city population density is given as 693.1 persons/km l 

If we apply this cut-off to the full set of Irish EDs, there are 609 urban EDs. Using 

the typical housing density around dwellings, between 673 and 680 EDs are 

classified as urban, using mean and m edian housing density respectively. There is 

a substantial difference in urban classification depending on w hether population or 

housing density is used. Using mean housing density as a m easure also results iii 

small towns being classified as urban. A tow n with a population of only 502 would 

be classed as urban. As with population density, there are EDs with large city- 

based populations that are classified as rural, making this an unsatisfactory 

classification method.

A method em ploying a proxy for population density has been adopted in the UK 

developed by Bibby and Shepherd.^^' This method uses housing density calculated 

for increasing radii around 1 hectare grid squares. A lthough the exact population 

per house is not known, the housing density is a sufficient proxy for population 

density. The method is applied to all areas outside the officially recognised urban 

boundaries. The density of households w ithin 10, 20 and 30km of each grid cell are 

calculated and a sum m ary m easure is calculated for each small area based on the 

grid cell values. The sparsest 5% of small areas are noted for each radius size to 

identify the areas that might be considered m ost sparse and therefore m ost rural. 

Housing densities are also com puted for smaller radii of 200, 400, 800 and 1,600m 

with a view to identifying settlem ent types. For example, grid cells that show a 

sharp drop in housing density with increasing radius are presum ed to be in a small 

village. It is not described how  cut-offs are decided on to distinguish between 

town, village and ham let based on the housing density profile.

As was the case for classification by settlem ent size, there is plenty of opportunity 

for misclassification. This is particularly evident for EDs on the edge of an urban 

ED. There are num erous instances of donut shaped EDs that enclose an
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approximately circular urban ED, an example of which is shown in Figure 2.5 

below. There are, in fact, 80 instances of EDs that enclose EDs containing towns. 

The outer ED is typically a combination of the outskirts of the enclosed town and 

the surrounding rural environment. There is generally a sharp transition from 

urban to rural landscape. If the majority of the population in the outer ED is living 

in the suburbs of the town, it would make sense to refer to the outer ED as being 

urban. However, using population density as the classifier can often result in the 

outer ED being classed as rural. The example in Figure 2.5 shows Castlebar Urban 

and Rural EDs. The entire population of Castlebar Urban ED lives in Castlebar 

town. Of the 5,882 people living in Castlebar Rural ED, 3,702 are defined as living 

in Castlebar town.

Figure 2.5 Example of a donut shaped ED enclosing a town

•  Housepoint
  Castlebar Urban ED
  Castlebar Rural ED
  Neighbouring EDs

A further drawback to this method is that it does not take into account proximity to 

an urban area. Therefore everything that is not urban is automatically rural. As was 

discussed previously, this is not a very helpful classification method.

2.3.3 Access

The use of a gravity model approach allows for the combination of both population 

size and spatial location into a single measure (Equation 2.1). This formula 

essentially measures the spatial interaction between an origin ED and destination 

towns.
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N

7 =1

(2 .1)

W here: ai -  access of area /, / = 1, 2, . . . ,  N

Pj = popu lation  of tow n j  (m ay be log 

transform ed)

d "  = d istance from  i to /  to the pow er of n

(w here n is -2 by the inverse square  

law)̂ ^̂

There are som e difficulties in the m easurem ent of distance. It can be expressed as a 

sim ple d istance either as-the-crow  flies or along a road  netw ork . It can also be 

expressed as som e form  of cost distance such as travel tim e. It is also often in the 

form  of a d istance decay function so tha t influence declines rap id ly  in relation to 

proxim ity. For cities, they will generally  have n um erous centres. These m ight well 

have been suburbs or even ou tly ing  villages that have now  been subsum ed  into the 

city as suburbs. The distance from  a suburb  to the centre m ay be significant w hich 

raises the question of w here should  the d istance be m easured  to. It is possible to 

determ ine local centres of activity w ith in  a city u sing  the d istribu tion  of 

com m ercial locations or popu lation  density.

D espite incorporating  spatial location, the na tu re  of the in teraction betw een areas 

and tow ns is lost in a sum m ary  m easure such as access. It becom es im possible to 

d istinguish  betw een a rem ote area w ith  a tow n and  a ru ra l area on the edge of a 

city. It can be argued  that there  is a degree of equivalence betw een  the tw o -  both 

have aspects of u rban  and  ru ral env ironm ents -  b u t the d istinctions betw een 

rem ote tow n and city edge are lost. A fu rther problem  is the bias tow ards the 

greater D ublin area, which includes counties D ublin, K ildare, M eath and  W icklow. 

This is an extensively developed  area w ith  m any tow ns in add ition  to the m ajor 

u rban  centre of D ublin city. Even the rem ote parts of W icklow have relatively good 

access to tow ns w hen com pared  to w estern  counties.

49



The access measure was determined for EDs to towns within a 48km radius with 

the distance decay set at dij .̂ The distance decay function is one often used in 

applications regarding population influence and interaction. The distance limit was 

chosen arbitrarily as it represents a typical travel time of between 45 minutes and 1 

hour. Beyond that distance the influence of a town on daily life may be limited. It is 

assumed that opportunities and services more than one hour away are considered 

to be much less significant and so are not included in access calculations. The 

ranked values are shown in Figure 2.6 below. Using k-means clustering on log- 

transformed access values to define two clusters, a cut-off is identified at an access 

value of 2.07 which would have 1,135 EDs classed as urban. This includes many 

EDs that are small rural areas close to a number of urban centres. A different choice 

of distance cut-off and decay function will lead to different results but the current 

choice is justifiable in the context of this exercise.

Figure 2.6 Ranked ED access values
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The advantage of this method is that it incorporates proximity to urban centres into 

the measure and results in a continuous, rather than binary, variable. That the 

variable is continuous also gives rise to the problem of how to classify the resultant
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values. An area can have a high degree of access whilst being entirely rural. If it 

has high access to town and city areas, it is indicative that the population 

experiences a high degree of interaction with those urban areas. However, the 

population of that area lives in a rural environm ent rather than a built-up urban 

environm ent. Any classification of the access variable will group areas that are 

quite different, which needs to be avoided.

2.3.4 Land use

Using satellite imagery, land use can be m apped to a grid of relatively high 

resolution -  sufficient for variation across a small area to be picked up. It can then 

be seen if an area is predom inantly residential, industrial, agricultural or natural 

habitat. It provides a realistic representation of w hat an area is used for.

An example of land use data would be the Corine dataset maintained by the 

European Environm ent Agency. The Corine dataset is an inventory of land cover 

divided into 44 classes and is publicly available for the year 2000. The data can be 

broadly divided into the built environm ent, agricultural land and natural habitat. 

The latter includes natural forestry and peat bog. The proportion of land in each 

ED that falls into these three categories can be determ ined using GIS. It is possible 

to adopt a 'majority rules' type approach to classify areas. If the simple majority of 

the land is built, then the ED is classed as built, and so forth. W here there is no 

clearly dom inant land use type, then a combination of land use types may be used 

(i.e. built-agricultural, mixed, etc).

Classifying areas according to land use can be problematic. As w ith the definition 

of population density, the concept of inhabited land may be useful. An ED may be 

defined by the total area or by the area on which the population resides. For 

example, there may be the situation where the majority of the population lives on 

built land but the area is predom inantly agricultural. In that case, the average 

individual experiences a built environm ent even though the average acre of land is
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agricultural. It raises the question of whether the population or the land is being 

classified.

The graphs in Figures 2.7a and 2.7b show proportion land use by ED for all land 

and inhabited land respectively. EDs have been ranked by the proportion built 

environment, agricultural land and natural habitat, respectively. When using the 

proportion inhabited land, as shown in Figure 2.7b, almost all EDs are mainly 

comprised of built and agricultural land. This indicates that only a very small 

portion of the population live within 200m of land that is natural habitat. The most 

common situation is for the majority of an ED to be agricultural land, irrespective 

of whether the proportion of all land or only of inhabited land is used.

Figure 2.7 Percentage land use by ED (ranked by proportion built environment)
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EDs were classified by both the proportion of built-land and the proportion of the 

houses on built-land. The former resulted in 530 urban EDs, the latter 763 EDs. 

Both methods give rise to different problems. EDs on the edge of a city are likely to 

contain substantial tracts of agricultural or non-built land. If classified by all land 

use they are generally labelled as rural. For example, 89% of the 18,624 persons 

living in Navan Rural ED are living in Navan town or its suburbs. Approximately 

75% of the population lives on built land, which covers nearly 20% of land in the 

ED. Classified by proportion of land area it is rural, classified by inhabited land it is
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considered urban. A second example is Stradbally ED in Kerry with a population 

of 230 living in a rural area. Just less than 6% of the land is built and yet 55% of the 

houses are on that land. According to land use it is clearly a rural ED but when it is 

classified by inhabited land it is labelled urban.

A small isolated population  living in a predom inan tly  built ED should not be 

classed as urban. Tow n size, population  density and proximity to the nearest town 

are all ignored in this m ethod and this gives rise to misclassification.

2.4 Combination methods

Data derived from the above m ethods (e.g. population  size, population  density, 

access and land-use) can be combined using factor analysis, principal com ponent 

analysis or o ther multivariate  variable combination techniques. These m ethods 

have the benefit that all useful data can be incorporated into a single derived 

variable. Such m ethods  have been used by Cloke,^^^ Cloke and Edwards,^^** and 

McDade and Adair.^^'* Cloke used census indicators relating to population 

structure, occupancy, household  amenities, occupation, m igration and distance to 

urban centres. M cDade and  Adair used a large set of indicators including 

dem ography, infrastructure, household and neighbourhood  amenities. The 

principal d raw back  is that if a m ethod is used that results in reduction to a single 

continuous variable, it m ay be difficult to com pare values as is the case with using 

a m easure  of access. Some combination m ethods look for clusters across a num ber 

of d im ensions w hich enables retention of more information and g roup ing  EDs with 

similar a ttribute  values. As has already been discussed, it is im perative that a rural 

ED close to an u rban  centre is distinguishable from an ED containing an isolated 

town.

Com bination m ethods of classification can be d ivided into supervised and 

unsuperv ised  methods.^^^ The latter type typically a ttem pts  to seek either 

convenient breaks in the data or some sort of s tructure  which can be used to
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delineate clusters in the data (e.g. cluster analysis). Supervised techniques require 

some form of prior know ledge about the classification.

2.4.1 Supervised classification

For supervised classification it is required to have some form of prior knowledge 

about the classification structure. Frequently there will be a training dataset for 

which the classes are know n and a num ber of variables are recorded for each 

observation. A model can be constructed to predict the classes using the variables 

and that model applied to a complete dataset for which the classes are not known. 

The m ethods used in that instance are predictive methods. In some cases classes 

are not known for any observation in which case there is no training dataset 

available. If there is a theoretical basis for developing classes then it is possible to 

use a supervised m ethod such as multi-criteria classification.

2.4.1.1 Multi-criteria classification

One approach to supervised classification is m ultiple criteria classification (MCC)^^'’ 

whereby qualification criteria are specified for each class and each observation is 

tested to see which class it qualifies for. The criteria can incorporate num erous 

variables. For example, an ED m ight be classed as urban if the majority of the 

population is in a town of 1,500 or more persons and either the population density 

is greater than 693 persons/km^ or more than 50% of the land is built. Criteria can 

be developed that guarantee that a point can only be eligible for a single class. The 

problem of choosing cut-off points between classes becomes an issue once again as 

the criteria m ust be well specified.

The MCC approach has been im plem ented using a num ber of the variables and 

cut-offs suggested in the previous sections. For example, if 50% or more of the 

population lives in a city, then the ED is labelled as urban. In consideration of 

different settlem ent types, six classes were defined for the analysis, four of which 

contained predom inantly settled population (urban, town, near village and remote 

village). The rem aining two classes encompass rural land divided into near rural
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which is less than 15 m inutes from a town, and remote rural, which is m ore than 15 

m inu tes  from a town. The u rban  class is defined by city population, w here  the five 

cities of Dublin, Cork, Limerick, Galway and W aterford are the only cities 

included.

Table 2.2 Criteria for MCC classification

Class
C ount of 

EDs
% living in 

a city

% in town 
of 1,553 or 

more 
persons

% living in 
a settlem ent

Distance to 
the nearest 

town of 
1,553 or 

more 
persons

Urban 472 >0.5 >0.5 >0.5 <15
Town 247 <0.5 >0.5 >0.5 <15
Near village 137 <0.5 <0.5 >0.5 <15
Remote village 75 <0.5 <0.5 >0.5 >15
Near rural 1803 <0.5 <0.5 <0.5 < 15
Remote rural 688 <0.5 <0.5 <0.5 >15

A problem  with a simplistic MCC approach, such as the one outlined above, is that 

based on the indicator means, EDs may be closer to a class o ther than the one they 

have been assigned to. In o ther words, some EDs m ay bear m ore similarity to the 

EDs of a group  o ther  than the one they have been classed in.

2.4.1.2 Predictive methods

For the following methods, the MCC classification can be given as a function of 

several variables o ther than those used to construct the classification. It is then 

possible to predict the class of each ED given the observations in each class. For 

example, the urban-rura l classification m ay be defined using the MCC approach 

and variable selection outlined in Table 2.2 previously. The class of each ED could 

then be predicted given the classification provided and  a different set of variables, 

such as access and  land-use. An ED that m ight be classed as u rban  m ay be re­

classed as town if the values for the access and land-use variables were found to be 

m ore similar to tow n EDs than to urban EDs.
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A num ber of these m ethods result in a probability of an ED being in each class. The 

class with the highest probability is then the predicted class. The m anner in which 

the probabilities are calculated depends on the m ethod used. The five m ethods 

considered are as follows:

• Logistic regression^^ -  a method for predicting the probability of a binary 

dependent variable using a set of independent variables

• Discrim inant analysis^^® -  a m ethod that examines the set of predictors and 

uses similarities and differences to assign each observation to one of a set of 

classes

• Classification tree^^^ -  a method used to predict m em bership of cases or 

objects in the classes of a categorical dependent variable from their 

m easurem ents on one or more predictor variables

• Partitioning^^^ -  a method to recursively partition data according to a 

relationship between the categorical dependent variable and the set of 

independent variables

• Neural network^^’ -  a method to predict response variables from a flexible 

network of non-linear functions of input variables

For the five m ethods listed above, the independent variables can typically be a 

combination of continuous and categorical variables. All five m ethods were 

applied using the MCC classification along with three log-transform ed predictor 

variables: m edian town size, population density and access to settlem ents within 

48km. The m edian town size was calculated as the size of the settlem ent that 

contains 50% of the cum ulative ED population when settlem ents are ranked by 

population num bers (see page 68 for an illustrative example). Two statistical 

packages, JMP 5.0.P“  and SPlus 6 . 0 , were used to perform all of the calculations.

In Table 2.3 the num bers of EDs in each class for the different m ethods are shown. 

The m ost apparent disparity occurs for the partition method, which results in quite 

a different classification from the other methods.
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Table 2.3 C ount of EDs by class for each predictive m ethod of classification

Class MCC
Discriminant

analysis
Logistic

regression
Classification

tree
Neural

netw ork
Partition

1 472 446 491 470 473 474
2 247 238 302 261 246 245
3 137 119 127 135 164 212
4 75 128 11 32 48 1,565
5 1,803 1,455 2,312 2,038 2,225 737
6 688 1,036 179 486 266 189

This is no t exactly the correct application of these m ethods as they are intended to 

predict know n  classes using observed data -  thus allowing classification of 

unclassified datasets  with the sam e observed variables. In this case, the method 

attem pts to identify EDs that, based on the observed attributes, are misclassified 

w hen com pared  to other EDs within the sam e class. If the MCC was based on the 

sam e three variables as the o ther methods, then the predictive approaches would 

be able to perfectly predict the MCC classification which w ould  defeat the purpose 

of the exercise.

2.4.2 Unsupervised classification

A num ber  of unsupcrv ised  clustering m ethods exist for dealing with m ulti­

d imensional data. O ne option is to use k-means type c lus te r ing .^^*  In this method 

the user specifies the num ber  of clusters they w an t  to identify. For example, let 

there be in variables and we wish to specify n clusters. The first step is to select ii 

random  points  representing cluster centroids in the m -dimensional space. Each 

data point is allocated to the nearest cluster centroid. The centre of gravity is 

calculated for each cluster and  that becomes the new  cluster centroid. The last two 

steps are repeated iteratively until the centroids show  negligible change between 

iterations. The m ain  d raw back  of this m ethod is that the user specifies the num ber 

of clusters even though it will probably not be know n in advance how  many 

clusters there are or need to be identified.

Given that six classes were developed using the MCC approach, k-means 

clustering was applied  to the same six variables to allocate EDs to six clusters. The
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results are show n in Table 2.4 where the clusters are com pared with the MCC 

classes. A num ber of urban EDs are classified with the majority town EDs. 

Similarly, a num ber of tow n EDs are classified with the villages for which near and 

remote are not distinguished. This leaves three rural categories, the first of which 

includes EDs that have some settlem ent but not sufficient to be labelled as village.

Table 2.4 Com parison of ED counts for classes and K-means clusters

Class K-means cluster
Total

1 2 3 4 5 6
Urban 366 106 0 0 0 0 472
Town 0 150 97 0 0 0 247
N ear village 0 0 137 0 0 0 137
Remote village 0 0 75 0 0 0 75
N ear rural 0 0 0 544 1,181 78 1,803
Remote rural 0 0 0 79 437 172 688
Total 366 256 309 623 1,618 250 3,422

A variation on k-means called self-organising maps (SOMs)^^^ is also available for 

classification applications in JMP.^^ In SOMs the clusters have a grid structure 

which can aid interpretation of the clusters. Essentially it generates a two 

dim ensional ou tpu t where clusters that are close in m ultivariate space are shown 

close together in the SOM grid.

An alternative to iterative techniques are agglomerative m ethods of clustering, 

such as hierarchical c l u s t e r i n g . ^ ® ^  these m ethods all data points are initially 

individual clusters. At each step of the process the two clusters closest to each other 

in m ultidim ensional space are combined into a single cluster. This process 

continues until all points have been combined into a single cluster. There is no 

search for the optim um  num ber of clusters so it is possible to subjectively select 

how  many clusters will be defined. There are num erous m ethods for m easuring the 

distance between two clusters so depending on the metric used the results will bo 

different.
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A s w i th  th e  k -m ean s  c lus ter ing ,  the h ierarch ica l c lu s te r in g  is c o m p a re d  to the  M CC 

classes in T ab le  2.5 be low . T he first tw o  clusters  re p re sen t  u rb a n  areas, g iv ing  490 

u rb a n  EDs, w i th  the th ird  c lus te r  rep resen tin g  tow ns .  A g a in  the  n ea r  an d  rem ote  

villages  a re  m erg ed  a lo n g  w ith  a n u m b e r  of the  EDs c lassed  as  to w n  u s in g  the 

M C C  a p p ro a c h .  T here  a re  tw o  ru ra l  c lusters  b u t  the  d is t r ib u tio n  b e tw een  them  is 

q u i te  d iffe ren t  as the s e p a ra t io n  is d ic ta ted  by  the access scores ra th e r  than  d is tance 

to th e  n ea re s t  tow n.

Table  2.5 C o m p a r is o n  of ED c o u n ts  for classes an d  h ie ra rch ica l  c lusters

C lass
H ierarch ical  c luster

Total
1 2 3 4 5 6

U rb a n 289 180 3 0 0 0 472
Tow'n 0 21 138 88 0 0 247
N e a r  v illage 0 0 0 137 0 0 137
R em o te  v illage 0 0 0 75 0 0 75
N e a r  ru ra l 0 0 0 0 439 1364 1803
R em o te  rural 0 0 0 0 58 630 688

Total 289 201 141 300 497 1994 3422

2.4.3 Comparing classifications

T here  are  m e th o d s  for c o m p a r in g  c luster  allocations w h ich  can p ro v id e  a basis f o r  

ch oos ing  one  te ch n iq u e  o v e r  an o th e r  or, indeed , to select the choice of h o w  m an y  

c lus ters  to  use. O n e  su ch  m e a s u re  is the g o o d n ess  of v a r ian ce  fit (GVF),^*’'' ou tl ined  

in e q u a t io n  2.2 below . V a lues  of GVF ran g e  from  0 for the very  p o o re s t  fit to 1 for a 

perfect fit. In th e  case of a s ing le  class the GVF will be 0 w h e re a s  the GVF will equal 

1 w h e n  N  areas  are  a l loca ted  to N classes.

 ̂ ^ 1, ,  V

=    ( 2 .2)

/  =  1

W here: x = in d ica to r  v a lu e
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X = m ean  indicator value

k = n u m b er  of clusters 

M  = nu m b er  of indicators 

N = n u m b er  of areas

A similar m easure  is the tabular accuracy index (TAI)^ '̂* w hich differs from the 

GVF in that it uses M anhattan  rather than Euclidean distance. A nother useful 

m easure  is Akaike 's  Information Criterion (AIC)^®-'’ which is defined in 2.3 below. 

For the AIC, a lower value represents a better fit.

AIC  = N.  In

f  k  N , ,  m

/7=1 / =  ! /  =  1 / ( k , N ) (2.3)

Where: x -  indicator value

X = m ean  indicator value

k = n u m b er  of clusters

ni = n u m b er  of indicators

N  = n u m b er  of areas

/(k , N) = penalty  function

The AIC includes a penalty  function which is a function of k, the num ber  of 

clusters, and  N,  the n u m b er  of areas. The AIC, Bayesian Information criterion 

(BIC), H a n n a n  & Q u inn 's  criterion (HQC), and  the Generalized Cross Validation 

criterion (GCVC) penalty  functions are show n below.^“  In all cases the natural 

logarithm  is generally used.
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BIC, f { k , N )  =
k . \og{N)

2
(2.5)

H Q C  = ^.log(log(7V)) (2 .6 )

( k
GCVC, f ( k , N )  = - N . \ o g  1 - - (2.7)

The intention of the penalty  function is to counter the im provem ent in fit afforded 

by an increased num ber  of clusters. If too m any clusters are identified there is the 

risk of developing  a classification that is either too unw ie ldy  or contains classes 

with too few m em bers  to be of real use. Depending on the penalty function chosen, 

the optimal num ber  of clusters may vary. The AIC is m ore typically used to 

identify the optim al num ber  of param eters to be included in a model but has also 

been used in classification problems.^®-"^

A small increase or decrease in k does not have a substantial im pact on the penalty 

function w hen  N  is large, such as in the current case w here  N is 3,422. Given the 

data being used in the current classification problem, the penalty functions 

outlined above result in values that are too small to identify a benefit for smaller 

num bers  of classes. The penalty  functions listed above generate  values under 100 

for N  = 3,422 and k less than 25. In the current context, the AIC values are in the 

order of 1,000s rendering  the above penalties functions ineffective for identifying 

an optim al num ber  of classes. It is possible to develop a penalty  function that will 

suit the size of the data and the following function is proposed  for the current case:

(2 .8 )

A difficulty with the AIC is that depend ing  on the data  being used, the upper  and 

lower bou n d s  change so it is not possible to know  w ha t the best possible solution is 

w ithout searching for the optim al result. For example, w ith the GVF and TAl



measures it is known in advance that allocating n areas to n classes will result in an 

perfect classification which will return a GVF and TAI of one. Due to the penalty 

function, the allocation of n areas to n classes should not result in a maximum AIC 

value. When comparing a number of methods of allocating n areas to k classes, it is 

not possible to quantify 'how  good the best solution is' unless the best and worst 

possible solutions have been found.

The measures of fit outlined above have two purposes: they make it possible to 

compare different classification methods and to compare different numbers of 

classifications. The GVF and TAI are most useful for comparing different methods 

as an increased number of classes will always return an improved measure, 

making them unsuitable for the latter purpose. The AIC can be used for both 

purposes.

The three measures of fit have been calculated for all of the multivariate 

classification methods outlined above. As this analysis was only for comparative 

purposes only three variables are used: median town size, population density and 

access to settlements within 48km. The variables were log transformed for all 

methods other than MCC. In all cases the computations are for 3422 EDs classed 

into six groups. The figures are given in TabI e 2.6 a nd are sorted by GVF in 

descending order. Hierarchical clustering was performed using five different 

distance metrics: ward, average, centroid, complete and single.
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Table 2.6 M easures of fit for each classification method

M ethod GVF TAI AIC
K-means 0.982 0.879 942.0
Hierarchical (ward) 0.980 0.878 1304.3
Hierarchical (average) 0.979 0.865 1579.8
Discrim inant analysis 0.976 0.860 1910.2
Hierarchical (complete) 0.976 0.860 1996.7
Partitioning 0.975 0.858 2109.1
Self O rganising Map 0.974 0.869 2200.7
Hierarchical (centroid) 0.972 0.845 2452.1
Neural netw ork 0.972 0.845 2502.3
MCC 0.967 0.836 3006.4
Logistic regression 0.948 0.803 4610.5
Hierarchical (single) 0.938 0.796 5198.2

The ranking of m ethods are the same for GVF and AIC and slightly different for 

TAI. The k-means method achieves the best fit of the unsupervised techniques, 

whereas the best ranked of the supervised classifications is the discriminant 

analysis. That k-means has the best fit is to be expected given that it attempts to 

minimise the variance within clusters and the measures of fit all incorporate 

variance to some degree. Hierarchical clustering using ward distances provides a 

similar fit to k-means clustering.

It is necessary to decide w hether k-means clustering offers a classification that is 

advantageous over the other methods. This can be achieved by means of a 

sim ulation exercise. If there are k classes, it is possible to random ly select k data 

points and label them as centres. Each data point can then be allocated to the 

nearest centre to produce a classification for which the measures of fit can be 

evaluated. If a suitable num ber of simulations are evaluated, such as 1000, it would 

be possible to determ ine w hether a given classification is better than one produced 

by picking random  class centres. If the given classification does not offer an 

im provem ent over classifications produced by picking random  class centres, then 

the utility of the classification is highly questionable.
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A sim ulation exercise was perform ed using the three variables used to produce the 

unsuperv ised  classifications. Centres for six classes w ere chosen at random  from 

the 3422 data  points  with each ED allocated to its nearest centre. Euclidean 

distances were used  in the calculations. The GVF, TAI and AIC w ere recorded for 

each of 999 simulations. The corresponding m easures for each of the 13 

classification m ethods  w ere  ranked in turn  with the sim ulation results, to give each 

m ethod a ranking  w ith in  a thousand  classifications. The position of the fit on the 

scale of w orst to best fit is also given alongside the ranking  in Table 2.7 below. The 

rankings are the sam e for GVF and  AIC due  to the similarities of the two formulae.

From Table 2.7 it can be seen that k-means clustering provides the best results 

based on all three  m easures of fit. Each m ethod is ranked against 999 random ly 

generated  classifications. From this rank it is possible to calculate the probability 

that a particular m ethod is significantly better than a random  classification. To be 

considered as significant at the 0.05 level a m ethod w ould  have to be ranked in the 

top 50 classifications. Only the k-means and w ard  distance hierarchical clustering 

m ethods are significant for all three m easures of fit and none  of the supervised 

classification m ethods  are significant for any of the measures.
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Table 2.7 Rank and position  of m easures of fit against sim ulations

GVF TAI A [C
M ethod

Rank
% of
best

Rank
% o f
best

Rank
% o f
best

K-m eans 1 100.0 9 99.6 1 100.0
H ierarchical (w ard) 10 99.8 11 99.5 10 97.6
Hierarchical (average) 30 99.6 62 97.7 30 95.4
D iscrim inant analysis 66 99.3 100 96.9 66 92.9
H ierarchical 76 99.2 103 96.9 76 92.2
(com plete)
Partition ing 83 99.1 125 96.5 83 91.4
Self o rganising  m ap 89 99.0 48 98.1 89 90.7
H ierarchical (centroid) 120 98.8 318 94.6 120 88.7
N eural netw ork 125 98.7 317 94.6 125 88.4
MCC 250 98.2 366 93.3 250 84.5
Logistic regression 395 95.7 448 88.5 395 72.2
Hierarchical (single) 430 94.5 451 87.4 430 67.7
Classification tree 448 93.4 451 87.5 448 64.1

The m agn itude  of the GVF values is perhaps m isleading. It has been noted that in 

the case of a single class, the GVF will equal zero. H ow ever, the GVF, TAl and AIC 

are 0.8777, 0.7197 and  6007.8 respectively w hen k-m eans c lustering  is applied to 

allocate EDs to tw o groups. These values are therefore a better indication of w hat is 

a poor fit than the single class case. The GVF, TAI and AIC values for k-m eans 

clustering  to a range of num bers of classes is show n in Table 2.8 below . There is a 

substan tia l im provem en t in fit w hen the num ber of classes is increased from three 

to four, after w hich the benefit of additional classes d im inishes. Based on the AIC 

using the penalty  function described in equation  2.8, the optim al num ber of classes 

is six. U sing GVF and TAI, 3,422 classes w ould  resu lt in a perfect fit (i.e. the GVF 

and TAI w ould  both  be equal to 1). It can be seen tha t GVF values of over 0.99 are 

obtained using  only 10 classes. The values for TAI, how ever, increase at a slow er 

rate reflecting the d ifferent distance m etric used in the form ula.
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Table 2.8 Com parison of m easures of fit for different num bers of classes identified 

using K-means clustering

Classes GVF TAI AIC
2 0.878 0.720 6007.8
3 0.887 0.743 6701.5
4 0.967 0.840 3510.4
5 0.971 0.852 4026.4
6 0.982 0.879 3299.3
7 0.984 0.889 3880.0
8 0.988 0.904 3743.0
9 0.989 0.909 4447.8

10 0.991 0.913 4982.4

15 0.994 0.927 8571.4

20 0.995 0.935 12521.1

25 0.996 0.941 16654.7

30 0.996 0.944 21047.9

Given the m easures of fit observed, the previous analysis suggests a choice 

between k-means clustering (unsupervised classification) and discrim inant analysis 

applied to MCC classification (supervised classification). The principal advantage 

of using the supervised approach is that there is control over the definition of each 

class. While it can be argued that k-means clustering may produce a better fit than 

discrim inant analysis, it is not a substantial im provem ent and it m ight not generate 

meaningful classes. Furtherm ore, cross-temporal com parisons may not be 

appropriate w hen classes have been generated independently using unsupervised 

classification. For the generation of an urban-rural index, it is proposed that 

discrim inant analysis applied to MCC is the m ost suitable methodology.

2.5 Proposed method of urban-rural classification for Ireland

In generating an urban-rural classification for Ireland, a num ber of factors need to 

be considered. To classify areas based on an urban-rural dichotom y would 

disregard the variety in area types that occur outside the main urban centres. It is 

therefore appropriate that m ultiple classes are used. The use of a single indicator
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such  as population  density  for classification purposes  will undoub ted ly  lead to 

poo r  d iscrim ination betw een classes. Multiple indicators allow for some degree of 

validation and hence should  reduce the am oun t of misclassification. A spatial 

com ponen t shou ld  be included in the indicators as the location of an area relative 

to o thers is im portant. Proximity to a major u rban  centre, for example, can have 

major implications for the lifestyles of inhabitants of that area. The classification 

shou ld  be independen t  of deprivation measures if it is to be used to compare 

poverty  levels in different area types.

A hierarchical or collapsible class system is preferable so that related area types can 

be m erged to reduce the num ber of classes w ithou t overly comprom ising 

distinction betw een the m erged classes. For example, it should  be possible to 

combine near and  rem ote rural areas to obtain a single rural class. This may be 

particularly useful w hen  considering subsets of EDs w here  the num bers  in any one 

class may be too small to be of use. It is also preferable that any classification 

m ethod  be applicable to m ultiple geographic scales. This w ould  m ean that it could 

be applied at ED, district, county or even regional level. At h igher geographic 

levels, a sim ple tw o  or three class system might be m ore appropria te  for which the 

notion of collapsible classes is also important.

It should  also be possible to perform valid temporal comparisons. If classifications 

for two time periods are obtained in a different m anner then it will not be possible 

to investigate the change in rural-urban patterns.

2,5.1 The choice of indicators

A range of indicators has been selected that are obtainable and com parable  across a 

range of time periods. The indicators have been chosen on the g rounds  that they 

each provide  a different m ethod of potentially d iscrim inating betw een different 

types of urban and rural area. The following set of indicators is used for 

classification:
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•  P o p u la t i o n  l i v i n g  in each s e t t l e m e n t  b y  E D

The population  living in each settlem ent size by ED is derived from the 1986, 

1991, 1996 and  2002 censuses. It is not a complete listing of settlem ents in the 

country  b u t  it does include all settlements that fulfil a num ber  of criteria 

regarding layout and  size. The definition of a settlem ent w as given in section 2.2 

previously.

•  M e d i a n  s e t t l e m e n t  s i z e

The m ed ian  settlem ent size is calculated using information on the settlem ents in 

an ED as recognised in the census. The m ethod of calculation is best described 

with an exam ple using the Carrigtohill ED in county  Cork. In 2002 the ED had a 

population  of 3,507 of w hom  1,477 lived outside a defined settlem ent and the 

rem ainder  living in one of three settlements. The details are provided in Table 

2.9 in which the figures are sorted by settlem ent size. The population  living 

outside a defined settlem ent is given a nom inal settlem ent size of one. 

Alternatively the average household  size for that ED could be used. This figure 

is merely used to deno te  a single household  settlement. The size of the 

settlem ent that  contains 50% of the cum ulative ED popula tion  is given as the 

m edian settlem ent size. In this exam ple that is Carrigtwohill, giving a median 

settlem ent size of 1,411 to the ED.

Table 2.9 Calculation of m edian  settlem ent size for Carrigtohill ED

Area
ED population  
in settlem ent

Total
settlem ent
population

% ED Pop. in 
settlem ent

C um ulative  % 
ED pop. in 
settlement

Non-settlem ent 1,477 1 42.1 42.1
Carrigtwohill 1,411 1,411 40.2 82.3
Midleton 20 7,957 0.6 82.9
Cork City 599 186,239 17.1 100.0

The above form ulation gives a m ore  accurate sum m ation  of settlem ent size than 

using either a sim ple average or population  w eigh ted  average of the
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settlements. Similarly, using a simple m edian of the settlem ent sizes does not 

take into account the num bers  living in each settlement.

•  P o p u la t io n  d e n s i t y

The population  density is calculated as the total population  divided by the total 

inhabited area. The inhabited area is the total area not including land over 300m 

or w ater  bodies such as lakes. This is notionally the population  density of the 

inhabitable land area.

•  A cc ess  to es sen tia l  services

The access indicator for a given ED is restricted to settlem ents within 48km of 

the ED centroid. The indicator is the sum  of ratios of log transform ed settlement 

population  to distance squared, given in equation 2.1 previously.

•  L a n d  use

Land-use values are divided into a num ber of categories: artificial, agricultural 

crops, agricultural pasture, natural habitat and wetlands. For each category, the 

p roportion  land area is recorded by ED. The values are derived from the 2000 

Corine dataset.^*^ The degree of land use change betw een 1990 and 2000 is 

deem ed to be small enough that the 2000 patterns are representative of the 1990 

patterns with the exception of u rban  fringes, w here  the m an-m ade  environm ent 

has im pinged  on the su rround ing  rural areas.

2.5.2 The method of combination

It is p roposed  to use a combination of supervised classification and rule based 

partitioning to classify areas. It has been show n above that a combination of MCC 

and d iscrim inan t analysis can produce a classification that has similar fit to the 

data as w hen  k-m eans clustering is used. Further sub-division of classes using a 

simple rule-based system will p roduce  a classification that will facilitate intuitive 

class aggregation.
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The application of MCC requires a prior knowledge of the class structure. For this 

purpose, it is necessary to outline, in advance, the classes and which EDs should be 

members of those classes. The following section will describe the classes that EDs 

are to be allocated to. It is intended to have four main classes, each of which can be 

further sub-divided based on additional criteria.

City -  this will describe EDs that are in the five cities or have the same 

characteristics as city EDs on the basis of population density, access and settlem ent 

size. Cities are distinct in that they are commercial and industrial hubs of activity 

and are largely self-sufficient.

Tow n -  this class will apply to larger settlements that do not qualify as cities but 

have substantial populations and have high population densities and relatively 

high access. Towns are a step dow n from cities although they can also be hubs of 

commercial activity. They tend to have good connectivity to other towns and cities 

but lack some of the economic drivers available to larger urban centres.

V illage -  this class corresponds to EDs that are predom inantly settled but do not 

qualify as city or town EDs. These EDs can be further divided into near and 

remote, to distinguish those that are near and far respectively from towns and 

cities.

Rural -  all EDs that are not predom inantly settled will be classed as rural. As this 

grouping of areas is anticipated to have a large degree of diversity, it will be 

divided based on prim ary land use and proximity to towns and cities. Land use 

can be sub-categorised as agricultural crops, agricultural pasture, natural habitat 

and w etlands. Each land use type has implications for earning potential and 

general utility. The division of rural areas into near and rem ote will, as for villages, 

be based on access to towns and cities in the neighbouring area. Thus the rural EDs 

can potentially be sub-divided into eight classes. The eight groups have a num ber
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of potential aggregations such as farmed and non-farm ed or simply near and 

remote, depend ing  on the application.

The m ethod of allocating EDs to a class is initially hierarchical to generate the four 

main groups. Once EDs have been given the main designation, additional 

information is used to give further b reakdow ns within each m ain class.

Step 1. Identify city EDs

All EDs w here  50% or more of the population live w ith in  one of the five cities or 

suburbs  thereof as legally defined by the governm ent are designated as urban.

Step 2. Identify the town EDs

The census identifies 75 towns with legally defined boundaries. Due to expanding 

populations  in m any  towns, the defined boundaries often do  not encom pass the 

entire area occupied by the town. In the collection of census statistics, the 

population  residing within a town but outside the defined boundary  are included 

in the statistics for that town.

The g roup  of EDs for which 50% or m ore of the population  live in a town with 

legally defined boundary  w as subsetted. The m in im um  m edian  town size, 

population  density  and access scores were determ ined for these EDs. From the full 

set of EDs, any ED not a lready identified as a city ED and for which the median 

tow n size, popu lation  density and access scores are all greater than the m inim um a 

identified was designated as a town ED.

Step 3. Identify village EDs

All EDs with 50% or more of the population living in settlem ents and not already 

identified as city or town w ere designated as village EDs. Using k-means 

clustering, the village EDs w ere split into two classes based on the access scores. 

This discriminates betw een near and  remote village EDs.
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Step 4. Designate to rural

All EDs not designated as city, town or village were designated as rural. The rural 

EDs were split into near and remote by applying k-means clustering to the access 

scores.

Step 5. Apply discriminant analysis

Discriminant analysis was applied to predict the 4 classes using median town size, 

population density and access scores. This effectively smoothes the figures by 

moving borderline cases to a class that is closer in multi-dimensional space.

Step 6. Identify remote EDs

The village and rural EDs can be divided into near and remote EDs, based on their 

proximity to settlements. An ED that is distant from a city or town may be 

considered remote. Identification of remote EDs can be achieved using access 

scores, which measure both the proximity to settlements and the size of those 

settlements. A high score can indicate close proximity to many small to medium 

sized settlements or proximity to a single large settlement such as a city. By 

performing k-means clustering on access scores it is possible to divide EDs into 

near and remote groups.

Step 7. Identify land use types

City and town EDs are considered separately from village and rural EDs. As city 

and town areas are assumed to be predominantly built-up, the concern is with the 

type of man-made environment rather than the natural environment.

For city and town areas, three dominant kinds of land use were identified: 

commercial, industrial and residential. Commercial buildings were identified by 

the building use designation in the Irish GeoDirectory database. The city and town 

EDs were split into commercial and non-commercial by applying k-means 

clustering to the proportion commercial buildings looking for two clusters. Of 

those that were predominantly non-commercial, they were then divided into
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industrial and residential, based on the p redom inan t land use pattern  derived from 

the Corine database.

For village and rural areas, four land use types are identified: agricultural crops, 

agricultural pasture, natural habitat and wetlands. For each ED, the proportion of 

land in each category is calculated. If agricultural crops and pasture  cover more 

than 50% of the land, then the ED is designated as crop or pasture  according to 

which is the dom inan t  type of the two. O therw ise the ED is designated as natural 

or wetland, d ep en d in g  on which is dom inant. There are cases w here none of the 

four land use types dominate, in which case the choice betw een agricultural and 

non-agricultural is important. Agricultural land provides inhabitants with a means 

of earning from the land, while areas of natural habitat frequently do  not.

2.5.3 Temporal calculations

Some of the data used for the further breakdow n of classes in the previous section 

were not available prior to the 2002 census. This applies most particularly to the 

Irish GeoDirectory data, used to identify commercial EDs in city and town areas.

The proposed  m ethod for cross-temporal analysis is to concatenate the data across 

four censuses for identifying cut-off points for town EDs. This also applies to the k- 

means clustering to distinguish between near and rem ote village and rural areas.

2.5.4 Application and results

The m ethodology described above has been applied separately to the 2002 data 

and the com bined 1986 to 2002 data. The reasons for the distinction are that the 

com m on set of EDs for 1986 to 2002 m erges some EDs that are quite distinct and 

that additional information is available for 2002 which further enhances the 

classification.

2.5.4.1 Urban and rural areas 2002

The first step w as to classify EDs as city based on the population  residing in the 

five cities. A total of 488 EDs have all or some population  residing in a city. In 474
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EDs the sim ple majority of the population lived in a city and these EDs were 

classified as city.

The next step was to identify town EDs based on the census definition of towns 

with legally defined boundaries. Of the 248 EDs with a portion of the population 

living in one or more of the 75 defined towns, 168 had a predom inantly town 

dwelling population. The m inim um  values for m edian town size, population 

density and access score (all log-transformed) were 6.921, 5.128 and 0.188 

respectively. All EDs where all three attribute values w ere above the minima 

defined and were not previously classed as city w ere classed as town. This gave 

297 town EDs.

All EDs with more than 50% of the population living in settlem ents and not 

previously classed as city or town were classed as village. This gave 160 village 

EDs. The rem aining 2,491 unclassified EDs were labelled rural. For all of the rural 

EDs less than 50% of the population resides in a defined settlement.

Application of discrim inant analysis using the four categories given above and 

with the log-transform ed m edian town size, population density and access scores 

as covariates resulted in the reclassification of 79 EDs. Seven EDs classified as 

urban, all in W aterford city, were reclassified as town. One village EDs was 

reclassified as tow n and 71 town EDs w ere reclassified as village.

The reclassification of seven W aterford EDs from city to town appears problematic, 

as the governm ent has legally defined it as a city equal in status to Dublin, Cork, 

Limerick and Galway. It is, however, closer in size to the towns of Drogheda, 

D undalk and Bray than to the next smallest city, Galway. A lthough it has city 

status, it is more similar to a town than any of the other cities in terms of 

population and services. As such, it is not unreasonable to reclassify W aterford city 

EDs as town EDs. The more difficult problem is that not all of W aterford has been 

reclassified, only those EDs with lower population densities and access scores have
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been reclassified. D ue to its smaller population, its access scores will be more like 

those of D undalk  and Drogheda and less like those of the o ther cities. For the 

fringe EDs, the combined impact of lower population density  and lower access is to 

g ive them the attributes of a town ED rather than a city ED. Given the size of the 

city it is not unreasonable  to say that it bears similarities to both a town and a city, 

and that different parts  of the same settlement may be classed differently.

Unlike county  councils, city boundaries are not defined by ED boundaries. 

Therefore the legally defined boundary  of a city m igh t include only part of an ED. 

It is possible for an ED to be part  of a city council area but no t have  the attributes of 

a city ED. This can arise if the city only impinges on a small part  of the ED with the 

majority of the population living outside of the town.

The next question is: does the reclassification using discrim inant analysis provide a 

significantly im proved  fit to the data over the MCC classification? A comparison of 

the GVF, TAI and AIC m easures for the MCC, discrim inant analysis and a simple 

four class k-means are com pared in Table 2.10 below. The tabic also includes the 

rank within 999 simulations of random  clustering using  m ethodology described in 

section 2.4.3 above.

Table 2.10 Com parison  of m easures of fit for three clustering m ethods

Clustering m ethod GVF TAI AIC
Rank
GVF

Rank TAI

MCC
Discriminant

0.9637 0.8291 1597.3 77 117

analysis
0.9663 0.8356 1345.9 21 60

K-means 0.9665 0.8396 1319.5 16 28

The difference in the GVF and  TAI m easures are small. The AIC m easure, however, 

reveals a m ore significant difference with the discrim inant analysis being much 

closer to the k-m eans than the MCC result. Both the k-means and discriminant 

classifications are significant at the 0.05 level for GVF, bu t only the k-means is
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significant for TAI. Given the im provem ent in fit offered by the discriminant 

analysis, it is chosen over the MCC classification.

The next step is to analyse the village and rural EDs to establish cut-offs to 

distinguish between near and remote EDs. The log-transform ed access scores were 

split into two groups using k-means clustering. Village EDs will generally have 

better access values than rural EDs because they contain at least one settlement, 

giving them a good access to at least one settlem ent and the services and 

opportunities available in that settlement.

Table 2.11 Counts and m inim um  access scores for near and remote village and 

rural EDs

Near Remote
Class

Count
M inimum 

access score
Count

M inimum 
access score

Village 159 1.192 71 -1.029
Rural 1,301 -0.279 1,190 -3.939

The land use types for village and rural EDs are crops, pasture, natural habitat and 

wetlands. The land uses are initially grouped into crops & pasture and natural & 

wetland to decide w hat the dom inant land use is, then the sub-classification is 

decided based on which aspect of the dom inant land use is more abundant. A land 

use type is m easured as the proportion of land used for that purpose in an ED. The 

land use types for city and town EDs are commercial, industrial and residential. 

Commercial status is determ ined using GeoDirectory data whilst all other land use 

types are evaluated using the Corine dataset. Industrial and residential land are 

m easured as proportions of total ED land area while commercial is measured as 

the proportion of buildings categorised as commercial or commercial-residential 

mix. The proportions were then split into commercial and non-commercial using k- 

means clustering.
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The schem e for designating land use is given in the flow chart in Figure 2,8 below. 

Each ED is given one of seven land use categories, hi Table 2.12 the num ber  of EDs 

in each category is given.

Figure 2.8 Scheme for classifying EDs by land use

city or town?

yes no

crop & pasture  > natural & wetland?industrial > residential?

yes noyes
no

wetlandindustrial cropr

yescommercial?
no no

wetlandcropyes no
y r

natural habitatresidential pasturecommercia

Table 2.12 C ount of EDs in each land use category

Land use C ount of EDs
Commercial 29
Crop 421
Industrial 42
Natural 207
Pasture 1,752
Residential 630
W etland 341

By com bining the information on the four main groups, rem oteness and land use 

categories, it is possible to categorise all EDs into one  of 22 groups. The count of 

EDs in each group is given in Table 2.13 below. M oving from left to right across the 

table, any individual category can be further broken dow n  into sub-categories 

which are labelled levels. It is not required for all classes to be broken dow n  to the
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same level of detail. For example, an index could be constructed with city and town 

EDs at level 1, village EDs at level 2 and rural EDs at level 3. There is no specific 

equivalence w ithin any one level. As no city or town ED can be labelled remote, 

there is one level less for these EDs. As many of the level 4 groups are very small, 

they may prove to be of little practical use in m ost applications. This applies 

particularly to tow n and village EDs. There is a potential for a level 0 to provide a 

binary classification. For this classification city and town w ould be combined to 

form the urban class leaving the village and rural classes to combine into a single 

rural class. However, the distinction between different settlem ent types would be 

lost and this is not desirable. For this reason, the four level scale is given as the 

highest level of class aggregation.

Table 2.13 Class and sub-category structure (ED counts in brackets)

Level 1 Level 2 Level 3 Level 4

City (467)
Residential (418) Residential (418)

O th e r(49)
Commercial (24)
Industrial (25)

Town (234)
Residential (212) Residential (212)

O ther (22)
Commercial (5)
Industrial (17)

Village (230)

N ear (159)
Crop & pasture (148)

Crop (26)
Pasture (122)

Natural & wetland (11)
N atural (5)
W etland (6)

Remote (71)
Crop & pasture (49)

Crop (8)
Pasture (41)

N atural & wetland (22)
N atural (6)
W etland (16)

Rural (2,491)

N ear (1,301)
Crop & pasture (1,178)

Crop (273)
Pasture (905)

N atural & w etland (123)
N atural (55)
W etland (68)

Remote (1,190)
Crop & pasture (798)

Crop (114)
Pasture (684)

N atural & w etland (392)
N atural (141)
W etland (251)
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The percentage population in each class is given in Table 2.14 below. O utside the 

residential city and town EDs, the largest class in term s of population is the near 

rural crop and pasture EDs.

Table 2.14 Class and sub-category structure (percentage of total population in 

brackets)

Level 1 Level 2 Level 3

City (35.6)
Residential (31.9)

O ther (3.7)

Town (25.5)
Residential (23.3)

O ther (2.2)

Village (7.7)

Near (5.8)
Crop & pasture (5.4)

N atural & wetland (0.4)

Remote (1.9)
Crop & pasture (1.4)

N atural & wetland (0.5)

Rural (31.2)

N ear (19.9)
Crop & pasture (18.0)

N atural & wetland (1.9)

Remote (11.3)
Crop & pasture (8.2)

N atural & wetland (3.1)

As an example. Figure 2.9 below shows an 8 level classification generated using the 

above categories as a basis. Village EDs are broken dow n to the second level and 

rural EDs are further broken dow n to the third level. Just less than 36% of the 

population live in city EDs with a further 25.5% living in town EDs. A further 

18.0% of the population live in near crop & pasture areas. This m eans that 79.0% of 

the population lives in a tow n or city area or the agricultural areas close to those 

towns and cities. Only 5.1% of the population live in predom inantly natural & 

wetland areas although considering that this is m arginal land with little farming
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prospect, that is not surprising. Of the 7.7% of the population living in village EDs, 

only a quarter are in ren\ote village EDs. The remote villages tend to be larger but 

more isolated than near villages.

Figure 2.9 Map of 8 category classification

Classification

City 
Town 

I I Near village
I  I Remote village

Near crop & pasture 
I  I  Near natural & wetland 

Remote crop & pasture 
Remote natural & wetland

This leaves the question of how to derive a class for any grouping of EDs. For 

example, how might the ED level classification be aggregated to produce a county 

level classification? There are two possible approaches which are best described 

using the example of county Carlow. Table 2.15 gives the proportion of population
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in each class and subclass for county Carlow. It is also required  to decide on the 

level of classification to be used. For this example county  Carlow  will be classified 

to level two (i.e. one of six classes).

Table 2.15 Percentage population in each class and sub-class for county  Carlow

Level 0 Level 1 Level 2 Level 3 Level 4

Urban
(49%)

City (0%) City (0%) City (0%) City (0%.)

Tow n (49%) Tow n (49%) Residential (49%)
Residential
(49%)

I<^ural (51%)

Village (5%)
Near (4%) Crop & pastu re  (4%) Pasture (4%)
Remote (1%) Crop & pas tu re  (1%) Crop (1%)

Rural (45%)

Near (41%) Crop & pastu re  (41%)
Crop (27%)
Pasture (14%)

Remote (4%)
Crop & pas tu re  (3%) Pasture (3%)
Natural & wetland 
(1%)

W etland (1%)

The first approach  w ould  be to focus on the colum n for the desired level and 

identify the class with the greatest percentage population. For level two in this case 

that w ould  be town. At level 2, the most representative class is town.

The alternative m ethod, which is hierarchical, would  be to start at the lowest level 

(i.e. level zero), and identify the predom inan t class -  in this case rural. M oving up  a 

class, one w ou ld  only consider the subgroups of the p redom inan t  class in the 

previous level. Thus at level one, the classes at levels one and tw o w ould  be rural 

and near rural. The advantage  of this m ethod is that it is consistent -  the class at 

any given level will not contradict the class found at a different level.

The p rim e distinction betw een the two m ethods is that  the first bases the class on a 

snapsho t taken at the desired level of classification, while  the second method 

arrives at the class by navigating through the levels of classification. W hether you 

classify at level 1, 2 or 3, the first m ethod will class Carlow as tow n (or residential 

town at level 3). Using the second method it will be classed as rural, near rural, 

near rural crop & pasture  or near rural crop, d epend ing  on the level of
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classification chosen. Only 27% of the population live in near rural crop EDs while 

49% live in residential tow n EDs. Classifying 49% of the population based on 

location of 27% of the population m ight be too misleading. While the majority of 

the population live in rural areas, at level 1 or above the predom inant class is town.

Given the im plications of the two methods of combining classes for aggregations of 

EDs, it is recom m ended to first decide on the desired class structure and then 

classify by calculating the simple probability of the aggregation and choosing the 

class with the highest probability. For this, the probability for a class would be 

calculated as the proportion of the population in that class.

Due to the small num bers of EDs in some classes, it is entirely possible that some of 

those classes may contain no EDs after aggregation. This is particularly the case for 

the village class, w here village EDs tend to have much smaller populations that city 

or town EDs. This m eans that in any aggregation, the village class has less 

influence. As an example, the 34 adm inistrative counties have been classified using 

six groupings: city, town, near village, remote village, near rural and remote rural. 

The num bers of counties in each class are given in Table 2.16 below. The most 

common class is town, w ith no counties classed as near or remote village.

Table 2.16 The num ber of adm inistrative counties in each of 6 classes

Class N um ber of 
counties

City 8
Town 12
N ear village 0
Remote village 0
N ear rural 9
Remote rural 5

It is interesting to note that county Donegal classifies as near rural. It is generally 

considered to be a sparsely populated rural county. While it is both sparsely 

populated and rural, only 20% of the population actually live in remote rural EDs.
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Some of these EDs are very isolated with land that is unsuitable for agriculture. 

When summarised to county level, the presence of isolated populations is lost, 

suggesting that a four class system is probably more appropriate at this level of ED 

aggregation.

2.S.4.2 Urban and rural areas 1986 -  2002

A similar methodology was applied to generate urban-rural classifications for the 

1986, 1991, 1996 and 2002 censuses using the 3,382 ED boundaries for which data is 

equivalent for all four censuses. The data were concatenated into a single file 

containing 13,528 EDs.

As before, the first step was to identify city EDs on the basis of the majority of 

population living in one of the five cities. The following step was to identify the 

EDs with the majority of the population in a town from the list of 75 towns with 

legally defined boundaries. The minimum log-transformed values of 6.921, 3.442 

and 0.1334 were recorded for these EDs for median town size, population density 

and access score respectively. Any ED which was not already classed as city and 

where all three values were above the recorded minima were classed as town. 

From the remaining unclassified EDs, those with 50% or more population in a 

settlement were classed as village and the rest as rural.

Discriminant analysis was applied to reclassify EDs that were closer to a 

neighbouring class than the class they had been allocated to. The number of EDs 

reclassified in 1986, 1991, 1996 and 2002 were 74, 69, 65 and 68 respectively. The 

changes are predominantly to town EDs being reclassified as village. As can be 

seen in Table 2.17 the application of discriminant analysis improves the fit of the 

classification so that it is significantly better than a random classification.
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Table 2.17 Com parison of m easures of fit for three clustering m ethods

Clustering method GVF TAI AIC
Rank
GVF

Rank TAI

MCC 0.954 0.810 2552.2 105 118
Discrim inant 0.958 0.818 2219.0 35 73
analysis
K-means 0.959 0.824 2125.7 9 13

The near and rem ote EDs then had to be distinguished for the village and rural 

classes. The two classes w ere each split into two groups using k-means clustering 

applied to log-transform ed access scores. Table 2.18 shows the m inim um  values 

and counts of EDs for near and remote groupings. The counts include all four 

years, hence the large numbers.

Table 2.18 Counts and m inim um  access scores for near and remote village and 

rural EDs

Near Remote
Class

Count
M inimum 

access score
Count

M inimum 
access score

Village 568 1.178 302 -1.148
Rural 4,960 -0.316 5,049 -3.977

Land use patterns are applied as before. However, due to the assum ption that land 

use has rem ained largely unchanged from 1986 to 2002, the only changes in land 

use occur in EDs that change from rural or village to town or city. As such, levels 

three and four of the classification may not be as useful.

A six level classification is shown in Table 2.19 with the num ber of EDs in each 

class given by year. There have been increases in both city and town EDs while the 

num ber of village EDs has remained quite stable. Due prim arily to the increased 

num ber and size of towns, access has improved and this is reflected in the reduced 

num ber of village and rural EDs classed as remote in 2002 com pared to previous 

time periods.
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Table 2.19 C ount by year of EDs in each of 6 classes

Class
C ount of EDs

1986 1991 1996 2002
City 463 466 468 469
Tow n 193 191 195 206
N ear village 141 138 140 147
Remote village 78 77 76 71
N ear rural 1,193 1,194 1,214 1,359
Remote rural 1,314 1,316 1,289 1,130

The changes in population  w ithin EDs are also of interest. Table 2.20 shows the 

population  in each class as a percentage of the total population  in that time period. 

The m ost rem arkable  change is that of town populations, which have increased 

from 22.7% to 26.0% of the total population with a corresponding  decrease in the 

percentage of rural inhabitants. The population as a w hole  has increased by 10.6% 

betw een 1986 and 2002 and this has been driven by the increases in town 

populations.

The relatively small changes in the city population m ay be indicative of reduced 

affordability of houses in cities and increased housing  deve lopm ent in com m uter 

towns d raw ing  young  families out of the cities. It is also possible that the cities 

have reached saturation for the traditional low density /low  rise pattern of 

deve lopm ent and a m ove to high density/high rise deve lopm ent is required to 

increase city populations.
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Table 2.20 Population in each class as a percentage of the total population 

(population figures in brackets)

Class 1986 1991 1996 2002
City 35.9

(1,271,091)
36.2

(1,276,310)
36.4

(1,319,896)
35.7

(1,398,441)
Town 22.7

(803,726)
22.9

(807,390)
24.1

(873,887)
26.0

(1,018,473)
N ear village 5.3

(187,654)
5.2

(183,337)
5.0

(181,304)
5.2

(203,695)
Remote village 2.3

(81,435)
2.3

(81,092)
2.1

(76,148)
1.9

(74,427)
N ear rural 19.4

(686,885)
19.4

(683,989)
19.1

(692,583)
20.4

(799,109)
Remote rural 14.4

(509,853)
14.0

(493,601)
13.3

(482,270)
10.7

(419,141)

There are m any potential implications for these shifts in population, not least for 

the provision of services. As towns potentially vie for a bigger slice of resources, 

more isolated rural areas may be left behind. While the actual population of rural 

and village EDs has increased at a rate well below that experienced by the rest of 

the country, it still represents a significant portion of the population.

A final point is to com pare the urban-rural classifications generated for the 2002 

data. One is based on a full set of 3,422 EDs while the other is based on the 3,382 

ED set containing merges for the cross-temporal classification. The num ber of EDs 

and proportion population in each class for each method is given in Table 2.21 

below. It is expected that there will be differences in the distinction between near 

and remote EDs, as the cross-temporal analysis applied k-means clustering across 

four datasets simultaneously. The other apparent difference is in the town 

population. The explanation for this is that the cross-temporal dataset required the 

aggregation of a num ber of town EDs and their neighbouring village or rural EDs 

to m aintain consistent census data. A town ED merged with a village or rural ED 

will typically combine to form a town ED, as the town will contribute a higher 

population to the merged ED. This results in a slight over-count of town 

populations and an under-count of rural populations. Overall the classifications are
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very sim ilar w hich  suggests that the cross-tem poral classification is certainly 

acceptable.

Table 2.21 C om parison  of 2002 urban-rural classification based on 3,382 and 3,422 

EDs

Class
C ount % Population

3382 EDs 3422 EDs 3382 EDs 3422 EDs
City 469 467 35.7 35.6
T ow n 206 234 26.0 25.5
N ear village 147 159 5.3 5.8
Rem ote village 71 71 1.9 1.9
N ear rural 1,359 1,301 20.4 19.9
R em ote rural 1,130 1,190 10.7 11.3

2.S.4.3 Comparison to CSO urban-rural classification

To com pare  the classification developed here to that of the CSO is difficult as the 

CSO do n o t p rov ide  an ED level classification. In the CSO m ethod, populations 

living in tow ns of 1,500 or m ore persons arc classified as u rban  w ith the rem aining 

popu lation  designated  as rural. For com parative purposes, a CSO classification has 

been p roduced  by classifying EDs as u rban  if 50% or m ore of the popu lation  lives 

in a tow n of 1,500 or m ore persons. In Table 2.22 below  the CSO classification is 

com pared  w ith  a level 1 classification as developed earlier in this chapter.

Table 2.22 C om parison  w ith  CSO urban-rura l classification

A rea type
Estim ated CSO class

Total
U rban Rural

City 467 0 467
T ow n 229 5 234
Village 23 207 230
Rural 0 2,491 2,491
Total 719 2,703 3,422

As the CSO consider tow ns as u rban  the CSO defin ition  of u rban  should 

encom pass both  city and tow n EDs. This is apparen t in the prev ious table. Overall, 

there is good agreem ent betw een the tw o classification m ethods. It can be seen.
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however, that 23 EDs are defined as urban that actually bear more resemblance to 

village EDs. This is due to the simple cut-off used by the CSO based on town size 

alone. Similarly five town EDs are classified as rural using the CSO method. These 

differences highlight the fact that the CSO method ignores other variables, such as 

population density, that give additional information about the population 

distribution within an ED.

Due to the application of a simple dichotomy by the CSO, there is no distinction 

between village and rural. In reality, there may be marked differences in EDs 

depending on whether the majority of the population live in settlements or are 

dispersed. These differences can affect social interaction and the availability of 

basic services, which are more likely to be based in a village than in a sparsely 

populated area.

2.6 Summary

In the course of this chapter a number of existing methods of urban-rural 

classification were applied to Irish data for the first time. While these methods may 

have merits in certain contexts, they do not adequately differentiate between the 

distinct area types that exist in the urban-rural continuum. A new methodology 

was been described and applied to Irish data to produce an urban-rural index for 

Ireland. A variety of data sets were employed to produce an index that is sensitive 

to population density, land use and access to population centres. The index has a 

hierarchical construction which may be presented at a chosen level of detail 

depending on the context or application.

There were no small area health data available to analyse possible differentials in 

health outcomes between urban and rural areas.
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3 Indicator selection and transformation

D ep r iv a t io n  is gen era lly  d e f in ed  after T o w n se n d  w h e r e b y  an in d iv id u a l is 

d e p r iv e d  if they lack the resources  "w hich  are cu stom ary ,  or at least w id e ly  

en co u ra g ed  and  a p p ro v ed , in the soc ie ty  in w h ic h  they  b e lo n g " .2 *̂* A s  early as 1972 

the n o tion  o f  a c o m p o s ite  in d ex  w a s  illustrated by  Craig and D r i v e r . T h e y  

co m b in e d  f iv e  c e n su s -d e r iv e d  indicators u s in g  a s im p le  u n w e ig h te d  arithmetic  

m ean. S ince  then a n u m b er  o f  ind ices  h a v e  been d e v e lo p e d ,  prim arily  in the UK, to 

d is t in g u ish  b e tw e e n  affluent and d ep r ived  areas. T he  general m e th o d o lo g y  

rev o lv es  a rou n d  the identif ication  o f  su itable  p rox ies  for d ep r iv a t io n  and then  

co m b in in g  th o se  p rox ies  into a s in g le  index  or score. M ore  recently  there has been  

a m o v e  to so -ca lled  d o m a in s  of  deprivation .

T here is a further usefu l d istinction  b e tw e e n  ind ices  in that s o m e  are ind iv idual-  

based  and others area-based. The latter are far m ore  c o m m o n  and relate to 

ca lcu la t ions  b e in g  co n d u cted  at an area level, w h ic h  is an aggregation  of  

in d iv id u a ls .  Data for areas tend to be routine ly  co llected  in the cen su s  and  

availab le  for research w h erea s  in d iv id u a l level data m u st  be co llected  by su rvey  

and rarely has  national coverage .  T he  prim ary d isa d v a n ta g e  of area level ind ices  is 

that they  m a y  o v e r lo o k  sm all p ock ets  o f  dep r iva tion  in an o th e r w ise  n o n -d ep r iv ed  

area. This d e g r e e  o f  a v era g in g  is related to the h e tero g en e ity  o f  an area and can be 

diff icu lt  to q u an tify  u s in g  c e n su s  variables. A s  area-based  in d ices  are m ore  typical 

and g iv e n  the d iff icu lty  in co llec t in g  appropriate  data  for in d iv id u a l  level indices,  

o n ly  area level in d ice s  w il l  be d iscu ssed  in this chapter.

This chapter  w il l  in itia lly  d isc u ss  indicator se lection  before  an in -d ep th  com p ar ison  

of three m e th o d s  o f  shrinkage. This co m p a r iso n  is a c co m p lish ed  by ap p ly in g  

shr inkage  to Irish data to assess  the properties  o f  th ese  m e th o d s  o f  shrinkage. H o w  

these properties  can im p act  o n  the su b seq u en t  d ep r iv a t io n  in d ex  w il l  be d iscu ssed .  

R e c o m m e n d a t io n s  w ill  then b e  m a d e  on  the best  m e th o d  for shrinkage. Other  

m e th o d s  of  data transform ation  w il l  also  be d iscu ssed  briefly.
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3.1 Index development

The majority of indices combine a num ber of census-based proxies for deprivation 

into a single score. Combination is generally achieved either by a sim ple arithmetic 

sum m ation with weights derived either by Principal Com ponents Analysis (PCA) 

or Factor Analysis (FA). In some cases, more than one com ponent or factor is 

extracted, either because the first com ponent does not account for sufficient 

variance or because the authors hypothesize that there should be m ore than one 

component.

3.1.1 Indicator selection

Indicators are typically census-based variables expressed as a proportion or rate. 

There has been a move tow ards incorporating non-census data into the UK indices 

which is partly driven by the fact that their census is only every ten years, as 

opposed to once every five years in Ireland. As the next census approaches, the 

data from the previous census becomes increasingly out of date. The utility of an 

index with 10 year old data is highly questionable, particularly during a period of 

marked dem ographic or economic change. Non-census data can include live 

register unem ploym ent figures and other governm ent issued welfare benefits. 

These data sources have the advantage of being current and electronically stored. 

The difficulty w ith these sorts of measures is that they often rely on denom inator 

data that is either census-based or estimated in some way using other information 

on population changes. A further problem is that not all data are available at the 

same level of disaggregation, m eaning that some indicators have to be estimated 

for lower levels of aggregation. Table 3.1 lists the indicators used in eleven 

different deprivation indices. The indicators are not always expressed in the same 

m anner (e.g. the proportion unem ployed m ight be expressed as proportion 

em ployed) and the definition of the denom inator may not be identical but they 

tend to be approxim ately equivalent. It should be noted that the Canadian index 

utilised two income indicators.
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Table 3.1 Indicators used in a range of deprivation indices
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En

gl
an

d 
(T

ow
ns

en
d)

’^
sD
00

03

03
Oc
QJ

U Ir
el

an
d 

(H
aa

se
)’

*'*

Ir
el

an
d 

(H
ow

el
l)

’*’

ro
00

(N
00

D

X

<

c
OJ

1— 1 Ne
w 

Z
ea

la
nd

’*̂

00
00

03C
03

u

u
QJ

X i
OJ
3

a Sc
ot

la
nd

 
(C

ar
st

ai
rs

)’̂
*

00

s
*c5
a ,

CD

o
oc

S To
Q

D

sD

" c "
03s
u
03

U nem ploym ent • • • • • • • • • • •

O vercrow ding • • • • • • • • •

Low social class • • • • • •

Single parents • • • • • •

Education • • • • •

Car ow nersh ip • • • • • •

O w ner occupied • • • • •

Income s upport • •

Lone pensioners • •

N ew  com m onw ealth • •

Age dependency •

Children <5 •

High social class •

Illiteracy •

Income •

Lack amenities •

Council housing • •

Medical card •

No bathroom •

O ne year m igrants •

Persons living alone •

Separated, divorced
0

or w idow ed
Small farming •

Telephone •

The only indicator that is used universally is unem ploym ent. It is well established 

as both an indicator of deprivation  and also poor health and risk of mortality.^*’ 

Some indicators, such as the 'new  com m onw ealth ' variable, are very country 

specific and m ay not have an equivalent in other jurisdictions. Replicating an index 

that contains such a variable is not possible with the data available in another 

country. With the exception of income in the Quebec index which is given as an 

average income and overcrowding, all of the indicators listed in Table 3.1 are
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expressed as proportions. Indicators generally highlight the deprived portion of 

the population and so are positively correlated with deprivation. This is, however, 

not a prerequisite and indicators can highlight an affluent portion of the 

population.

The selection of indicators is driven prim arily by availability. In Ireland and the UK 

there is no income data collected at small area level that could be incorporated into 

an index. Clearly income is a proxy measure of deprivation although cost of living 

varies regionally and w ould have to be taken into account. In the absence of an 

income measure, alternative proxies have to be used. Indicators tend to fall into 

one of three categories: those that highlight people deprived of certain material 

goods (e.g. car, house, telephone); those that are in receipt of welfare benefits (e.g. 

unem ployed, lone parents); and those that highlight people otherw ise unaccounted 

for who are at higher risk of experiencing poverty or health problems (e.g. 

migrants, lone pensioners).

Indicators are just that: indicators, and as such, they are not ideal measures of 

deprivation. The choice of indicators should be driven by the intended end-use of 

the index. M any of the first indices were developed in the UK to identify areas with 

an increased need for health care resources (e.g. Jarman^’̂ ). The indices were 

prim arily used for resource allocation in the health services and could be validated 

by com parison w ith health measures. Some subsequent indices have been 

developed to identify im poverished areas for structural funding, investm ent and 

other forms of local governm ent intervention. The latter purpose is less well 

defined and m ore difficult to validate.

3.2 Shrinkage

Variables used for estim ating deprivation scores are collected at a small area level, 

mostly through the census of population or similar survey type data. When the 

denom inator is very small, the indicator can be more susceptible to seemingly large 

shifts by chance. To im prove the reliability, an indicator can be adjusted towards a
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central value in proportion to its s tandard  error. The mean can be calculated locally 

or nationally. In areas w here  the standard  error is very low, which suggests that 

the indicator is know n with a h igher precision, the am o u n t  of shrinkage should be 

negligible. The g raph  in Figure 3.1 shows how  the data  shrink tow ards  the mean, 

the am o u n t  of shrinkage for any area being proportional to its s tandard  error.

Figure 3.1 Raw versus sh runk  proportion unem ployed  (shrunk to national mean)
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3.2.1 Methods of shrinkage

Three techniques have  been identified: a m ethod used in the Noble index of 

deprivation,^^® a m ethod proposed  by Longford^”  and an Empirical Bayes 

method.27-'' These m ethods are outlined below and applied  to variables expressed as 

proportions. In all cases, the subscript i refers to the small area. The symbols n, m  

and X, are the num erator, denom inator and sh runken  estimate for area i

national mean

93



respectively. The n u m b er  of observations or small areas being considered is 

denoted  by k.

3.2.1.1 Shrinkage proposed by Noble

Shrinkage of indicators w as in troduced into the 1999 UK Index of Local 

Deprivation by N oble et al.

A simple logit transform ation takes the following form:

For m any datasets  this is no t practical due  to small areas with 0 cases. In those 

instances,/(x) is not computable, hence the use of the empirical logit. By add ing  0.5 

to the nu m era to r  and the denom ina tor  the transform ation is a lw ays computable. 

Both the logit and  empirical logit can be back transform ed using the inverse logit 

transformation:

The logit transform  is used in the Noble approach  to shrinkage show n  below which 

has implications that will be discussed later in this chapter.

Where; x* = x, w, + (l -  w, )x

(3.1)

W here  x is a proportion

X = In
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VI'

,̂2 { n , + \ j n , + 2 )

+ 0 k + 0

t 2

Given tiiat deprivation  indicators are generally expressed as proportions, the sum 

of squared  differences that appear  in F tends to be a small value. Coupled with a 

large k, F will typically be a small value.

For large values of the denom inator  m, the value of is small which in turn, due  to 

inversion, m akes it dom inan t in the calculation of W i .  The value of F is fixed for all 

observations so tends to be less influential on the weights. As a consequence, for 

large values of m, Wi is large and tends tow ards 1 w hereas  for small n, the value of 

Wi is low. It should  be noted that is dependen t  on the value of n.

3.2 .1.2 S h rin k a g e  p ro p o sed  b y  L ongford

A univariate  shrinkage m ethod described by Longford^^’ is outlined below. This 

m ethod does not use logit transformation.

(T~X, + v , x
(3.4)

ex' + V ,

Where: cr^
N - M ~ k  + \
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A' = Z",

N

-
X =  ---------

N

x(\ -  x)
V , ^

The formula can be rewritten in the following manner:

f, = x ,v v ,+ ( l - w ,) x  (3.5)

<7 ^
Where: vi; = —-------

(T  +  V,

For large m the value of Vi is small with Wi tending towards 1. Therefore, for large th 

the shrinkage is small.

3.2.1.3 Empirical Bayes shrinkage

In Bayesian statistics prior knowledge about parameters as well as observed data 

are taken into account when estimating the values of the parameters. For empirical 

Bayes techniques, the prior distribution can be based on global aspects of the data 

being used. In this instance, the global aspect of the data would be the observed 

national mean. The amount of shrinkage is dictated by precision in the observed 

rate.

The empirical Bayes formula as described by Bailey & GatrelF^-'  ̂ is an approximate 

one-step estimation method rather than the more complete iterative maximum 

likelihood estimation. The method is as follows:
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/ \

X, =  X 4-

_ R 
Where: x = —

N

{x, - x ) V
Xy/ +

V J

(3 .6)

X .  =

V/ =
N  n

y',

_  N  
n = —

In the above formulae, y/ is the estimated variance based on a weighted sample 

variance of observed rates about the mean, x .

Again, this formula can be rewritten in the following form:

X, = x , w , + { \ - M ’,)x (3 .7)

w, =

Where: ij/ + ^

As before, for large m the weight W: tends towards 1 resulting in negligible 

shrinkage.
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3.2.2 Comparisons of shrinkage techniques

To u nde rs tand  the various merits of these three m ethods of sh rinkage and which 

m ight be the m ost appropria te  for the present purpose, this section looks at some 

of their p roperties  and relative s trengths and weaknesses.

3.2.2.1 Shrinkage of simulated data

To com pare  the behav iour of the three shrinkage m ethods, a s im ulation exercise 

was perform ed. To ensure  that random  variables w ere  used that had similar 

d istributions to real variables, an existing dataset was used  and  then modified 

using a n u m b er  of random  processes. Proportions for each sim ulated  variable were

produced  and shrinkage perform ed on the variable. The m ean and standard

deviation for each random  variable w as recorded along w ith  the am oun t  of 

shrinkage p roduced  by the three shrinkage m ethods. Each sim ulation involved the 

following steps:

1. Use the d istribution of an existing variable, such as unem ploym en t, as a 

starting  point

2. Rank the EDs by population

3. R andom ly  decide w hether  or not to invert the data (i.e. Xi" = 1 -  Xi)

4. R andom ly  select 1,000 EDs and for each assign a random  value in the range

of variable values for the 20 EDs closest in population  size

5. Shift the m ean by add ing  a random ly  generated  constan t to all Xi. The 

constan t m ust  be selected so that all x, rem ain  in the range 0 to 1.

6. C hange the s tandard  deviation by apply ing  the following form ulae w here a  

and [3 are random ly  generated  constants betw een 0 and  1:

X, <  X =>  X* =  X -  a { x  -  X ,)

X, > X => x ’ = X + /?(x, -  x)

7. Record the m ean and  s tandard  deviation of ED proportions

8. Calculate the shrinkage transform ation of the proportions  using the three

m ethods
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9. Calculate the am oun t  of shrinkage using the formula:

If no  shrinkage occurs, s = 0. If all areas are fully sh runk  to the national 

proportion, then s = 1.

10. Steps 3 to 7 are repeated 10,000 times.

Figure 3.2 show s the am oun t of shrinkage that occurs across a range of m eans and 

standard  deviations for the sim ulated data, using the three shrinkage methods. The 

three m ethods are correlated with the standard  deviation although the Empirical 

Bayes m ethod is correlated with the m ean at h igher values. The values of all 

variables m ust  be betw een 0 and 1, so the mean and s tandard  deviation are related 

as each variable is a function of the binomial distribution. At extreme means, the 

s tandard  deviation m ust necessarily be small, even w hen  the data  are substantially 

skewed. The largest s tandard  deviation possible with uniform ly distributed data 

ranging from 0 to 1 is approxim ately 0.332 but as these data  are more normally 

distributed d u e  to the large num ber  of observations, the s tandard  deviations will 

tend to be lower.

A shrinkage value of 0 indicates no shrinkage and 1 indicates complete shrinkage 

to the mean. The plots on the left-hand side show  the relationship between dataset 

m ean and the am o u n t  of shrinkage. The Noble and Longford m ethods show 

approxim ate  sym m etry  abou t a m ean of 0.5 while for the Empirical Bayes method 

there is increased shrinkage w hen the mean is high.

For all three m ethods, the g raphs  on the right-hand side indicate that for datasets 

with high s tandard  deviations the am ount of shrinkage is small. For low standard 

deviations, the degree of shrinkage is high. The Empirical Bayes m ethod exhibits 

high shrinkage at h igher s tandard  deviations than the o ther two methods.
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Figure 3.2 Shrinkage o f 10,000 simulated datasets using three methods
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3.2.2.2 W eighting in relation to numerator and denom inator values

In each of the m ethods being considered, the intention is to apply  greater shrinkage 

to areas with small denom inators  that are deem ed to be 'unreliable '.  The difference 

betw een the Noble m ethod and the o ther two is that the num era to r  is the driving 

force for the choice of weight, rather than the denom inator.

Table 3.2 show s the w eights  for two EDs with the sam e num era to r  and differing 

denom inators . As can be seen they have very different proportions  but similar 

w eights using the Noble method. The other two m ethods  have weights directly 

proportional to the denom inator.

Table 3.2 Com parison  of weights for two EDs with the sam e num era to r

Weight, Wi
ED N um era to r D enom inator Proportion

Noble Longford
Empirical

Bayes
A 3 55 0.05454 0.58684 0.45190 0.43731
B 3 453 0.00662 0,60603 0.87164 0.86488

In Table 3.3 there are four EDs with the sam e denom ina to r  bu t differing 

num erators . The ED w ith  the largest num erato r  has the largest w eight using Noble. 

The weights  for Longford and empirical Bayes m ethods rem ain the same 

irrespective of the num era to r  value.

Table 3.3 Com parison of weights for four EDs with the same denom ina tor

ED N um era to r D enom inator Proportion
Weight, Wi

Noble
logit

Longford
Empirical

Bayes
C 2 73 0.02739 0.52488 0.52251 0.50776
D 4 73 0.05479 0.64158 0.52251 0.50776
E 5 73 0.06849 0.67922 0.52251 0.50776
F 6 73 0.08219 0.70883 0.52251 0.50776

The effect of larger num era to rs  leading to larger w eights  is that an ED with a large 

num era to r  will have larger weight than an ED with equivalen t population but

101



smaller num erator. W hen an area has a large weight, the shrunken estimate will be 

close to the original proportion whereas for a small weight, the shrunken estimate 

will be close to the overall mean. The Noble m ethod results in EDs with low 

proportions being raised closer to the mean and EDs w ith large proportions 

remaining high. This is despite the fact that these proportions may be much larger 

than the mean. In the event of the mean being greater than 0.5, the reverse is true.

3 .2.23 Shrinking to the mean

The Noble m ethod of shrinkage employs an empirical logit transform ation as 

shown in Equation 4.3 above. This can then be back transform ed using an inverse 

logit. In the case of the standard logit transformation this provides an exact 

inversion. For the empirical logit it does not and depends on the m agnitude of the 

original values. Table 3.4 shows a range of num erator and denom inator values, all 

with the same proportion. The table also shows the empirical logit and subsequent 

inverse logit for each set of values. For proportions below 0.5, the inverse will 

always be an over-estim ate while for proportions over 0.5 the inverse logit will 

always be an under-estim ate. As the denom inator increases, the inverse tends 

tow ards the original proportion. This property has the knock-on effect that for a 

national mean less than 0.5, the transformed mean is larger than the real mean and 

the data will be shrunk tow ards a value larger than the real mean. However, as the 

denom inator at a national level is very large in the case under consideration, the 

difference is negligible and not of concern.

Table 3.4 Logit and inverse logit transformations for a range of num erator and 

denom inator values

Denominator N um erator Proportion Empirical logit Inverse logit
20 1 0.05 -2.5649 0.0714
40 2 0.05 -2.7344 0.0610
80 4 0.05 -2.8332 0.0556

100 5 0.05 -2.8544 0.0545
500 25 0.05 -2.9257 0.0509

1000 50 0.05 -2.9350 0.0504
2000 100 0.05 -2.9397 0.0502
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This change in value using the Empirical logit is apparent when one looks at values 

close to the mean. If, for example, there was an ED whose proportion was equal to 

the mean it could be expected that there w ould be no shrinkage, irrespective of the 

denom inator size. The purpose of shrinkage is to bring the values closer to the 

national mean, thus if the value is already at the mean then shrinkage will have no 

effect. This is not the case with the Noble logit method. The formula shrinks to a 

point other than the mean.

This point can be found empirically by taking an ED and searching for the 

num erator value which results in the shrunken proportion being equal to the 

original proportion. In other words, at the point w hen jc, = . Tests were carried

out on the previous data for proportion unem ploym ent to establish at w hat value 

zero shrinkage was occurring. A range of population (denominator) sizes were 

tested and the results are shown in Table 3.5 below. The proportion tends tow ards 

0.0606 as the population increases. Given that the mean is 0.0516, this indicates that 

some EDs w ith values below the mean will be shrunk to a value greater than the 

mean.

Table 3.5 Proportions that give approxim ately zero shrinkage for the 

unem ploym ent data

N um erator Denominator Proportion
3 50 0.0600
6 100 0.0600

15 250 0.0600
30 500 0.0600
46 750 0.0613
61 1000 0.0610

303 5000 0.0606
606 10000 0.0606

1212 20000 0.0606

The impact of this property is questionable. It can be argued, for instance, that so 

long as all values for a given variable are shrunk to the same mean, does it really 

m atter w hat that mean is? If the relative differences are maintained it should not
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matter. As can be seen from Figure 3.3, the relative distances are not maintained if 

the mean is shifted. In Figure 3.3a, both values are to the same side of the mean and 

thus shrunk in the same direction, maintaining the relative distance. Naturally the 

difference will change depending on the weights attached to each ED. However, if 

the mean is shifted so as to be between the two values, they will be shifted towards 

each other, reducing the relative difference. This can be seen in Figure 3.3b below. 

Therefore, a shift in the mean affects the relative differences between the ED 

indicator values.

Figure 3.3 Implications of a shift in the mean

Figure 3.3a ^ean

' J-4-#------------------------ -4-0--------

Value Value B

Figure 3.3b Mean

— ------------------- 1—  -M -m -----------------

Value Value B

If the purpose is to shrink to a mean but the formula then shrinks to a value other 

than the mean, it is difficult to justify the use of that method.

3.2.2.4 Computational failure of the Longford and Empirical Bayes 

methods

While the Noble method ensures that W i is between 0 and 1, this is not the case for 

the Longford and empirical Bayes methods. Under certain conditions these two 

methods produce weights greater than 1 or less than 0.
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In the case of the Longford method, as long as 0 < x < 1 holds then v, is positive. 

Thus for Wt to be positive cr  ̂ must be positive. By inserting the formula for Sb into 

the formula for cr“ the following is obtained:

N - M - k  + \

For cr  ̂ to be positive, the following condition must hold:

- x ) ' > x ( l - x X ^ - l )  (3.11)

Similarly for the empirical Bayes method, as long as 0 < x < 1 holds then x//7, is

positive. For iv, to be positive, y/ must be positive. By inserting the formulae for n

and y/, into the formula for ij/ the following equation is obtained:

Z n i x ,  -  x)‘ - x k
  3.12

For y/ to be positive, the following condition must hold:

Y ^ n , { x , - x f  > n  (3.13)

In the case of equation 3.11, at x =  0.5 the right hand side reaches a maximum 

value. The left hand side is small if the area has a small population and if the 

standard deviation is small. For equation 3.13, the right hand side is directly 

proportional to the mean and increases linearly with the mean. By convention, i// 

is set to zero when a negative value is obtained.^^-'^ This adjustment makes the 

formula computable but it still important to understand when this adjustment 

might be required.

In the 10,000 simulations carried out previously, there were a number of variables 

generated for which the Longford and empirical Bayes methods could not be 

applied as they generated weights outside the range of 0 to 1. The means are 

plotted against the standard deviations for those instances in Figure 3.4 below. For
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the 10,000 simulations, the number of failed computations for the Longford and 

empirical Bayes methods were 124 and 348 respectively.

Figure 3.4 Mean versus standard deviation for simulations where Longford and 

empirical Bayes could not be computed
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The largest standard deviation for which the Longford and empirical Bayes 

methods could not be computed in the simulations were 0.017 and 0.033 

respectively. These values were dependent on the data being tested and cannot be 

applied as a general rule. The success of the empirical Bayes method is dependent 

on the combination of mean and standard deviation. For example, the 

unemployment data have a mean and standard deviation of 0.052 and 0.027 

respectively. These data can be successfully shrunk using the empirical Bayes 

technique. However, if the data are inverted so that the mean is 0.9484 and the 

standard deviation remains the same, the empirical Bayes technique fails.

Datasets with very low standard deviations may not be suitable for shrinkage. By 

the very fact that the standard deviations are low, these data show little variation 

and the extreme values that we wish to adjust may not be present.

3.2,3 National or local shrinkage

An important aspect of shrinkage is the choice of mean to shrink to. The examples 

used thus far have been shrunk to a national mean. It is possible, however, to
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subset areas into regions and to calculate shrinkage for that region using the local 

mean. This section will look at a num ber of ways of shrinking based on sub­

national groupings of areas.

3.2.3.1 National: shrinkage to an urban mean

Due to concentrations of population in urban areas, 61.9% of the population live in 

just 21.0% of the EDs, which cover only 6.8% of the land area. For any variable the 

national mean will be driven by that urban 21% of EDs. If the variable shows a 

m arked urban-rural difference then the majority of EDs will be shrunk tow ards 

w hat is essentially an urban mean. Furtherm ore, as urban EDs tend to have larger 

populations than rural EDs, their weights will be larger, resulting in less shrinkage 

for urban EDs and relatively more shrinkage for rural EDs. The net effect is that 

small rural EDs are shrunk to an urban mean while the more populace urban EDs 

remain relatively unchanged.

3.Z.3.2 District shrinkage: guilt by association

A method that has been used in the UK deprivation index is shrinkage to a district 

mean. In the UK, the average district contains 23 wards. The average ward 

population in England and Wales is 5,927 persons so a typical district contains 

approxim ately 138,000 persons. This means that a UK district is roughly equivalent 

to a Local Authority (LA) in Ireland in terms of population. The shrinkage is not 

quite com parable as UK w ards are larger than Irish EDs in term s of population so 

they should have larger weights and consequently less shrinkage.

The district boundaries have been defined by rural and urban districts w ith further 

subdivisions applied in the larger urban centres of Dublin, Cork and Limerick. 

There are 157 districts w ith a mean population of 24,950. As such they are much 

smaller than the UK districts although this reflects the lower population density in 

Ireland. The maps in Figures 3.5a and 3.5b show the mean unem ploym ent by LA 

and district respectively. Both are prone to sharp changes in neighbouring areas.
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Figure 3.5 Local means at Local Authority and district level

Unemployment

3.5b District mean
3.5a LA mean unemployment

unemployment

Spatial autocorrelation gives a measure of the similarity of geographic areas that 

are near each other in spatial terms. One formula for measuring this is M oran's I 

with values ranging from -1 to 1 where positive values indicate positive spatial 

autocorrelation (i.e. nearby areas are similar) and negative values indicate negative 

spatial autocorrelation (i.e. nearby areas are dissimilar). A related term is 'spatial 

lag' which refers to contiguity between neighbouring areas. If two neighbouring 

EDs share a common border they are said to have first order contiguity and a lag 

distance of L If the areas do not share a common border but are both contiguous 

with a third area they have second order contiguity. The spatial lag is simply the 

order of contiguity between two areas.

The graph in Figure 3.6 plots spatial autocorrelation for the raw unemployment 

data against that for the shrunk data. Shrinkage to three different means is shown: 

national, LA and district. Observations represent the Moran's I values at a given
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lag distance, with the largest Moran's I values occurring at the shortest lag 

distances.

Figure 3.6 Spatial autocorrelation: raw vs. shrunk data
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It can be seen from Figure 3.6 that shrinkage to a local mean increases the spatial 

autocorrelation, particularly at short lag distances.

Small area boundaries are often delineated by natural boundaries, such as rivers 

and lakes, or man-made boundaries, such as motorways. As a result, neighbouring 

EDs can be quite different and an affluent ED can border a deprived ED. A well-off 

street can be separated from a less affluent estate by the width of a river or a dual 

carriageway. Imagine a small but affluent ED surrounded by densely populated 

deprived EDs. With shrinkage to a highly localised mean, that affluent ED will 

effectively be rendered more deprived than it is due to its proximity to deprived 

EDs. That in itself is a compelling argument not to use district means. However, 

use of a national mean may ignore an underlying regional variation in the mean 

that may be important.
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A further point is that district boundaries are adm inistrative areas that are typically 

invisible to those living within them. In that sense, they are som ewhat arbitrary 

and a different choice of boundaries may result in a very different set of means and 

subsequent shrinkage. This is an instance of the modifiable areal unit problem 

(MAUP) which recognises that small area boundaries are arbitrary and 

modifiable.^^2

3.2.3.3 Localised shrinkage using Monte Carlo methods

An alternative is to establish smaller districts around each ED, based on distance or 

population, and apply shrinkage to that district, recording the shrunken value for 

that ED. Thus neighbouring EDs would have slightly different districts but should 

be shrunk to similar means.

A method is proposed in which m ultiple district configurations are tested giving 

each ED a range of shrunken values. This may limit the impact of MAUP on the 

final results. A simplified algorithm  for such a m ethod is as follows;

1. Randomly select an ED, i

2. Randomly select a num ber of spatial lags, L, to include in the district

3. Create a district including all EDs within L lags of i

4. Apply shrinkage to the district

5. Save the shrunken values and district mean for all EDs in the district

6. Repeat steps 1 to 5 until all EDs have been included in 1000 districts

The ou tpu t of this method is 1000 shrunken values and district means for each ED, 

for which a mean and standard deviation can be calculated. This gives the option 

of quoting a mean shrunken value and upper and lower bounds for this value. If 

the maximum num ber of lags allowed is very large then the mean shrunken value 

will tend tow ards the value obtained by using the national mean for shrinkage. The 

two m aps in Figure 3.7 show the average district means for two Monte Carlo runs 

using m aximum lags of 20 and 10 respectively. As this is a mean value for an ED it
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does not represent an actual district mean so m uch as the average mean for 

districts including that ED. W hen com pared to the m aps of Figure 3.5 they show 

m uch more gradual shifts in the underlying mean.

Figure 3.7 Local means from Monte Carlo exercise

(a) Max. 20 lags
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(b) Max. 10 lags

The num ber of lags required to encom pass all EDs varies across the country. 

Centrally located EDs can span the country in as few as 40 lags whilst peripherally 

located EDs can require up to 80 lags.

By generating 1,000 shrunken values for each ED, it is possible to calculate the 

standard deviation from which upper and lower confidence bounds can be 

calculated (from x ±  1.96 standard errors). This could be used as part of a 

sensitivity analysis when indicators are being combined. The indicator values for a 

particular ED could be replaced by the upper and lower bounds to see to w hat 

extent it w ould change its deprivation ranking. Figure 3.8 shows the upper and 

lower bounds for a subset of EDs.



Figure 3.8 Upper and lower bounds for unemployment generated by Monte Carlo 

for a subset of EDs

0.10
Lower bound0.09
Mean shrunken value 

Upper bound
0.08

0.07

0.06

0.05

0.04

0.03

0.02

0.01

0.00

0 500 1000 1500 2000 2500 3000

ED rank

As with shrinkage to a district mean, using a locally derived mean results in 

increased spatial autocorrelation. This is inevitable as values are moved closer to 

the mean. The difference between local values and the mean is a central component 

in the calculation of Moran's I.

Table 3.6 shows the spatial autocorrelation measured by Moran's I for several 

variables using a number of shrinkage techniques: no shrinkage, shrinkage to the 

national mean, Monte Carlo with a maximum of 20 lags allowed, Monte Carlo with 

a maximum of 10 lags allowed, shrinkage to the LA mean, and finally, shrinkage to 

the district mean. Depending on the maximum number of lags allowed, the Monte 

Carlo method results in lower increases in spatial autocorrelation than shrinkage to 

either the LA or district mean.

112



Table 3.6 M oran 's  I for a selection of variables using different shrinkage techniques

M oran 's I
Shrinkage

U nem ploym ent
Low social 

class
Car

ow nersh ip
LA housing

None 0.4343 0.4364 0.6962 0.3189
National m ean 0.4453 0.4437 0.7042 0.3195
M onte Carlo (20)“̂ 0.4650 0.4524 0.7119 0.3229
M onte Carlo (10^ 0.4816 0.4638 0.7194 0.3275
Local Authority

0.4878 0.4662 0.7212 0.3296
m ean
District mean 0.5105 0.4892 0.7338 0.3368

* Shrinkage applied using the M onte Carlo technique with m axim um  catchment 

sizes of 20 and 10 spatial lags respectively.

The problem  with a stochastic approach, such as the M onte Carlo m ethod, is that it 

is not very transparen t and given that the shrunken  variables will be used in a 

deprivation index which is intended for policy and  funding, transparency is 

preferable. This m ust be weighed against the advan tage  of being able to produce 

bounds for the sh runken  value and avoid specification of arbitrary boundaries for 

districts.

There have been suggestions that small areas could be g rouped  according to 

certain a ttr ibutes such as socio-demography and topology, and  shrinkage could be 

applied to these groupings. This will result in non-contiguous groups of small 

areas which m ay span  the entire country. This w ould , like shrinkage to a national 

mean, dim inish  the presence of any regional variation. It also leads to difficulties in 

defining similarity for g rouping  purposes. It also runs the risk of merely increasing 

the deprivation  of already deprived  areas and reducing it in m ore affluent areas.

3.2.4 Choice of shrinkage method

A num ber  of properties were discussed earlier in section 3.2 relating to each of the 

shrinkage m ethods. The Noble m ethod of shrinkage is no t preferable due  to the 

strong influence of the num erator. While it is acknow ledged that the Longford and
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Empirical Bayes methods can fail for datasets with very low standard deviations, it 

is a valid argument that shrinkage should not be applied to such datasets. Finally, 

the Longford method is superior to the Empirical Bayes method as the latter 

method results in greater shrinkage for datasets with high means. It is my opinion 

that the Longford method of shrinkage is the most appropriate for use on 

deprivation indicators. The principal drawback of this method is the failure to 

compute under certain conditions of low standard deviations. With a standard 

deviation below 0.017 this method is likely to fail, although failure is also 

dependent on the mean of the data under consideration. However, as has been 

discussed, data with a low standard deviation is not suitable for shrinkage as there 

is insufficient variation in the data to warrant it.

For the choice of mean to shrink to, the use of a Monte Carlo method with multiple 

districts tested is preferable. It takes into account regional variation and enables the 

calculation of upper and lower bounds. It is recommended that the largest district 

size tested should certainly include more than a quarter of the total small areas in 

the country. With a large maximum, the results will be broadly similar to applying 

shrinkage at a national level.

However, should the Monte Carlo method not be deemed transparent enough for a 

deprivation index that affects public funding, it would be preferable to shrink to 

the national mean or some very large aggregation of small areas. The use of small 

districts gives rise to potentially misleading results as evidenced by the increases in 

spatial autocorrelation. If the populations of the small areas are sufficiently large so 

that the weights associated with them are also large, this is less of a concern.

3.2.5 Implications of choice of shrinkage

It is important to investigate what impact the method of shrinkage has on final 

deprivation index values. A simple test is to generate an index using a number of 

indicators with various forms of shrinkage applied. The variables used in previous 

examples are used again; proportion unemployment (UE), proportion low social

114



class (SC), p ro p o r t io n  h o u se h o ld s  w ith  n o  car (NC) a n d  p ro p o r t io n  of h o u seh o ld s  

in Local A u th o r i ty  h o u s in g  (LH). T he four ind ica to rs  h a v e  b een  s h ru n k  us ing  the 

na t iona l  m ean s ,  d is tr ic t  m eans ,  an d  the  M o n te  C arlo  m e th o d .  T he  resu lts  are 

c o m p ared  to an  index  g en e ra ted  us ing  the ra w  n o n -s h ru n k e n  variables.  T he  n o n ­

sh ru n k e n  re su lts  a re  u sed  as the base line  for co m p ar iso n s .  T he  index  va lues  are 

ca lcu la ted  as  deciles  of the first p rincipa l c o m p o n e n t  w ith  1 be in g  the least 

d e p r iv e d  a n d  10 the  m o s t  d ep r iv ed .

Table  3.7 b e lo w  sh o w s  the  corre la tions b e tw een  a d e p r iv a t io n  index  calculated 

us in g  s ta n d a rd  P C A  w ith  no  sh r in k ag e  an d  a ra n g e  of m e th o d s  of sh r inkage .  The 

corre la tion  coefficients for ranks  co m p ar iso n s  a re  h igh  w ith  the on ly  low er values  

a p p e a r in g  w h e re  sh r in k ag e  to a d is tr ic t  m ean  is u sed .  T he  o b v io u s  conc lus ion  is 

tha t  w ith  the  excep tion  of sh r in k ag e  to a d is tr ic t  m ean ,  there  is little o r  n o  im pact 

from  u s in g  a l te rn a t iv e  m e th o d s  of sh r inkage . H o w e v e r ,  the co rre la t ion  coefficients 

for index  v a lu e s  s h o w  a m u ch  g re a te r  varia tion . T he low  v a lu es  reflect the fact 

tha t  the index  v a lu e s  are restr ic ted  to a ten level scale. Even re la tively  small 

ch an g es  can lead to a substan tia l  red u c tio n  in the co rre la t ion  coefficient. To say  that 

the d iffe ren t  m e a n s  lead to essen tia lly  the sam e  resu lts  w o u ld  clearly  be incorrect.

Table 3.7 C o m p a r is o n  of corre la tions  w ith  b ase line  for d iffe ren t  sh r in k ag e  

m e th o d s  u s in g  ra n k s  an d  index va lues

S hrinkage
R2

R anks Index  v a lu e s ’̂
N o n e 1.000 1.000
N a tio n a l  m ean 0.994 0.805
M o n te  C arlo 0.991 0.769
D istric t m ean 0.960 0.614

*  T he R2 for tw o  indices is the  po rtion  of the total u n ce r ta in ty  a t t r ib u ted  to the 

m odel fit ca lcu la ted  in JMP.

A co m p ar iso n  of the effects of sh r in k ag e  w as  carried  o u t  as  p a r t  of an ev a lu a t io n  of 

the Scottish ind ices  of d e p r i v a t i o n . T h e  c o m p ar iso n  consis ted  of corre la tions
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between ranks and scores using different m ethods of shrinkage. The correlations 

were very high, generally of the order of 0.998 for the single overall deprivation 

score "indicating that none of the alternatives has an excessive influence on the 

dom ain or m ultiple deprivation scores or rankings". The problem is that when 

looking at 6,505 data zones, the correlation coefficient may not be sensitive to a 

small num ber of more substantial changes. In any case, as the index is finally 

presented in the form of a 1 to 10 scale, it is more pertinent to look at the 

correlations of the index values rather than scores or ranks.

The im pact of differing m ethods of shrinkage can be seen by looking at the 

indicator values for a single ED. The figures for Loughill ED in county Sligo are 

given in Table 3.8 below. This is one of two EDs that showed a difference of four 

index values between calculation w ithout shrinkage and with shrinkage to a 

district mean. This is an ED with a population of only 76, m aking it one of the 

smallest EDs in the country in terms of population. As can be seen in the table, the 

value for proportion low social class (SC) varies dramatically depending on the 

type of shrinkage used. With no shrinkage, the ED is classed in the most affluent 

decile. With shrinkage to a district mean, the ED is classed 5 corresponding to a 

m iddle deprivation level.

Table 3.8 Com parison of indicator values using different shrinkage methods for 

Loughill ED

Variable
Shrinkage type

None
To national 

mean
Monte
Carlo

To district 
mean

UE 0.018 0.036 0.040 0.045
SC 0.077 0.109 0.132 0.179
NC 0.182 0.191 0.189 0.187
LH 0.000 0.026 0.038 0.051

In Table 3.9 the num bers of EDs being assigned different index values are shown. 

The difference in value is calculated as the index value using no shrinkage minus 

the index value using the specified form of shrinkage.
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Table 3.9 Difference from baseline using different methods of shrinkage

Shrinkage
Counts of EDs by difference from baseline index

-4 -3 -2 -1 0 +1 +2 +3 +4
None 0 0 0 0 0 0 0 0 0
National mean 0 0 5 224 2,959 234 0 0 0
Monte Carlo 0 1 6 281 2,838 296 0 0 0
District mean 2 16 62 464 2,264 585 28 1 0

117



The example of Loughill ED raises the question of whether or not shrinkage is 

necessary at all. In this instance, there is no LA housing in the ED. This is 

symptomatic of rural EDs where the LA is less likely to buy or build housing stock. 

A rural ED is rendered less deprived on the grounds of LA policy. The application 

of shrinkage generates a non-zero value for the proportion of local authority 

housing (LH) variable that effectively makes the ED more deprived. This could 

also be seen as a reflection of the choice of indicators and the use of shrinkage may 

merely mask the fact that some of the indicators display substantial spatial 

autocorrelation and are perhaps misleading indicators of deprivation. Worse still, 

they may actually bias the results in favour of one area type, such as urban or rural.

It is important to point out that shrinkage is intended to improve estimated rates 

that have been produced using survey or sample data. When employing census 

data, this should not be as important an issue. In the case of EDs with small 

populations where there is a real possibility of zero or inflated values for 

indicators, the application of shrinkage with minimal effect may be useful to 

prevent extreme deprivation scores on the grounds of a single outlying value. 

However, it is more important that indicators are carefully chosen and that 

shrinkage is not used to smooth a variable that may be inappropriate for regional 

comparison.

3.3 Alternative methods of data transformation

Shrinkage is not the only method of data transformation available. It is possible to 

use other functions such as log transforms. Frequently the primary purpose of data 

transformation is to improve the normality of the d a t a . H o w e v e r ,  in principal 

components analysis the distribution of the variables is not an issue. Therefore the 

application of a log, logit or other transform is not a prerequisite for analysis. The 

application of a transformation can also lead to greater ambiguity in interpretation 

of the resulting index which is undesirable.
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As an example, three variables have been transform ed using natural log and 

empirical logit transforms. The natural log transform  cannot be com puted for zero 

although if applied to data after shrinkage, there should be no zero values. The 

empirical logit produces a very similar distribution to the standard logit and can be 

com puted for zero values. The histogram s in Figure 3.9 show the effect of natural 

log and empirical logit transform ations on three variables: proportion

unem ploym ent, proportion households with no car and proportion households in 

Local A uthority housing.

Clearly the transform ations im prove the normality of the data, particularly for the 

Local A uthority housing variable. The utility of transform ing the data will depend 

on w hether assum ptions of normality or approxim ate norm ality are required for 

the chosen method of combination.

3.4 Summary

Three m ethods of shrinkage were outlined and applied to Irish data in this chapter. 

While resulting in similar levels of shrinkage, each m ethod has distinguishing 

properties that can lead to m arkedly different levels of shrinkage under certain 

conditions. For example, the Empirical Bayes method results in increased 

shrinkage at higher means. The Longford method of shrinkage was recom mended 

as the best when applied to deprivation indicators.

The issue of shrinking to a district mean rather than a national mean was also 

discussed. An analysis of spatial autocorrelation revealed that shrinkage to a 

district mean, particularly if districts are small, leads to indicator values for EDs 

being brought substantially closer to the local mean than if a national mean is used. 

The national mean, on the other hand, m ight not be representative of a regional 

mean. A Monte Carlo approach to district delineation was proposed and applied as 

a trade-off between a national and a district mean.
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Figure 3.9 Effect on distribuion of natural log and empirical logit transformations

(a) % Unemployment

0 .2 -

N o transform Natural log transform Empirical logit transform

(b) % Households with no car

0.8-;
0.7-

0 .6 -̂

0.5H

0.4

0.3

0.2

0.1

0 -

-4 -

No transform Natural log transform Empirical logit transform

(c) % Households in Local Authority housing

0 .9 - '

0.7-

0 .6 -

0.5

0.4-

0.3-

0 . 2 -

0.1

2 -

1-

-7 -

No transform Natural log transform Empirical logit transform

120



While the different choices of m ethod and mean m ay appear  to have a big impact 

on indicator values, the impact on a resultant deprivation  index has not been 

assessed. In chap ter  5 a sensitivity analysis is described and applied to Irish data to 

assess the im pact of different choices regarding shrinkage.
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4 Dimension reduction

M easures of deprivation are generally comprised of a num ber  of indirect m easures 

or proxies for deprivation  combined in some m anner  to p roduce  a single variable. 

It is generally  accepted that no single indirect m easure  w'ill fully capture 

deprivation  but that a composite value will come closer to giving an accurate 

distinction betw een areas of high and low deprivation. Furthermore, these 

composite  m easures  typically quantify deprivation in relative ra ther  than absolute 

terms. To m easure  deprivation in an absolute sense there m ust be accepted 

thresholds for w hen  an area or person may be described as deprived. With proxy 

measures, such as unem ploym ent, it is not possible to identify such a threshold 

unless, for example, it is assum ed that anyone w ho is unem ployed  is automatically 

classed as deprived . On the o ther hand, to m easure deprivation  in relative terms, 

no thresholds need to be defined. The composite m easure  is given as a continuous 

variable which can then be divided into deciles whereby  the most deprived ten 

percent can be easily identified. In this way an area can only be identified as 

deprived  relative to o ther areas.

It is a rguable  that proxies for deprivation should not be com bined as the inevitable 

loss of information may m ask the existence of deprivation  in som e areas. 

Additionally, som e indicators m ay be geographically biased and be typically 

higher in u rban  areas than in rural areas or vice versa. How ever, a composite 

m easure  is in tended  to be just that; a composite of various indicators that can 

highlight areas that are relatively deprived in multiple aspects.

The focus of this chapter is on m ethods of d im ension reduction in relation to 

deprivation indices. Section 4.1 is a discussion of d im ension  reduction as used in a 

num ber of existing indices from a num ber of countries. Five m ethods  of dimension 

reduction are com pared  in section 4.2 with a m ore detailed description of principal 

com ponents  analysis given in section 4.3 by applying the methoci to Irish data in a 

similar fashion to the SAHRU i n d e x . S o u r c e s  of error in deprivation  indices.
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including regional variation in indicators, are discussed in section 4.4. In section 4.5 

a new m ethod of principal com ponents analysis is developed and illustrated with a 

worked exam ple using Irish data. Finally, in section 4.6, outlier detection and 

robust analysis are discussed.

4.1 Dimension reduction in existing indices

The num ber of indicators used in different indices varies and is partly dictated by 

m ethodology and partly by data availability. With large num bers of indicators 

there is an increased chance of poor correlation between some indicators to the 

extent that groups of indicators emerge where inter-group correlation may be poor 

but intra-group correlation is high. If PCA or FA is used with a large num ber of 

indicators it is likely that more than one com ponent or factor will need to be 

retained, resulting in a m ultidim ensional index.

4.1.1 Simple indices

Table 4.1 shows the num ber of indicators, m ethod of weights derivation and 

num ber of dim ensions used in a num ber of indices of deprivation.

Table 4.1 Num bers of indicators used in some indices of deprivation

Index Variables
Weights

derivation
Dimensions

Australia^^'* 56 PCA 4
England (Townsend)’̂ 4 Equal weights 1
Genoa, Italy’®̂ 4 Equal weights 1
Ireland (Haase)’*'* 13 FA 3
Ireland (Haase)’® 10 FA 3
Ireland (Howell)’®’ 8 Equal weights 1
Ireland ( S A H R U ) ’82i83 5 PCA 1
N ew Z ealand’®̂ 9 PCA 1
Quebec, C anada’®* 6 PCA 2

Scotland (Carstairs)’̂ ® 4 Equal weights 1
South Africa^’-'* 13 PCA 1
Spain’®’ 4 FA 2

UK (DoE)’®o 6 Arbitrary 1
UK (Jarman)’7<i 8 Survey 1
US2‘'6 16 FA 3
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The advan tages  of including m any variables are unclear. It is possible that if a large 

num ber  of indicators contribute to the score, any one variable can only have a 

limited influence on the computation. With m ore indicators, there is a greater 

possibility of balancing regionally biased variables (i.e. urban-centric indicators 

could be balanced by including rural-centric indicators). W ith a small num ber of 

indicators an area has only a limited num ber of w ays in which to register as 

deprived. It could be argued  that with m any variables an index m ay be more 

sensitive to levels of deprivation.

On the o ther hand , with an increasing num ber of indicators it becomes very 

difficult to com prehend  on w hat grounds an area is deem ed  deprived  or affluent. 

There are increased opportunities  for an averaging effect whereby  an area may be 

very deprived  in some respects but not deprived  or even affluent in others, 

resulting in a m id-range score.

The Australian index retains four com ponents  in the PCA based on Catell's screc 

test^^^ on a plot of the eigenvalues. However, given the plot of eigenvalues they 

provide they shou ld  have retained at least 5 com ponents  on the basis of a scree test. 

Using the Kaiser-Guttm an rule and parallel analysis they w'ould have retained 10 

and 9 com ponents , respectively. With such a large n u m b er  of variables this is 

almost inevitable and  a nine- or ten-dimensional index w ould  not be interpretable 

for general usage. Four com ponents  were retained for the pu rpose  of rotation but 

only the first com ponen t was used for the deprivation  index. Prior to rotation, the 

first com ponent explained only 28.9% of the variance and the cum ulative  variance 

explained by the first four com ponents  was 55.7%. Given these characteristics the 

utility of the index is questionable. Furthermore, for any given small area, it is very 

difficult to com prehend  w ha t  variables have contributed to its deprivation score 

and com parison betw een areas with similar scores becomes am biguous.
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With the exception of the Haase indices,’*'* the other cases of multiple 

components are found by determining how many components to retain. When 

more than one component or factor is retained, the distinction between what those 

components reflect is subject to the interpretation of the researcher. In the case of 

Haase, the numbers of components are pre-defined and FA is used to determine 

the factor loadings. No tests are documented to ascertain whether fewer 

components would have been adequate or if more components were required. 

Having completed a factor analysis and retained three factors, Haase allocates pre­

determined labels to the factors based on the variable loadings.

There is a criticism of using PCA and FA on the grounds that they give too much 

weight to variables that are well correlated. A legitimate deprivation indicator that 

happens to correlate poorly with the other variables will receive a lower weight 

when it is arguable that it is equally important, hence the argument for equal 

weights. There is, however, an inherent assumption that all of the variables chosen 

are good indicators of deprivation which is not necessarily the case. An indicator 

may, in theory, be a good proxy for deprivation but either may be subject to 

substantial regional bias or might simply not support the theory. The only 

validation generally applied to indicators is a review of the correlation matrix, 

which is self-serving if PCA or FA is subsequently used.

4.1.2 Domain based indices

In the UK in the late 1990's there was a move from a single deprivation score to a 

number of domains of deprivation, each being comprised of a number of domain 

specific indicators and an associated i n d e x . T h e  approach of Noble et al. reflected 

their "view that multiple deprivation is a combination of different, though clearly 

inter-related, deprivations". The justification behind this approach was an attempt 

to capture different aspects of deprivation rather than resorting to a single catch-all 

index. This method allows for areas to register as deprived in certain domains and 

not others, rather than having an average score in a single index. The alternative of 

retaining additional components to describe different dimensions runs the risk of
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in c lu d in g  po ten tia l ly  co un te r- in tu it ive  variab les  in a g iven  d im en s io n .  W ith  a 

sy s tem  of d o m a in s  it is possib le  to en su re  tha t  on ly  a p p ro p r ia te  variab les  will be 

in co rp o ra ted  in to  a pa r ticu la r  d o m a in  based  on  a theoretical m o d e l  of ind icators  

an d  d o m ain s .  This  u se  of specific d o m a in s  also re m o v e s  the  n ee d  to subjectively 

in te rp re t  factors a n d  a ttach  post hoc labels to d ef in e  d im e n s io n s  based  on  the 

o b se rv ed  load ings .

F u r th e rm o re ,  a selection  of d o m a in s  a l low s for the  u se  of a possib ly  m ore  

a p p ro p r ia te  in d ex  for a g iv en  app lica tion . For exam ple ,  if a p iece of research  w as 

inves t iga t ing  schoo l  fu n d in g  in re la tion  to ed u ca t io n a l  n eeds ,  the use  of a d o m ain  

of ed u c a t io n a l  d ep r iv a t io n  m ay  be m o re  re lev an t  th an  the  s ing le  universa l  

d ep r iv a t io n  score. O nce  the d o m a in  sys tem  of d e p r iv a t io n  w a s  in tro d u ced  in 

E ng land ,  s im ila r  indices fo llow ed in S c o t l a n d , W a l e s ’̂ ’ a n d  N o r th e rn  Ireland. 

M an y  of the in d ica to rs  used  are  based  on rou tine ly  collected da ta ,  ra th e r  than 

cen su s  variab les  w h ich  w o u ld  on ly  be collected once  ev e ry  ten years . This enables  

the creation  o f  a m o re  cu r ren t  set of indices a l th o u g h  it has  o th e r  p rob lem s as 

o u t l in ed  in section  3.1.1 p rev iously .

It sh o u ld  be n o ted  that  the  term s 'd o m a in '  a n d  'd im e n s io n '  are  used 

in te rch an g eab ly  in the UK  d ep r iv a t io n  index  l i terature . T he  p re d o m in a n t  term  is 

d o m a in  so th a t  will be used  in pre ference  here.

4.1.3 Types of domain

Seven  d o m a in -b a se d  indices h a v e  been  identif ied  from  a n u m b e r  of coun tr ie s  and  

the ty p es  of d o m a in s  co n s id e red  are  g iven  in Table 4.2 be low . T he  var iab les  used  in 

each d o m a in  are  n o t  u n iversa l  across indices a l th o u g h  they  b ea r  m a n y  similarities. 

In m o s t  cases on ly  a sm all n u m b e r  of variables, typ ica lly  3 to 5, are  u sed  in each 

d o m ain .  This  is p a r t ly  d u e  to  the  difficulty in g a th e r in g  suffic ien t ind ica to rs  and  

also d u e  to the  specific n a tu re  of d o m ain s .  In each  d o m a in ,  d e p e n d in g  on the 

n u m b e r  and  n a tu re  of variables, they are co m b in ed  u s in g  e i th e r  PC A o r  FA with 

on ly  a s ing le  c o m p o n e n t  or factor re ta ined . G iven  the  n a r ro w  scope  of dom ains ,  it
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would be unlikely that a second or even third com ponent would be required. In 

some cases, such as the income and em ploym ent dom ains in England,^*"* only one 

variable is used so only shrinkage is applied prior to standardisation.

The dom ains generally encom pass aspects of both social and material deprivation. 

The crime and access to services domains, for example, could be considered as 

m easures of social deprivation while income and em ploym ent are more closely 

related to m aterial deprivation.

Table 4.2 Examples of dom ains in deprivation indices

Domain s<N
C
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CPU
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JS
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8foCD
N
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X
Do
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Income • • • • •
Em ploym ent • • • • • •
Education • • • • • •
Health • • • • • •
Access to services • • • •
Housing • • •
H ousing & services •
Physical environm ent • • • •
Crime • •
General •
Policy •
Poverty •
Residential stability •
Occupation •

4.1.4 Combining domains

Although dom ains of deprivation can give a greater insight into specific forms of 

deprivation, it may still be desirable to have a single overall estimate of multiple 

deprivation. Some of the indices have accomplished this by combining the domain 

indices into a single value.^ '̂* '̂” Noble notes that there are a num ber of methods
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by which weights can be determined^'’*': theoretical de term ination  using research 

evidence; empirical m ethods such as survey, PCA or FA; policy relevance or in 

proportion  to public expenditure; consensus of experts and /or  policy makers; and 

arbitrary choice such as equal weights.

The use of PCA or FA m ight no t be appropria te  in the context of combining 

dom ain  indices as some of the indices may correlate poorly with each other given 

that they expressly account for different aspects of deprivation. A policy relevance 

approach  m ay be biased by political influence (i.e. it m ay be led by w ha t  might be a 

'p o p u la r '  issue at the time the index is being developed). A consensus of experts 

requires the identification of appropria te  "experts" which, given the potentially 

large num ber  of interested parties, may be difficult to achieve and to strike a 

balance between the different domains. This essentially leaves the options of 

theoretical determ ination and arbitrary choice. Thus far a theoretical approach has 

been used combining evidence from literature and a consultation process^'’'’ "̂' with 

arbitrary equal weights used in one South African index.^*“  Given the large num ber 

of indicators that comprise the final composite index, in terpretation may be 

difficult. In the case of the English index,^'’'* a total of 28 indicators are eventually 

combined into a single index. Some indicators are shrunk, som e indicators are 

combined by FA, while some are combined using equal weights. Prior to 

combination into a single index, all dom ain  indices are s tandard ised  and an 

exponential transformation applied. U nderstand ing  how  any single individual 

indicator contributes to the final index is far from clear. For such a broad composite 

index there is a trade-off between transparency and comprehensiveness. With more 

indicators there is more information but it becomes m ore  difficult to interpret.

4.2 Some methods of dimension reduction

There are num erous  m ethods for taking two or m ore variables and  reducing the 

information into a smaller set of variables. For the pu rposes  of m easuring 

deprivation, it is often preferred to reduce the data to only one or two composite 

m easures w here  possible. If variables are combined that are indicators for disparate
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form s of dep rivation , then a m ulti-d im ensional com posite  is probably  required. 

The follow ing sections ou tline  a sm all num ber of d im ension  reduction  techniques 

available.

4.2.1 Combining z-scores

A sim ple com posite  m easure  is to standard ise  all of the  variables p rio r to 

com bining them  w ith  a sim ple sum m ation. Equation 4.1 gives the form ula for 

standard isa tion . The s tandard isa tion  avoids problem s of com bining  variables of 

differing scales. D uring  com bination, w eights can be app lied  to the variables in 

accordance w ith  a decision regard ing  the relative im portance  of the variables being 

used. W ithou t a clear reason ing  for choosing a set of w eights, the choice is entirely 

arbitrary .

a

W here: x> = observation  for area /

X = m ean

(7 =  s tan d a rd  deviation

This m ethod  is used  to p roduce  the Carstairs'^* and Townsend^®® deprivation  

indices, w here equal w eights are used  for all variables. W eighted com binations of 

z-scores have been used in tw o o ther UK indices of dep riva tion  w ith arbitrarily  

chosen w eigh ts used  by the DoE’®° and em pirically  derived  w eights used by 

Jarm an”’*. In the latter th ree  indices, som e or all of the variables are also 

transform ed u sing  either a na tu ra l log or arcsine function.

4.2.2 Multidimensional scaling (MDS)

In MDS, variab les are com bined on the basis of a statistical d istance matrix. It is 

possible to define how  m any  d im ensions will be used  in the final solution and the 

resu lt is found th rough  an iterative procedure. The end resu lt is a 'm ap ', called an
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ordination, in which observations that are similar in terms of their profiles across 

variables are near each o ther and  dissimilar observations are far apart.

The resulting ordination can be quite difficult to interpret and, depend ing  on the 

data being used, it is possible that m ore than three d im ensions are required to 

adequately  separate  groups of similar areas. A further difficulty is that the 

ordination is a conceptual m ap  which is not intuitive. MDS can facilitate the 

labelling of areas indicating the level of deprivation  bu t it is not an ideal 

m ethodology.

4.2.3 Clustering

A num ber  of c lustering methods, such as hierarchical and k-means clustering, were 

detailed in a previous chapter. The appeal of clustering m ethodology is that it will 

result in a label, in this case the cluster identifier, which can be attached to each 

area.

One of the characteristics of m any clustering algorithm s is the requirem ent to 

define the num ber  of clusters in advance of analysis. In the context of deprivation it 

is unclear how  m any clusters there might be. Furtherm ore, the interpretation of the 

clusters and  their relative positions may be difficult. It is unlikely that the clusters 

can be neatly ordered  on a one-dimensional scale. Odoi et al. used k-means 

clustering and principal com ponents  analysis of socioeconomic variables to group 

census tracts in Hamilton, C anada.’'’-''Using 18 variables, the clustering reduced the 

variables to five clusters while principal com ponents  re tu rned  a five-dimensional 

index.

4.2.4 Principal components analysis (PCA)

In PCA n new  uncorrelated variables called principal com ponents  are generated 

from the original « correlated dependen t  variables using an orthogonal 

transformation. The com ponents  are ordered so that the first accounts for the 

largest p roportion of the variation in the original data. It is typically hoped that a
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small number of components might account for sufficient variation to give an 

adequate summary of the original data, thus the n variables can be reduced to a 

smaller number of components. The components are continuous variables that can, 

for example, be divided into deciles. Each component is a linear combination of the 

original n variables.

It is a requirement of PCA that there is a certain am ount of correlation between the 

variables. If this is not the case then as many components as original variables will 

be required, rendering the PCA purposeless. PCA is a purely mathematical 

technique and does not have an underlying statistical model and no assumptions 

are made about the distributions of the variables used.

The components that result from the PCA can be difficult to interpret. A visual 

inspection of the weights associated with each variable can be used to develop an 

interpretation although with less significant components that becomes increasingly 

difficult. Additionally, no error structure is implied in PCA.

4.2.5 Factor analysis (FA)

FA bears similarities to PCA in that it derives new variables from the set of 

supplied variables. The new variables are called factors and they are estimated as 

latent variables in that the factors are assumed to be indirect measures of the 

unmeasured independent variables. Unlike PCA, FA produces error terms for the 

variance that is unexplained by the factors. FA is also regarded as having a 

conceptual model, in contrast to PCA. FA is referred to as confirmatory analysis -  

that is, the analysis may be used to support a predefined theory.

When using FA it is assumed that there is a prior knowledge of how many factors 

exist. Typically a range of factor numbers are tested but the factor loadings can 

vary substantially depending on how many factors are chosen. This is further 

complicated by the fact that rotation can be applied to the factors to produce a
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different set of factors. It can therefore be tem pting  to generate  a post hoc 

justification for the num ber  of factors and the m ethod of rotation chosen.

4.2.6 Comparison of dimension reduction techniques

Com bining  z-scores is a simple procedure and has been used to produce 

deprivation indices in the past. As has been m entioned, how ever, the question of 

weights arises. In the case w here all of the variable pairs have very similar 

correlations, the resultant un-weighted combination will be very similar to the first 

com ponent of a PCA analysis. Any choice of w eights m ay prove highly subjective 

and open to criticism. It is possible to use survey data as a basis for weight 

developm ent. The procedure  does not give any indication as to how  m uch variance 

has been accounted for by the sum  of z-scores.

While m ultid im ensional scaling and clustering techniques m ay result in well 

defined groupings, those groups may not be readily explicable or meaningful in 

the context of deprivation. Clustering m ay help to show  if area A is similar or 

dissimilar to area B, bu t unders tand ing  if it is more or less deprived  might prove 

quite difficult. For any given observation, the profile of the variable values will 

dictate which cluster it is assigned to. This can result in very small clusters for 

which only a handfu l of areas share the sam e profile. W ith a large set of 

deprivation indicators it may be difficult to discern a useful set of clusters.

Both PCA and FA develop  weights associated with each variable based on how it 

correlates with the o ther variables. As a consequence, no prior know ledge of which 

indicators are m ore or less im portan t is required. A possible draw back  to FA is that 

it assum es that there are underly ing  factors in the first place. PCA does not make 

such an assum ption  - it m erely combines the variables into new  variables. This fact 

leads to a further problem  with FA which is that the results are dependen t  on the 

choice of the num ber  of factors and the m ethod of rotation used. Two researchers 

w orking with the sam e dataset could potentially find evidence to back up  two very 

different theories based on how  they extracted the factors.
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In contrast to com bining z-scores, PCA and FA provide a basis for deciding 

objectively w hat w eights should be applied to each variable. While 

m ultidim ensional scaling and clustering may link similar observations, they do not 

produce a continuous variable or relative scale w hereby areas can be compared. 

Principal com ponents m ay be difficult to interpret but this is also true of estimated 

factors in FA. As pointed out in Velicer and Jackson's paper,^°^ despite the 

supposed differences between PCA and FA, they both produce surprisingly similar 

results. This is debated by Bentler and Kano^“̂  w ho state that the similarity is 

dim inished when the num ber of variables is small although they concede that 

when dim ension reduction is the prim ary concern then PCA is as useful as FA. In 

the current context, given that FA is open to m anipulation to achieve particular 

results, PCA is the preferable technique for dim ension reduction.

4.3 Principal Components Analysis

PCA was first used by Karl Pearson in 1901 and was further developed by 

Hotelling and others in the 1930s to arrive at the m ethodology described in the 

following section.^*'’® PCA has been used in climate studies, financial data analysis, 

information retrieval and pattern recognition am ongst other disciplines.^® Most 

of the major statistical and mathematical software packages including R, SAS, 

SPSS, S-Plus, M athem atica, Stata and JMP contain functions to calculate PCA.

4.3.1 Method

This section outlines the m athem atical details of PCA following Feinstein.^^ Given 

a set of n variables w ith m observations supplied in a m atrix Y such that:

Y =
>^11 -  yi.

y  \m y  nn

(4.2)

To determ ine the principal com ponents of n variables, the first step is to calculate 

the n X n covariance or correlation matrix. In the case of a correlation matrix, the
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variables are first s tandard ised  so that the correlations are independen t  of the 

m easurem ent units. The correlation between two variables, X and Y, is defined as:

r i i

J^(x,  - x ) ( y ,  - y )

V  / = i  1 = 1

The correlation matrix, R, is an n x n matrix with the diagonal e lem ents equal to 1. 

The next step is to determ ine the n eigenvalues, Ak, and  respective eigenvectors, Ck, 

of R, w here k = l,. . . ,n . The eigenvectors form an n x « matrix, U.

The matrix of principal components, F, can be calculated by m ultip ly ing a matrix of 

s tandard ised  observations, S, by the eigenvectors, U. The matrix S is an n x m 

matrix w here  each observation is s tandardised so that;

y.i-y,
(4.4)

/=  1, 2, ... , m; /■ = 1, 2, ... , «

Thus, F = SU. The contribution of each principal com ponen t  to the model is given 

by:

/c = l, 2, ...,n
(4.5)

/ 'L j  

/ = !

4.3.2 Choosing how many components to retain

For perfect reconstruction, all n principal com ponents  m ust  be used, presum ing 

that no two variables have a perfect correlation. A n u m b er  of rules for deciding
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how many com ponents to retain have been developed. The most basic rule is the 

Kaiser-Guttman rule which states that all com ponents with an eigenvalue greater 

than 1 should be retained.^®^ A com ponent with an eigenvalue less than 1 

effectively explains less variance than is explained by one of the original variables. 

A similar bu t slightly more stringent rule is the Jolliffe criterion which states that at 

least 70% of the variance should be explained by the retained components.^" Also 

available is the scree graph which plots the eigenvalue of each component 

developed by Catell.^®’’ The num ber of com ponents retained is equal to the num ber 

of eigenvalues included at the point where an approxim ately horizontal straight 

line is reached on the graph.

All of the above criteria are relatively arbitrary and tend to lead to over-retention of 

com ponents.’“ 3i2 More sophisticated m ethods such as Velicer's M inimum Average 

Partial M ethod (MAP)^’̂  Parallel Analysis (PA)'*’'' exist. The former method 

partials out the m ain com ponent on successive iterations and seeks the point of 

m inim um  average correlation to indicate the num ber of com ponents to retain. The 

latter m ethod uses Monte Carlo simulation of random  datasets with the same 

num ber of variables and observations as the real data to generate correlation 

matrices for which the eigenvalues are determ ined. Typically the 95"' percentile of 

each eigenvalue is used as a cut-off value and if the corresponding eigenvalue from 

the original data is larger then the corresponding com ponent is retained. It is time 

consum ing to calculate PA repeatedly although attem pts have been made to 

replace the sim ulation with a simple regression^’s or with pre-com puted tabulated 

values from M onte Carlo simulation^’̂ .

Despite the com putational burden, PA is recom mended as the most appropriate 

m ethodology for deciding how  m any com ponents to retain. All subsequent 

analysis in this study will use PA to determ ine how many com ponents to retain.
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4.3.3 Problems with regional variation

W hen PCA is applied to area level data, where each observation represents values 

for a geographic area, problems arise due to regional variation in the data. As the 

PCA is calculated based on the correlations between the variables used, it assumes 

that those correlations are uniform across the areas being analysed. This is not 

generally the case and some variables are prone to more geographic variation than 

others. If large am ounts of geographic variation are observed, the results of the 

PCA may m isrepresent the relationship between variables in some regions.

A PCA was perform ed on five variables that have been used in a deprivation 

i n d e x . T h e  PCA is performed at Enumeration District (ED) Level, initially for the 

whole country and then separately for each of 34 Local A uthority areas. The five 

variables are: proportion unem ploym ent, (UE) proportion low social class (SC), 

proportion households with no car (NC), proportion local authority housing (LH) 

and overcrow ding (OC).

Of the 34 Local Authorities (LAs), 8 require a second principal com ponent to be 

retained. In Figure 4.1 the proportion population living in a city or town ED is 

plotted against the percentage variance explained by the first principal component. 

The LAs with tw o principal com ponents retained are distinguished from those 

with only one retained.

137



Figure 4.1 Proportion city and town population versus the percentage variance 

captured by the first principal component (R  ̂= 0.72)
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It is clear from Figure 4.1 that the fit of the first principal component is better for 

areas with a higher proportion urban population. This indicates that the model is 

more applicable in predominantly urban LAs and that perhaps the variables do not 

adequately capture deprivation in the more rural areas. However, it does not 

follow that this relationship holds at an ED level.

Figure 4.2 shows the plot of proportion urban population against the eigenvectors 

for the first principal component for each of the five variables. As the principal 

component value is the sum of the standardised variables multiplied by their 

respective eigenvector values, the eigenvector gives a relative weight for each 

variable. A very low value indicates that the variable does not correlate well with 

the other variables whilst a negative value indicates predominantly negative 

correlations with the other variables.

. I

•  •

O ne com ponent re ta in ed  

' T w o com ponen ts re ta in ed
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For some areas, notably more rural LAs, OC is negatively correlated with the other 

variables. It also has a significant positive correlation w^ith the proportion urban 

population (R  ̂= 0.468, p < 0.0001). There are many reasons w^hy this variable may 

experience such regional variation; housing is cheaper in rural areas; the 

population m ovem ent from rural to urban areas; the proliferation of studio and 

one-bedroom  apartm ents in city centres. Irrespective of the possible underlying 

reasons, OC is not as consistent a proxy for deprivation with respect to the other 

four variables.

It is evident from the above example that the correlations between variables at a 

national level may not hold at a regional level. A ssum ing a single global model 

may give rise to a model that performs poorly in certain regions. Furtherm ore, 

while the global model may be reduced to a single principal component, some 

regions may only be reduced to two or more principal components. Again, 

overlooking this detail may result in a misleading model of deprivation that is 

biased tow ards specific geographic areas.
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Figure 4.2 Proportion city or town population against eigenvector values for the 

first principal component for the five variables
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4.4 Potential sources of error in deprivation indices

There is an inherent assum ption  that a deprivation index is a reasonable reflection 

of the actual d istribution of deprivation in an area. In the process of generating a 

deprivation  index, there are num erous instances w here  the final index may be 

affected to a greater or lesser degree by a single step. These range from 

assum ptions abou t the validity of indicators to regional bias in troduced by the 

choice of indicators. Some of these problems will be dealt  w ith in this section.

4.4.1 Heterogeneity in small areas

As a deprivation  score is typically calculated at a small area level, it results in a 

label being attached to an area as it is not possible to label individuals. It should be 

noted, how ever, that not every individual living in a deprived  area is deprived, 

and not every individual living in an affluent area is affluent. The dem ographic  

heterogeneity present in small areas m eans that there will a lw ays be a mix of 

individuals in an area experiencing different levels of personal deprivation. As a 

consequence of this, it is possible that there may be 'pockets ' of deprivation in an 

area that is considered non-deprived or even affluent. The characteristics of one 

part of the com m unity  in the ED effectively mask the presence of the o ther part of 

the com m unity  by w ay of an averaging effect.

From a deprivation  m easurem ent perspective, the boundaries  of small areas would 

ideally be delineated to maximise the hom ogeneity  of the com m unity  living in that 

area. Naturally  this does not happen  and  w ithout individual level statistics it is not 

possible to assess the degree of heterogeneity present in a given small area. An 

assessment of heterogeneity  in New Zealand small areas by Salmond and 

C ram pton  looked at the population com paring individual-level and area-level 

deprivation.^’  ̂ They found that 14.0% of individuals w ith  few or no deprivation 

characteristics lived in areas in the three most deprived  deciles. They also noted 

that if resources w ere  only targeted at areas in the three m ost deprived  deciles, 

these areas w ou ld  miss 13.9% of deprived individuals.
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In Ireland, there is substantial variation in the population size of small areas. In the 

2002 census, ED populations ranged from 55 in Branchfield ED in Sligo to 24,404 

persons in Blanchardstown-Blakestown in Dublin. Pringle pointed out that large 

EDs tend to be more socially heterogeneous, although he goes on to say that EDs in 

cities tend to be more socially h o m o g e n e o u s .^ ’  ̂ This can be explained by the fact 

that a rural ED w ith a large population will tend to cover a large geographic area 

and thus encom pass a greater range of com munities while a city ED will, due to 

higher population densities, cover a smaller area and hence a more homogeneous 

community. Pringle contends that this problem of rural heterogeneity is 

particularly problem atic in m edium  sized towns where the entire town may fall 

within a single ED. In such instances a heterogeneous population is almost 

inevitable and the consequent averaging effect guarantees a deprivation score close 

to the average, although he does not perform any analysis to back up this assertion. 

As a sim ple test using 2002 census data, 133 towns and villages were identified, 

each of which is located in a single ED and comprised more than 50% of the ED 

population. The 133 towns and villages ranged in size from 233 to 18,288 persons, 

and were labelled with the 2002 SAHRU deprivation decile'**-’ of the ED they 

occupied. The frequency of each deprivation decile is given in Figure 4.3 below. For 

Pringle to state that m any of the towns fall into EDs that have scores close to the 

national average appears to be incorrect. Of course, this is partly dependent on the 

deprivation index used and an index with urban bias may tend to generate high 

deprivation scores for EDs w ith a predom inantly town population.
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Figure 4.3 The n um bers  of tow ns located in single ED by deprivation  decile
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O ne m ethod for dealing with heterogeneity would  be to use indicators that cover 

different ends of the spectrum, the intent being to identify areas that show signs of 

both deprived and non-deprived communities. For example, the proportion of 

households with no car could bo com pared with the proportion of households  with 

2 or more cars. By using m easures of both deprivation and affluence, it may be 

possible to h ighlight areas with possibly d isparate  com m unities  w here some 

m asking of deprivation  m ay occur. However, even if such areas could be 

h ighlighted, there is little that could be done to adjust for heterogeneity  o ther than 

possibly reviewing the appropria teness of the chosen indicators.

4.4.2 Regional bias and spatial autocorrelation

N one of the deprivation  indices outlined in section 4.1 have included either an 

analysis of rura l-urban  variation or an assessment of spatial autocorrelation in the 

indicators used. Both are sim ple analyses to conduct and w ould  assist in the 

identification of variables that m ight in troduce regional bias. Spatial 

autocorrelation gives a m easure  of how  similar observations are to nearby 

observations and can be quantified using M oran 's  A variation on M oran 's  I is 

the Local Indicator of Spatial Autocorrelation (LISA)^'’ which facilitates the 

analysis of correlations locally. While M oran 's  I p rovides  a single m easure  across 

all areas, LISA can be used to assess correlation at each small area.
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The context in Ireland is complicated by two main factors: the large variation in ED 

population and the proportionately small number of urban EDs. If EDs had a 

uniform population size, the majority of EDs would be urban as the majority of the 

population live in urban areas. As this is not the case, the majority of observations 

in a PCA or FA are rural EDs. For variables that show a strong urban bias this 

means that this bias is only increased by PCA or FA. This can be illustrated with 

the variable for proportion no car ownership which has some of the lowest values 

in the correlation matrix using data for urban areas only. As a consequence, in an 

urban only index the proportion no car ownership variable receives a lower 

weight, making it a less important variable. For rural EDs, the proportion car 

ownership has relatively higher values in the correlation matrix resulting in a 

higher weight. When all EDs are used, the weight for no car ownership is higher 

due to the dominance of rural EDs in the calculations. However, this also means 

that when coupled with the higher proportion no car ownership observed in urban 

areas, the urban EDs appear even more deprived.

As an example, a deprivation index was constructed with the five variables defined 

in section 4.3.3 previously: proportion unemployed, (UE) proportion low social 

class (SC), proportion households with no car (NC), proportion local authority 

housing (LH) and overcrowding (OC). The graphs in Figure 4.4 (page 144) plot the 

five variables by area type. The NC and LH variables appear to decrease with 

increasing rurality. For NC this is not surprising as more urban areas have greater 

public transport options which impact on car ownership. For LH, it is likely that 

local authority estates will be built in cities and towns rather than sparsely 

populated rural areas. This is a policy restriction rather than the choice of people 

living in LA housing. OC does not appear to correlate with area type. What is 

certain is that it does not correlate well with other deprivation indicators in rural 

areas suggesting that it is, at best, a regionally inconsistent measure of deprivation. 

While these three variables all undoubtedly capture some elements of deprivation, 

they are regionally biased.

Figure 4.4 Plots of variables by area type
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(d) Proportion households in Local Authority housing
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Spatial lag distance relates to neighbouring small areas. A spatial lag distance of 1 

includes contiguous neighbours. A lag of 2 includes the contiguous neighbours of 

areas at a lag distance of 1, and so on. Increasing spatial lag distance encompasses 

an increasing neighbourhood size around the small area of interest. A plot of 

Moran's I by spatial lag distance, shown in Figure 4.5, shows the spatial 

autocorrelation of each of the five variables with increasing neighbourhood size. 

With large neighbourhoods, the spatial autocorrelation for all variables is low. At 

short lag distances, however, very high spatial autocorrelation is observed for the 

car ownership variable. Further evidence for this can be seen in
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Table 4.7 (page 165), where the mean LISA values were given by area type. All of 

the variables have high mean LISA values in city EDs suggesting that neighbouring 

EDs tend to have similar levels of unemployment, etc. in urban areas. In rural 

areas, EDs tend to be more varied and neighbouring EDs are more likely to have 

different characteristics suggesting that there is less of a neighbourhood effect.

Figure 4.5 Moran's I by spatial lag distance
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A PCA is conducted using the five variables for three groupings of EDs: all EDs, 

city and town EDs and finally, village and rural EDs. The eigenvector values for 

the first principal component are shown in Table 4.3 below. The car ownership 

variable has a lower weight based on an urban subset of EDs than on a rural subset 

while the converse applies to overcrowding.
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Table 4.3 Eigenvector values using subsets of EDs

Indicator All EDs City & town EDs Village & rural EDs
UE 0.4891 0.4785 0.4946
SC 0.4403 0.4691 0.5060
NC 0.4430 0.4047 0.4672
LH 0.4963 0.4659 0.4719
OC 0.3526 0.4125 0.2416

To understand the implications of the different sets of weights, each set was 

applied to all EDs to derive three deprivation indices. For convenience, city and 

town has been labelled 'u rban ' and village and rural has been labelled 'rural'. In 

Table 4.4 the percentage EDs in the least and most deprived deciles is shown by 

area type. As a decile contains 10% of EDs, the expectation would be that for any 

given area type 10% of the EDs would be in any specific decile. An interesting and 

counter-intuitive result is that an index based on correlations in urban EDs 

increases the num ber of rural EDs in the most deprived decile. This is due to 

lowered weights for NC and LH, both of which tend to have lower values in rural 

areas, and greatly increased weight for OC which has a slightly higher mean in 

rural areas. Conversely, an index based on correlations in rural areas leads to an 

increased num ber of urban EDs in the most deprived decile.

Table 4.4 Percentage EDs in the least and most deprived deciles using PC A based 

on different subsets of EDs

Area type
Least deprived decile Most deprived decile

All Rural Urban All Rural Urban
1. City 21.0 18.4 21.8 36.6 40.3 34.7
2. Town 6.0 6.8 6.0 18.8 20.9 18.4
3. Near village 2.5 3.1 3.1 6.3 7.5 6.9
4. Remote village 2.8 1.4 2.8 16.9 14.1 15.5
5. Near rural 11.6 12.8 11.1 2.7 1.9 2.7
6. Remote rural 6.1 5.7 6.2 6.0 5.0 6.8

These findings are based on an index produced with a specific set of indicators and 

a different selection may produce quite different results. But this is a salient point -  

the choice of variables can have num erous impacts on a deprivation index, some of
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which will introduce bias but in a potentially counter-intuitive manner. There are 

sufficient tools available to identify variables that m ight bias a deprivation index 

tow ards urban or rural areas and yet researchers do not appear to address this 

issue. The Irish SAHRU index was recalculated at a regional level, acknowledging 

that significant regional variation existed.’®̂

4.4.3 Issues relating to small area boundaries and definitions

Choosing the level of spatial aggregation for an analysis can have a num ber of 

consequences for the results. Two of the main processes affecting the results are the 

modifiable areal unit problem (MAUP) and the ecological fallacy. Each will be 

dealt with in this section.

4.4.3.1 MAUP

The Modifiable Areal Unit Problem (MAUP) relates to the use of areal units for 

analysis. Unless a spatial analysis is conducted at an individual level, it will 

involve the aggregation of individuals to some defined set of geographic areas. The 

boundaries of those areas, or areal units, are generally quite arbitrary. Boundaries 

may be set by topographical features such as rivers, lakes, roads or field 

boundaries. If the boundaries are redraw n then individuals are aggregated 

differently and the results of a spatial analysis may be quite different. This is, in 

essence, the MAUP. The MAUP will occur whenever data are aggregated into areal 

units and this is the case w ith deprivation indices, which rely on census and other 

small area data sources. It is desirable to analyse at the lowest level of aggregation 

possible which is frequently some form of enum eration district.

The impact of the MAUP can be shown through a simple example. The point 

locations of homicides in Dublin from January 2004 to A ugust 2006 were obtained 

from dublincrim e.com ^^o and m apped. The homicides were aggregated into two 

different sets of arbitrarily chosen boundaries. Figure 4.6 shows the rate per 10,000 

persons for the two different choices of boundaries. The change of boundaries 

affects which areas appear to have higher rates.
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The MAUP cannot be adjusted for per se, it can only be taken into account in the 

form of caveats. It was suggested by Openshaw that some form of optimisation 

procedure be used when aggregating data into zones.^^ For example, if the 

hypothesis was that homicide rates were correlated with unemployment then 

zones would be delineated to maximise the correlation between unemployment 

rate and homicide rate.

Figure 4.6 Effect of changing boundaries on homicide rates

Homicide

Homicides/10,000 
I  0.084 - 0.438 

0.438 - 0.720 
0.720 - 1.573

Raw data source: http://www.dublincrime.com

In the process of generating a deprivation index it is not desirable to aggregate 

areas unless the populations are so small as to make the indicators unreliable. In 

the Irish context this is not really a problem as the EDs are generally quite large. In 

the UK, where post code level data are sometimes available, it is generally required 

to aggregate data either for confidentiality reasons or to make the data compatible 

with other area-level data. Aggregation may also be required if boundaries change 

between censuses, as happens in both UK and to a much lesser degree in Ireland.

4.4.3.2 The ecological fallacy

An issue that is linked to MAUP is that of the ecological fa llacyE co log ica l fallacy 

arises when a relationship observed at one level of aggregation is assumed to hold
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at a different level of aggregation. It generally occurs with a relationship being 

observed at a high level of aggregation, such as county  level, being assum ed to 

hold at a lower level of aggregation, such as ED or even individual level. As Pearcc 

points out, however, it also happens in the reverse direction producing the 

individualistic fallacy.^^' An example of the ecological fallacy in terms of 

deprivation  indices would  be the inference that if an ED is deprived  then all of the 

inhabitants of that ED m ust be deprived. As was show n  in N ew  Zealand this is 

rarely, if ever, the case.^'^

Research by Lancaster and Green examined the induced bias due  to ecological 

fallacy in studies linking deprivation and ill-health.^^^ They looked at how 

effectively individual-level and area-level deprivation  indices explained rates of 

limiting long term illness. They found area-level effects d istorted the relationship 

between health and the deprivation indicators com pared  to the individual-level 

analysis. Latent variable m odels  were improved by accounting for the interaction 

between age and deprivation. They conclude that inclusion of age effects into a 

deprivation  score produces results that are more consistent with an individual 

level analysis. Latent variable models were also used by Hew son when 

investigating deprivation and child pedestrian accidents.^^^ H ew son  also suggests 

using Council Tax valuation band as a reliable individual-level indicator of 

deprivation,

Salway and Lakefield discussed bias in ecological studies of non-rare events.^^"* 

They conclude that bias is m uch m ore difficult to characterise in studies involving 

non-rare events. This has implications for deprivation  indices as the indicators 

used typically affect larger num bers  of persons than rare disease events or even 

m ore com m on causes of m orbidity  and mortality. W aldron  noted that to minimise 

the effects of the ecological fallacy, studies should use smaller area aggregations to 

maximise the hom ogeneity  of the populations w ithin those areas.' ’̂-'’ This 

recom m endation cannot be generalised and it is argued  that the appropria te  area 

size is context specific -  sometim es more m ight be better than less.™ The use of
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very small areas can in troduce  problems of sam pling error that m ay  be diminished 

at h igher levels of aggregation.

MacRae pointed ou t that a lthough the ecological fallacy is a problem, substantial 

evidence exists to show  that correlations betw een deprivation  and  ill-health do 

exist at an individual-level as well as an a r e a - l e v e l . 3^7  Therefore, he  concludes, the 

ecological fallacy is not a legitimate criticism of s tudies correlating deprivation  and 

ill-health. W hile Ben-Shlomo and  Davey Smith argue  for both individual-level and 

area-level da ta  to be collected and analysed sim ultaneously , they concede that 

frequently the availability and  quality of individual-level does not allow for this.^^s

These recom m endations, a lthough useful, are also som ew hat  conflicting. While 

latent variable m odels  m ay offer some form of solution, w ithou t individual-level 

data for com parison  it is no t  possible to assess w hether  the resultant m easure  of 

deprivation  is 'better '.  N um erous  studies linking socioeconomic status or 

deprivation  to health and living conditions have m ade  reference to the ecological 

fallacy bu t only as a caveat to interpreting the resul t s. ’*’*’ In conclusion, it is 

difficult to account for the ecological fallacy w ithou t access to individual-level data. 

Furtherm ore, individual-  and  area-level indicators have independen t  effects on 

health,3“  so that the in terpreta tion is necessarily different.

4.4.4 Temporal comparisons

H aving  com puted  a deprivation  index and  identified areas of d isadvantage, it is 

reasonable to assess how  areas m ay have changed over time in terms of both 

ranking and  d isadvantage. Is an area better or worse off than ten years ago in both 

relative and  absolute  terms? The former is no t so difficult to address  -  the change 

in ranking of an area will indicate w hether  it has im proved  or d isim proved  relative 

to the o ther areas. To m easure  the change in absolute terms is m ore difficult. For 

any given indicator it is possible to com pare absolute change temporally. For a 

composite  indicator, however, such a comparison is no t s tra ightforw ard. Inherent 

in the process of combination, be it by PCA or FA, is s tandard isa tion  of the
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variables. M any of the deprivation indicators show  changes over time in both their 

m ean and s tandard  deviation. Due to this standard isation , scores from two 

different indices cannot be m eaningfully com pared. To illustrate the changes in 

mean, Table 4.5 shows the national proportions for four different indicators across 

four censuses. The changes betw een 1986 and 1996 are small bu t from 1996 to 2002 

the changes were m uch greater. This is particularly  p ronounced  in the 

u nem ploym en t and early school leaver variables. An ED with average values in 

1986 w ould  be considered quite  deprived in 2002. Despite this, not all EDs 

im proved in that time period. In fact, 3% of EDs had higher unem ploym en t rates in 

2002 than they did in 1986 even though the national rate m ore than halved.

Table 4.5 Change in selected indicator m eans from 1986-2002

Indicator
Year

1986 1991 1996 2002
D ependency ratio 
U nem ploym ent 
Low socioeconomic group 
Early school leavers

0.398
0.179
0.138
0.245

0.381
0.169
0.147
0.233

0.351
0.148
0.195
0.200

0.323
0.088
0.155
0.111

One option w ould  be to s tandard ise  all of the variables sim ultaneously  using a 

global m ean and  s tandard  deviation which are either calculated across all datasets 

or set using a baseline such as the first or last year of data. In theory the scores 

w ould  then be comparable.

A further problem  is that if scores are calculated for a num ber  of time periods, the 

weights associated with each variable will be different as correlations can be 

expected to change from year to year. The a rgum ent is that using different weights 

renders the scores incom parable and that the sam e w eights  m ust  be applied to the 

data from each time period. Such an approach ignores the fact that the variables 

that contribute to the notion of deprivation change over time and this change 

should  readily be accounted for, just as contributions change regionally. If the data 

are combined using PCA on correlations then the analysis is both scale- 

independen t and the sum  of squared  weights sum  to one. In a FA this is typically
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not the case so that the sam e distribution of deprivation scores w ould simply not 

be possible from one time period to the next. Haase and Pratschke use structural 

equation m odelling and FA with fixed weights between time periods to compare 

deprivation across time.’®-'' They do not indicate if variables w ere standardised 

across or w ithin time periods.

A final problem  w ith cross-temporal com parisons is that of indicator and boundary 

changes over time. For example, to facilitate changes in occupation structure the 

social class definitions in Ireland changed from 1991 to 1996 rendering back- 

comparison to 1986 impossible.^^^ In Ireland, alternate censuses are more narrowly 

defined and do not collect w hat might be considered the full dataset. This means 

that some indicators that m ight be considered useful in a deprivation context are 

not available for every census. Boundaries also change to facilitate confidentiality 

in small areas and town boundary increases in rural towns. In small EDs where 

confidentiality may be com prom ised by publication of the results, the EDs will be 

merged w ith neighbouring EDs to increase population size. In some town EDs, 

part of the town occupies the neighbouring rural ED. In some census years, the 

town population in the rural ED is given as part of the town ED and other times 

not. The lack of consistency is unexplained but causes problem s for comparability. 

In such cases, the town and rural EDs m ust be merged. A lthough undesirable, 

these merges m ust be m ade to each dataset to ensure common areas for valid 

comparison.

The difficulty with any approach to temporal deprivation com parisons is that it 

will undoubtedly  ignore that w hat m ight be considered a deprived status has 

changed over time. N ot ow ning a car might not have been considered a sign of 

deprivation 20 years ago although now  it is. It can be seen from Table 4.5 that 

major changes in the Irish economy took place in the latter half of the 1990's and 

that expectations of w hat resources an individual m ight have access to will have 

changed drastically in that time. This suggests that tem poral com parisons might be 

most effective in periods of relative economic stability when the definition of
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deprivation might be reasonably constant. An assessment of absolute changes in 

deprivation  m ight not be valid over a longer period of time and  that relative 

change m igh t be the m ost appropria te  m easure  of change.

4,5 Geographically weighted PCA

A possible solution to the regional variation in the correlations of variables is to 

develop the notion of a geographically weighted PCA (GW-PCA). The details of 

how  this can be achieved are detailed in this section.

PCA is performed for each of m  small areas in turn, w ith  the observations inversely

are determ ined  using som e distance decay function such that Wir = /(d.r) w here the 

weight and distance between areas i and r are Wir and  dir respectively. Subscript r 

refers to the area being considered.

The correlation matrix R is now  comprised of weighted correlations so that:

As in normal PCA, the eigenvalues and eigenvectors of R are calculated based on n 

variables. The eigenvectors are stored for area r as the n x n matrix Ur. Standardised

4.5.1 Calculation of GW-PCA

weighted by their geographic distance from the area being considered. The weights

m

r  = (4 .6)

m

Where; -v = m

y  = m
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scores are calculated in the same m anner as for the standard  PCA. The matrix of 

standardised scores is stored for each area as a 1 x n matrix. S i. The principal 

com ponents for area i are calculated as F, =  S iU i.

If all of the weights are equal to 1 (i.e. w ir = dir'°), then the GW-PCA will return the 

same result as the standard PCA.

4.5.2 Distance decay

The distance decay function dictates the rate at which the influence of a small area 

dim inishes with increasing distance. It is also possible to specify a maximum 

distance beyond which areas will be given a weight of zero. This m aximum can be 

given as an actual distance or as a percentage of areas. For example, a maximum 

distance of 100km could be used, with all EDs more than lOOkm from the ED of 

interest being given an influence weight of zero. Alternatively, it could be specified 

that 10% of areas will be included in the analysis. With 3,422 EDs this entails that 

other than the nearest 342 EDs, all other EDs will have a w eight of zero.

4.5.2.1 Different distance decay functions

A variety of distance decay functions have been tested. These functions have 

largely been derived from cooling functions used in sim ulated annealing.’-'’̂  In the 

following formulae, dm.,x refers to the largest distance between areas i and / such 

that all areas beyond that distance have a weight of zero. The weights generated by 

the decay functions are show n with increasing distance in Figure 4.7 below.
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Figure 4.7 Com parison of distance decay functions (dmax = 300)
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4.5.2.1.1 Straight line

In this decay function, there is a direct linear relationship between weight and 

distance so that at a distance of zero from the ED being estim ated the weight is one 

and at the maxim um  distance the weight is zero. In this way, an observation at half 

the maxim um  distance receives half the m axim um  weight.

4.5.2.1.2 Cosine function

The incorporation of the cosine function into this formula produces a weighting 

scheme that initially gives similar weights before influence dim inishes more 

rapidly. Up to half of dmax the weights are larger than for the straight line function
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while beyond that distance the weights are smaller than for the straight line 

function.

/
(  ̂ - ^ 1 1  ]1 + cos >1

f j
(4.8)

V \  ^  max / )

4.5.2.1.3 Exponential function

This function produces weights are always below those for the straight line 

function. The choice of param eters results in a m oderate rate of decay.

= 20.e -1

4.5.2.1.4 Distance power

The standard function used in many applications applies a simple inverse distance 

decay. The choice of pow er is typically a small integer value as large values will 

lead to a very rapid decay. The consequence of this rapid decay is that w ithin a 

very short distance the weights drop to near zero which results in all but the very 

closest observations having little or no influence.

(4.10)

Where: n is a positive real num ber, typically 2

4.5.2.1.5 Alternate distance power

The previous function does not incorporate the value of dmnx and therefore tends to 

zero only at very high distances or for large values of n. This alternative 

formulation produces a similarly shaped curve that tends to zero for the chosen 

value of d m ax.
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Where; ^
m ax

(4.11)

B = \ - A

4.5.2.1.6 Hyperbolic cosine function

This function utilises the hyperbolic cosine, or cosh, function. The rate of decay is 

less rapid than either the distance power or alternate distance pow er functions 

although the weights do tend to zero relatively rapidly.

4.5.2.1.7 Comparison of distance decay functions

The curves in Figure 4.7 show the rate at which weights decrease for seven 

different decay functions. The distance pow er and alternate distance pow er curves 

results in very rapid decay of weight by distance. The straight line, cosine and

less regional distinction unless a restrictive cut-off is used. The hyperbolic cosine 

function has a gradual initial decay but tends toward zero by approxim ately a half 

of the cut-off or maximum distance.

In more rural areas, where EDs are generally larger in area, the distances between 

EDs are usually larger than in urban areas. With a very rapid distance decay 

function, all but the nearest EDs will have low weights close to zero. In that event, 

only a small num ber of EDs will influence the PCA.

(4.12)

exponential functions lead to very gradual decay by distance and generally give
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4.5.3 Cut-off specification

Choosing a cut-off distance for weighting is recommended where any regional 

variation may be lost by including all areas. Coming back to the first law of 

geography, areas that are close in space are typically quite similar in their 

attributes. By extension, areas that are distant in space may be quite dissimilar. The 

purpose of employing distance decay functions is to ensure that the attributes of 

nearby areas are given the greatest weight. The use of a cut-off distance can further 

ensure that areas that are distant do not unduly influence the findings. The region 

that falls within the cut-off is called the catchment area for the given ED of interest.

4.5.3.1 Specifying a maximum distance

In this case, a maximum distance is specified beyond which areas are given a 

weight of zero. In urban areas, where EDs tend to be smaller in area due to the 

higher population density, a given maximum distance may encompass many more 

EDs than in a rural region, where EDs typically cover more area. An urban 

catchment will contain many times the number of EDs as a rural catchment with 

the same cut-off distance, as is shown in Figure 4.8 below. The numbers of EDs, 

including the focus EDs (Rathmines West B and Crookhaven, respectively), within 

10km of the urban and rural focus EDs are 223 and 3 respectively.

Figure 4.8 Catchment based on a cut-off distance (10km)

H Focus ED 
Catchment 
Outside cut-off
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Urban area Rural area
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4.S.3.2 Specifying a number of areas to include

Rather than selecting a distance, a fixed number of areas, ranked by distance, were 

chosen. This overcomes the problem of differing ED sizes in urban and rural 

regions. It does, however, result in differing maximum distances covered. This is 

particularly evident for rural coastal areas. EDs in the centre of the country will 

have an approximately circular catchment while EDs in coastal areas or on 

peninsulas will have catchments with quite a distorted shape, as can be seen in 

Figure 4.9 below. The catchments containing 20 nearest neighbours for the urban 

and rural focus EDs span 2.86km and 35.96km respectively.

Figure 4.9 Catchment based on number of areas (nearest 20 areas)
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4.S.3.3 Specifying a maximum lag distance

The benefits of this method are that it takes into account the fact that rural EDs 

tend to be further apart. Unlike using a fixed number of areas, this method also 

retains an approximately circular catchment shape. Catchments that encompass 

both urban and rural areas are still likely to be distorted as area sizes will not be 

homogeneous. Figure 4.10 shows catchments for an urban and rural ED 

respectively based on 5 lags. The urban catchment contains 127 EDs and spans 

8.08km while the rural catchment contains 10 EDs and spans 24.50km.
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Figure 4.10 Catchment based on maximum lags (5 lags)
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4.5.3.4 Specifying a percentage of the population

In this method, the number of neighbours included in the catchment is increased 

until a certain minimum population is included. The primary benefit is that all 

catchments will have an approximately equal population base. However, in rural 

areas the number of EDs required to fulfil the catchment requirement may be very 

large compared to an urban area.

4.5.3.5 Finding the optimal distance

A further possibility is to specify a starting distance or percentage of areas, and 

increase the cut-off until a model is achieved where only the first principal 

component is retained. The cut-off may be increased by either one ED or one 

spatial lag at a time. Although very time consuming computationally, it should 

lead to results that use the minimum cut-off necessary for a good model.

4.5.3.6 Recommendations for cut-off choice

The use of a cut-off distance results in urban catchments having many more EDs 

than rural catchments. Including a percentage of areas is useful for ensuring the 

number of neighbours used in the PCA but leads to quite distorted catchment 

shapes. The use of lags to define the cut-off has the benefits of both the distance

162



and percentage areas methods. The use of percentage population has been 

discounted as the unit of observation is the ED, not the population.

In finding the optimum distance for each individual ED, the final results may not 

be comparable. Two neighbouring EDs may need significantly different radii to 

achieve acceptable models depending on how homogeneous the data are and the 

severity of the distance decay. It also makes it difficult to interpret regional 

variations in the relative weights associated with the variables used.

The first three methods were applied to a four variable, ED-level GW-PCA for 

Ireland. There are 3422 EDs in the country. The histograms in Figure 4.11 compare 

the frequency of results using three different methods of cut-off definition. The 

histogram in 4.7a shows the frequency of neighbour counts. The counts range from 

14 to 588 within 50km of the focus ED, with a median of 285. The histogram in 4.7b 

shows the frequency of distances covered when the cut-off is based on 10%, or 342, 

of the areas. The distances range from 26.19km to 210.20km, with a median of 

55.12km. Finally, the two histograms in 4.7c show the frequency of catchment size 

and distance respectively. The sizes range from 27 to 467, median 250, while the 

distances range from 17.90km to 98.95km, median 56.71km.

Figure 4.11 Comparison of cut-offs
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Each cut-off is approxim ately equivalent, as can be seen from the median values. 

However, they result in widely varying ranges as can be seen in Table 4.6, where 

the ranges are show n for the three methods. The method using spatial lags results 

in smaller ranges and is thus a good hybrid of the tw o other methods.

Table 4.6 Comparison of results for different cut-off definitions

Cut-off method Distance (km) Percentage areas (%)
10% M edian 90% 10% Median 90%

Distance - 50 - 3.4 8.5 12.8
N um ber of 37.9 55.1 86.3 - 10.0 -
areas
Lags 46.4 56.7 72.0 3.6 7.5 9.4

Comparison with the optimal distance method is not as straightforward as it is also 

dependent on the geography, the data and the distance decay function used while 

the other three methods are dependent on geography alone. Furtherm ore, use of 

the optimal distance method can lead to neighbouring EDs having very different 

sized catchments and potentially m arkedly different eigenvectors. This would 

certainly complicate interpretation of the variation in eigenvector values.

G roups of urban EDs typically produce m arkedly different correlations between 

variables than groups of rural EDs. This may be due to the greater homogeneity 

that appears to occur w ithin urban areas. The figures in Table 4.7 show the mean 

Local Index of Spatial Autocorrelation (LISA)^'’̂  values for five variables for a range 

of area types from urban to rural. The highest levels of spatial autocorrelation 

occur in city EDs. A high positive LISA value indicates that neighbouring EDs have 

very similar values while a high negative value indicates dissimilarity. The high 

average values in city EDs indicate a strong neighbourhood effect whereby groups 

of EDs tend to be quite hom ogeneous and have similar socio-demographic profiles.
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Table 4.7 Mean spatial autocorrelation by area type for a range of variables

Area
Mean LISA index value

UE SC NC LH OC
City
Town
Near Village 
Near Rural 
Remote Village 
Remote Rural

1.1289
0.3692
0.2025
0.2861
0.5834
0.5494

1.4579
0.2504
0.1488
0.2409
0.4397
0.3951

3.6771
0.2111

-0.0140
0.2380
0.1199
0.1395

1.9012
0.0361

-0.1430
0.0606

-0.0566
0.1202

0.6574
0.1909
0.1025
0.0923
0.1034
0.0696

As a consequence of this urban-rural disparity, the correlation between two 

variables will be affected by the inclusion or exclusion of a mix of urban and rural 

EDs. As the catchm ent around an ED increases, the inclusion of additional areas 

affects the correlation observed. In the following example, the correlation between 

proportion unem ploym ent and proportion low social class is calculated across a 

range of cut-off distances for a rural ED in Cork called Crookhaven. The ED is 

unusual in that w ithin a very local area, the correlation between the two variables 

is negative. The change in correlation with increasing catchment size is shown in 

Figure 4.12 below. The graph also shows the distance at which each of the five 

cities im pacts on the correlations.

It is clear that other than the hyperbolic cosine curve, all of the decay curves are 

strongly affected by the inclusion of Cork city and to a lesser extent Limerick city. 

The cosine and distance pow er curves are quite susceptible to changes and the 

inclusion of a single additional ED can have quite an impact on the correlation. The 

distance pow er function tends to zero at large distances but at short distances, the 

furthest ED within the catchment may still have significant influence on the 

correlation. For the other decay functions, the weights tend to zero at the cut-off 

point, leading to smoother transitions. The cos() and straight line curves, also 

produce quite sudden changes in the correlation. The cosh() curve produces a 

much sm oother curve and does not show the sudden changes of the other curves. 

As the cosh() curve tends tow ards zero at half the specified cut-off distance, Cork 

does not begin to affect the curve until the cut-off is over 200km.
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Figure 4.12 Correlation between unemployment and low social class with 

increasing distance using six different decay methods for Crookhaven ED
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Another important attribute of the decay curves is that the straight line, cos() and 

exponential functions all tend towards the national correlation when all EDs are 

included. That means that if no cut-off is specified, then these decay curves will 

produce a local PCA that is very similar to the global PCA. The other decay curves 

retain some local information even when all EDs are included.

The above example suggests that the distance power curve should not be used in 

conjunction with a cut-off distance but only in cases where all EDs are included. 

The results of the GW-PCA would be overly sensitive to the choice of cut-off 

distance if a distance power curve was used. The straight line, cos() and 

exponential function curves tend towards the national correlation at larger 

distances and should therefore be applied with a more stringent cut-off distance. 

Where variables are used that display strong spatial autocorrelation or urban-rural 

differences, it should be noted that the results of the GW-PCA may be quite
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sensitive to the choice of cut-off. The pseudo pow er  and cosh() curve m ethods 

retain m ore  of the local information in the correlation. How ever, w hen  the local 

correlation is opposite  to w hat is seen nationally these decay curves may lead to a 

GW -PCA with a poor fit in terms of the first principal com ponent. As such, it 

would  be recom m ended  to employ a large catchm ent size w hen using these decay 

functions.

The exam ple given above raises questions about instances w here  correlations are 

observed that are the inverse of those found nationally. The correlation between 

unem ploym en t and low social class is 0.617 nationally. This is not surprising as one 

w ould  expect unem ploym en t to be highest am ongst the semi-skilled and unskilled 

labour force. A negative correlation suggests that unem ploym en t decreases with an 

increased p roportion  of the population in a low social class. In the case of 

C rookhaven  ED, this inverse correlation holds for the ED itself and the nearest 3 

neighbours. This is coupled with the fact that the distances betw een EDs in the 

vicinity of Crookhaven  are large so that even with a less severe distance decay 

model, the nearest EDs have a strong influence on the correlation coefficient. 

Indeed, if no decay function is used, once the nearest nine EDs are included the 

correlation coefficient is positive rather than negative. It should  be noted that 

C rookhaven and its neighbouring EDs have small popu lations  and that even with 

shrinkage, unusua l characteristics may remain. This m eans that the negative 

correlation observed locally may simply be an artefact caused by a combination of 

small num bers , the choice of distance decay model and  chance. O ne m ethod of 

guard ing  against this is to use a decay and cut-off com bination that ensures that all 

EDs have correlations that agree with those observed nationally. There is a danger 

that a genuinely  anom alous local correlation m ay be rem oved although a strong 

negative correlation will generally turn into a w eak  positive correlation if a 

sufficient catchm ent is used. Of Crookhaven and its 20 nearest neighbours, only 

two have above average unem ploym ent while 11 have  above average proportion 

low social class. W hen looking at Crookhaven, rather than give a negative weight 

to un em p lo y m en t or low social class, a weak positive w eight would  indicate that
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the variable in question is not very influential locally. It w ould not make sense to 

say that greater unem ploym ent leads to reduced deprivation in Crookhaven. It 

w ould be m ore appropriate to say that deprivation is not greatly influenced by 

unem ploym ent in that local area.

4.5.4 Implementation of GW-PCA

As GW-PCA is an entirely new methodology, it is not available in any 

commercially available software. For the purposes of this thesis a software package 

has been developed in Visual Basic .Net^̂ -'’ incorporating all of the elements 

discussed in the preceding section. As is required for a standard  PCA, the indicator 

values for each small area are required as input. In addition, the neighbourhood 

structure and coordinates of each small area centroid are also required. The 

software allows the user to pick param eters relating to the preferred distance decay 

function and cut-off distance. The user can select the num ber of eigenvalues to 

output and w hether to calculate M oran's I and local M oran's I (LISA) values. The 

output also indicates the num ber of com ponents required for each small area based 

on the parallel analysis method and the local weights associated w ith each variable.

4.5.5 Example application of GW-PCA

To illustrate the utility of GW-PCA, an example of a deprivation index will be 

given. This is a four variable index including proportion unem ployed (UE), 

proportion in a low social class (SC), proportion households w ith no car (NC) and 

the proportion households living in a LA house (LH). The overcrow ding variable, 

OC, has been om itted given the large num ber of negative correlations it produces 

locally as was seen in Figure 4.2 previously.

4.5.5.1 Correlations between variable pairs

There is regional variation in the correlations between pairs of variables. Figure 

4.13 shows two m aps to illustrate the extent of the variation. The correlation 

between unem ploym ent and low social class ranges from 0.070 to 0.834 locally 

while it is 0.617 for a global PCA. Similarly, the correlation between low social class
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and car ownership ranges from 0.204 to 0.371 locally compared to a correlation of 

0.408 for a global model. The relationship that exists at a national level does not 

apply to all areas locally.

Correlations are typically greater in city or city fringe areas. This is partly due to 

the greater homogeneity that exists in cities. Due to smaller populations and 

greater distances between EDs in rural areas, correlations are sometimes poor in 

rural areas. The current example used a maximum lag distance of fifteen with the 

exponential distance decay function. The average number of neighbours was 737.0 

and the average maximum distance encompassed was 106.8km. This meant that 

the districts used were quite large and many rural EDs would have had some 

urban EDs included when computing the localised PCA.

Figure 4.13 Regional variation in correlations for two pairs of variables

Correlation between Correlation between low
unemployment and 

low social class
social class and 

households with no car
____  0.070-0.433 1 ” '1  0.204 -0.371
n Z l  0.433 - 0.544 L  J 0.371 -0.449

0.544 -0.614 
I B  0.614-0.673 Jf H i  0.449 - 0.516 

■ ■  0 .516-0.552
0.673 - 0.834 ■ ■  0.552 -0.707

4.5.S.2 Variance explained by the first principal component

As part of the GW-PCA, all eigenvalues are calculated for each ED. By employing a 

large maximum lag distance and the exponential distance decay function, only one
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principal component had to be retained in all cases. All EDs could be adequately 

described by the first principal component, leading to a more easily interpretable 

index. However, the amount of variance explained by the first principal component 

still varied substantially by region. The map in Figure 4.14 shows this variation by 

ED. For the global model, 67.8% of variance was explained by the first principal 

component. Locally, this figure ranges from 46.1% to 82.1% indicating that for 

some areas, the first principal component is a poor fit.

All EDs also had positive correlations between all variable pairs. Again, this was 

achieved by using a relatively large maximum lag distance and a slack curve 

distance decay function. The benefit of this is that there are no counter-intuitive 

correlations.

Figure 4.14 Variance explained by the first principal component
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§ ■  73.1 - 74.7 
74.7 - 76.4 
76.4 - 78.3 ■i 78.3 - 82.1

To identify where these areas of poorer fit occur, the percentage of EDs with more 

variance explained by the first principal component than in the global model is 

given by urban-rural class in Table 4.8 below.
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Table 4.8 Count of EDs for which the first principal com ponent explains 67.8% or 

more variance (percentage) by urban-rural class

U rban-rural class Frequency

Count of EDs for which 
first principal com ponent 
explains 67.8% or more 

variance (%)
City 467 445 (95.3)
Town 234 160 (68.4)
N ear village 159 91 (57.2)
Remote village 71 38 (53.5)
N ear rural 1301 949 (72.9)
Remote rural 1190 410 (34.5)
Total 3422 2,093 (61.1)

It is evident that the first principal com ponent tends to have a poorer fit for remote 

rural EDs than for any other class. This certainly suggests that the relationships 

between the deprivation variables are quite different in rural areas com pared to 

city and town areas. It may also point to the resultant deprivation score being more 

descriptive of deprivation in urban areas than rural areas.

4.5.S.3 Eigenvector values

The eigenvector values obtained by the PCA process are used as weights for the 

standardised variables. The weight for a given variable is influenced by the 

correlation between that variable and the other variables. As the sum  of squared 

weights m ust equal 1, a low weight for one variable is com pensated by higher 

weights for at least one of the other variables and vice versa.

The m aps in Figures 4.11 to 4.14 show the weights for each of the four variables by 

ED. The weights indicate the relative im portance of the variables in calculating the 

deprivation score. The interrelationships between the variables are complex and 

vary regionally, making interpretation difficult. N ot all rural areas have the same 

correlations between variables or underlying means. It is also clear that Dublin, 

being the capital and significantly larger than the other cities, has a wide influence 

which extends to the edges and beyond of the Greater Dublin area of Dublin, 

Kildare, Meath and Wicklow.
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Figure 4.15 Eigenvector values for proportion unemployed
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Figure 4.16 Eigenvector values for proportion low social class
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Figure 4.17 Eigenvector values for proportion households with no 

car
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Figure 4.18 Eigenvector values for proportion households living

in Local Authority housing
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The am ount of variability captured in the model is largely dependent on the choice 

of distance decay function. If a rapid decay w ith a small m aximum distance is 

used, much greater variation is captured. As a less severe decay function and large 

maximum distance was used in this example, less variability in the weights is 

observed.

As the deprivation score is the sum of weights by standardised variables, it is 

possible to determ ine how much each variable contributes to the final score of an 

ED. However, where the variable is arbitrarily close to the mean for that variable, 

the standardised value will be very close to zero. In that case, the variable 

effectively makes no contribution to the score, even though it might have a 

relatively large weight associated with it. For this reason, m apping or analysing the 

contribution of each variable can be misleading.

One method for understanding the typical contribution of each variable in an area 

is to apply the weights to the underlying means, as calculated in the Monte Carlo 

Longford shrinkage described in section 3.Z.3.3 previously. It should become 

apparent where the combination of a high local value and a large weight lead to a 

large contribution to the deprivation score. In some cases, such as in Dublin city, 

the weight for car ow nership is low but the variable typically has very high values 

making it a very influential variable in the deprivation score in Dublin city.

The maps in Figure 4.19 show the contribution of each of the four variables to the 

deprivation score based on the underlying means. The contribution is expressed as 

a proportion which is signed to indicate w hether the variable is reducing or 

increasing the deprivation score. A contribution of -0.5, for example, indicates that 

the variable in question contributes half of the score and is below average, thus 

reducing the score. As the calculation is based on the underlying mean for each 

variable, it is merely indicative of the contribution as the local variation will lead to 

differing contributions in each ED. It does, however, suggest which variables give 

rise to higher and lower deprivation scores in different parts of the country.
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In some areas, the im portant variables are quite clear such as in Donegal, where 

unem ploym ent and low social class both lead to high deprivation scores. In north 

Dublin city and suburbs, car ow nership and local authority housing are the main 

variables leading to high deprivation. In south Dublin city and suburbs, it is the 

low num bers in low social classes that greatly reduce the deprivation scores. Each 

area has a different mix that results in typically high or low deprivation. As has 

already been stated, this is only indicative but it does illustrate how a particular 

deprivation score in one part of the country may be due to very different factors 

com pared to a similar deprivation score in another part of the country.
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Figure 4.19 Contribution of each variable to deprivation score (based on means)
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A final step is to m ap the deprivation scores. This is shown in Figure 4.20 in tw'o 

maps, both showing the scores by decile. The left-hand map shows the scores from 

the GW-PCA analysis while the right-hand map shows the score calculated using 

the underlying means applied to the weights from the GW-PCA. The latter map
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affectively smoothes out locally unusual EDs with small populations, giving an 

indication of the general deprivation of an area. This sort of map may be 

misleading as it removes genuine local variation although it is useful for a rapid 

overview.

Figure 4.20 First principal component mapped for local and mean

Prinl from GW-PCA Applying GW-PCA weights to

Monte Carlo mean means

Deprivation deciles 

n  1 - Least deprived

It is apparent that there is substantial variation in the relative importance of 

different variables when they are combined into a deprivation index. This variation 

can be observed and analysed using GW-PCA. It can also be seen that the fit of the 

first principal component varies regionally, indicating that in some areas, a 

particular choice of variables may be less appropriate than in others.

4.6 Outlier detection and influence functions

An outlier can be defined as an observation that is different or inconsistent with the 

remainder of the data.^^ Outliers can, but not as a rule, have undue influence on a 

multivariate method such as PCA or FA. So an outlier can be an influential
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observation b u t an influential observation is no t necessarily an  outlier. Being able 

to identify  influential observations and lim it the effect of ou tliers  are useful 

techniques in both PCA and FA.

4.6.1.1 Outlier detection and robust calculations

PCA itself can be used for outlier detection d u e  to its d im ension  reduction 

qualities. It is possible to identify  outliers based on their inconsistency w ith  the rest 

of the data, particu larly  on 3"*̂  and  subsequen t principal c o m p o n e n t s .^ ’  ̂ A 

num ber of robust PCA m ethods exist that use a robust estim ate of the  covariance 

o r correlation m atrix  to d im in ish  or rem ove the effect of outliers."’'*'’-^' These 

m ethods frequently  incorporate M ahalanobis d istance or som e sim ilar m easure of 

statistical d istance from  the m ultivaria te  m ean. The M ahalanobis d istance for 

observation i is defined in Equation 5.1 below.

The cut-off M ahalanobis d istance is calculated w ith reference to a C hi-square

d istribu tion , specifically the critical value is given by 0975 w here  p is the

n um ber of variables.^^® U sing the five variables outlined  in section 4.4.2, the 

M ahalanobis d istances w ere calculated and are show n in F igure 4.21 by area type. 

For the exam ple using five variables, the cut-off is 3.58 above w hich an  observation 

is considered an outlier. This m ethod  classifies 249, or 7.3%, of the 3,422 

observations as potential outliers.

(5 .1)

W here; x, = p d im e n s io n a l observation i; i = \ , 2 , . . . , n

]j = p-d im ensional m ean

S  = covariance m atrix
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Figure 4.21 Mahalanobis distance by area type 
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From Figure 4.21 it would appear that many of the outliers are city EDs. 

Summarising the numbers of outliers by area type in Table 4.9 shows that a 

disproportionate number of outliers are city EDs. This is probably due to the fact 

that, as was seen in Figure 4.4, city EDs can experience extreme values in some 

variables such as car ownership and local authority housing.

Table 4.9 EDs classed as outliers by area type

Area type EDs
Out iers

Count Percentage
1. City 467 156 33.4
2. Town 234 10 4.3
3. Near village 159 2 1.3
4. Remote village 71 1 1.4
5. Near rural 1,301 13 1.0
6. Remote rural 1,190 67 5.6

A number of the robust correlation matrix estimation methods have been 

implemented in the Robust package as part of S-Plus.^®’ Table 4.10 shows the 

eigenvectors of the first principal component using each of four robust estimators: 

MCD, M, Pairwise QC and Pairwise GK. As these methods tend to operate by 

identifying and either dropping or down-weighting outliers, it can be expected that 

in this instance a robust method will diminish the impact of city EDs. This can be
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seen in Table 4.10 in the fact that the eigenvectors bear more similarity to that 

derived from rural only EDs shown in Table 4.3 previously.

Table 4.10 Eigenvector values for the first principal com ponent using different 

robust estimates of the correlation matrix

Indicator
Robust estimation method

None MCD M
Pairwise

QC
Pairwise

GK
UE 0.489 0.469 0.491 0.491 0.489
SC 0.440 0.506 0.483 0.481 0.483
NC 0.443 0.471 0.456 0.476 0.473
LA 0.496 0.486 0.511 0.511 0.513
OC 0.353 0.258 0.236 0.202 0.201

The intention of robust analysis is to remove or dim inish the effect of outliers. How 

well this is achieved depends on how well the outliers are identified. A third of city 

EDs are identified as outliers and, as a consequence, the city EDs have less impact 

on the correlation matrix. This, in turn, results in a correlation matrix that has 

stronger resemblance to the correlation matrix produced by only considering rural 

EDs. This consequence is predictable given the fact that the m ultivariate distance is 

com puted in relation to a vector of means. As the majority of EDs are rural, the 

means vector will be dom inated by rural observations and, if there is any 

significant urban-rural difference, the urban EDs will be more likely to be 

considered as outliers.

When robust estimation is applied to the covariance or correlation matrix, the 

resultant eigenvalues and eigenvectors are considered robust. However, as the 

principal com ponents are com puted using the standardised variables with the 

eigenvectors, the outlying observations will most likely have outlying principal 

com ponent scores. In other applications, such as image analysis, it is possible to 

effectively ignore the identified outliers or to estimate new values for the outlier 

based on neighbouring observations.^’" Such an approach would not be 

acceptable in the developm ent of a deprivation index as each area should be

180



represented and, if census data are used, it is arguable that w h ile  values m ay be 

extrem e they w ere correctly m easured and thus legitim ate.

4.6.1.2 Influential observations

It has already been stated that an outlier need not be influential and an influential 

observation need not be an outlier. D istance m etrics are usefu l for identifying  

outliers but are not so useful for influence m easurem ent. Influence functions were 

described by Critchley,^^ and subsequently  d evelop ed  further for application in 

robust PCA by Croux and Haesbroeck.^^* Brooks used  influence functions to 

assess the influence of ind ividual observations on the e igen valu es and 

eigenvectors.^'*’ Equation 5.2 g ives the theoretical influence function for observation  

i and e igen valu e k.

I (x ,; / I J  =  a[  (x, -  p Xx, -  /7) cx, - a ' , T a ,  (5.2)

Where; = ^;-dimensional observation i; /' = 1, 2 ,..., n 

/ /  = /^-dimensional mean  

\k  = e igen valu es for k"’ com ponent 

a,^ = /c*'' principal com ponent; k = \ , 2 , . . . ,  p 

r  = correlation matrix

An alternative to the theoretical influence function is to calculate an em pirical 

influence function u sing  jackknife methods. '̂*-'' The jackknife approach essentially  

involves leavin g  out each observation in turn and re-com puting the PCA each time. 

A lthough  com putationally  intensive, it is possib le to look at the im pact of each  

observation on the e igen valu es and eigenvectors o f each principal com ponent by 

calculating the d ifference betw^een the e igen valu e w ith  and w ithout the 

observation. It is also possib le to m easure the change in angle of the eigenvector of
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a p rinc ipa l com ponent w ith  and w ith o u t the /"" observation. Equation 5.3 defines 

the em pirica l influence function.

Where; x, = p-dim ensional observation i; i = n

= eigenvalue computed w ith o u t observation i 

0 = eigenvalue computed w ith  all n observations

Brooks compared theoretical and em pirica l influence functions and found little  

difference in  the results a lthough clearly the em pirica l function entails a greater 

com putational burden as the PCA must be repeated n times.'’"''' Both the em pirical 

and theoretical influence functions were calculated fo r the five variable deprivation 

index being calculated. Figure 4.22 shows a p lo t o f the em pirica l values against the 

theoretical values. Em pirica l influence values are lowest at 0 w h ile  theoretical 

influence values are lowest at -2.91 in this example. For the subsequent discussion 

the em pirica l influence values w il l be used as they are more s im p ly  defined and 

interpretable. A  negative value in the em pirical influence function indicates an 

increased eigenvalue w ith  the inclusion o f that observation.

(5.3)
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Figure 4.22 Empirical and theoretical influence function values
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As outliers have been defined in terms of Mahalanobis distance, it is interesting to 

note to what extent outliers are also influential observations. The plot in Figure 4.23 

shows Mahalanobis distance by empirical influence value. As can be seen from the 

outlier cut-off line, the most influential observations are also all outliers. However, 

some of the outliers are not particularly influential. An empirical influence value of 

zero indicates an observation with no influence on the eigenvalue. This merely 

confirms the statement that outliers need not be influential. With the given dataset 

most of the observations that are influential are also outliers. The circled 

observation in Figure 4.23 is John's A ED in Limerick City. This ED has a 

population of 1,358 and has the second highest unemployment and highest low 

social class proportions in the country. It is also in the highest 30 EDs with respect 

to no car ownership, local authority housing and overcrowding. This is clearly a 

very deprived ED and makes a significant contribution to correlations between the 

deprivation variables.
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Figure 4.23 Mahalanobis distance by empirical influence

O utlier cut-off

Empirical influence

The empirical influence function values are given by area type in Figure 4.24 

below. It can be seen from the many negative values for city EDs that they tend to 

increase the eigenvalue of the first principal component. This underlines the fact 

that although city EDs account for only 13.6% of EDs, they exert a lot of influence 

on the nature of the first principal component and the amount of variance 

explained by it.

Figure 4.24 Empirical influence by area type
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Some area types m ay exert greater influence on the principal com ponents  than 

others. The consequence of this is that, as with outliers, they m ay introduce a 

regional or urban-rura l bias into the resultant deprivation  index. However, unlike 

specific outliers, the identification of influential observations m ay assist in the 

interpretation of a deprivation  index but it is not a necessity to adjust for them.

4.7 Summary

A num ber  of m ethods of d im ension reduction have been used to combine 

deprivation  indicators into a single, or sometim es multiple, indices. The most 

com m on techniques have been principal com ponents  analysis (PCA) and factor 

analysis (FA). A subjective comparison suggested that PCA was m ore appropriate  

for combining variables for a deprivation index.

A discussion of sources of error in deprivation indices included the problem of 

regional variation in deprivation indicators. The variation extends to the 

correlations between variables indicating that in different regions, different 

combinations of variables m ay be more consistent proxies for deprivation. To 

account for this regional variation, a new m ethod of PCA -  geographically 

weighted PCA -  w as developed and applied to Irish data. In this new  method, the 

correlation matrix is recom puted for each small area with increased weight given 

to observations that are geographically close to the focus ED. A range of distance 

decay functions for com puted  weights were tested. The m ethodology was applied 

to an illustrative exam ple using Irish data. As part of GW-PCA, the local weights 

for each indicator can be m apped  to show the relative im portance  of each indicator 

regionally.

This new  m ethodology represents an im portan t advance  as regional variation in 

the deprivation  indicators is explicitly accounted for in the process of dimension 

reduction.
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5 Sensitivity analysis

The developm ent of a deprivation index involves a num ber  of key steps w here the 

developer  m ust m ake decisions regarding the content and com puta tion  of the 

index. The choices m ade  can have substantial impacts on the appearance and 

defensibility of the final index. A logical analysis w ould  be the sensitivity of the 

calculated index to different choices of m ethod and data. The first section of this 

chap ter  defines the key stages in the developm ent of a deprivation  index. In the 

final sections of the chapter there is a sim ple sensitivity analysis followed by a 

m ore in-depth sensitivity analysis.

5.1 Key steps in deprivation index development

The flow chart in Figure 5.1 outlines the key steps and some of the options that 

m ight arise in those steps.

Figure 5.1 Flow chart of deprivation index calculation

Yes or no? W hat type?

1. Indicator selection

2. Shrinkage

3. Data transform ation

4. Com bination

5. Presentation

Yes or no? W hich m ethod?

Which variables? W hat denom inators?

Deciles, equal interval, s tandard  

deviations, etc?

One com ponent or several?

PCA, GW-PCA, FA or equal weights? 

Robust or non-robust correlation matrix?
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When an index is comprised of domains of deprivation, the steps to calculating the 

indices are the same except that there may be a second process of transformation 

and combination prior to presentation if a single general index is being calculated. 

Each of the key steps will be dealt with individually to assess what potential 

impacts might arise depending on the choices made.

5.1.1 Indicator selection

As was shown in section 3.1.1, a large number of different indicators have been 

used in different deprivation indices. The choices are often governed by data 

availability and context. Even within the same jurisdiction, very different selections 

of indicators are used as can be seen from three Irish indices.’*’ The developers 

of all of these indices would cite theoretical reasons and probably research 

evidence for the choices they have made. Indicators are chosen because they 

supposedly reflect some aspect of deprivation and yet a consensus cannot be 

reached as to which indicators achieve this successfully or at least do so without 

introducing unacceptable urban or rural bias. Even though the researchers are 

attempting to produce a measure of the same underlying problem, they do so with 

different variables.

5.1.2 Shrinkage

Shrinkage is used for many variables in the various English,^'’'* Scottish,^’*' Welsh,^“  

Northern Irish^^’ and I r i sh '® ^  deprivation indices. However, given some of the 

criticisms levelled at the use of shrinkage, application of the method is not an 

automatic choice.^*-’ Additionally, as was shown in chapter 3, the different methods 

of shrinkage, and choice of mean to shrink to, can produce quite different results.

5.1.3 Transformation

A num ber of options exist for data transformation and some of these were 

illustrated in section 3.3 in terms of how they affect the distribution of the 

transformed variable. Depending on the method of data combination, a multi­

normal distribution might be assumed in which case transformation will probably 

be required for some variables. If normality is not a prerequisite then

188



transform ation is optional and its application may alter the results of the 

deprivation  index.

5.1.4 Data combination

At this step there are a num ber of choices to be made, all of which can have a major 

im pact of the deprivation  index being generated. First of all, the m ethodology to be 

used for combination; PCA, FA or the simple use of arbitrary equal weights. The 

use of equal weights has largely fallen out of favour leaving the various forms of 

PCA and FA to choose from. O ne m ight choose PCA or, as proposed  in section 4.4, 

GW-PCA. O ne m ight choose FA with any of a num ber  of op tions regarding 

rotation. There are then possibilities regarding cut-offs for factor loadings below 

which a variable will effectively have its loading reduced to zero. Analysis can be 

perform ed using the covariance or the correlation matrix, both of which will 

p roduce  different results. Robust estimation of the covariance or correlation matrix 

can be used to m ake the analysis more resistant to the influence of outliers. Finally, 

there are num erous  m ethods for deciding on com ponent retention, some of which 

have been noted to lead to over-retention. In the case of FA, it is the subjective 

choice of the researcher that dictates how  m any factors will be retained and as was 

discussed in 4.2.6, depend ing  on the num ber  of factors retained and rotation 

applied, quite  different factor loadings can be obtained.

5.1.5 Presentation

This step takes place after index calculation and so the raw  scores are unaffected by 

decisions m ade  at this point. However, the choice of deciles or o ther classifications 

can im pact on how  areas are g rouped  and w hether  an ED will be regarded as 

deprived  or not. Few users of an index will com pute  a context specific index based 

on the scores. Generally the index provided is the index used and  so the index 

should  not over- or under-represen t deprived areas. Large g roupings will 

generally lead to m oderately deprived areas being regarded  along with the highly 

deprived areas. Conversely, small groupings m ight result in quite  deprived EDs 

being overlooked because they are not in the most deprived  group.
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For ease of understanding, deprivation scores are typically ordered and expressed 

in deciles. The advantage of this is the transparency and ease of understanding of a 

sim ple ten point scale (e.g. an ED is in the m ost deprived 10% of areas). There is no 

am biguity about the choice of cut-offs which m ight occur if a m ethod such as k- 

means clustering or sim ilar classification m ethod was used. An alternative method 

was originally used by Kelly and Sinclair whereby the histogram  of index values 

w ould mimic the distribution of the histogram  of scores.’®̂ Haase and Pratschke 

use equal intervals for some of their indices but provide little inform ation on how 

some of their labels w ere derived.’*̂

The im portance of the choice of cut-offs relates prim arily to perception and to the 

use of indices in resource allocation. A person who sees a m ap of deprivation 

autom atically assum es that areas in the same class are equivalent -  that they have 

the sam e level of deprivation. When there are many areas in a class, it becomes 

possible that the areas at the top and bottom of that class are very different in terms 

of their indicator values yet they have the same class. W ithout resorting to large 

num bers of index values, this is unavoidable. For resource allocation purposes, 

funding may be allocated to areas according to their deprivation index value rather 

than score. In such an instance two consecutively ranked EDs with different index 

values (i.e. on either side of a cut-off) could receive very different funding when, 

w ith a different cut-off definition they would receive the same funding. This 

perhaps points to the need for a caveat regarding the interpretation of index values 

so as not to place too much weight on the significance of the index value but rather 

to use the scores w hen applicable.

5.2 Assessing the choices

Given the m any ways in which a large set of indicators can be reduced, shrunk, 

transform ed, com bined and presented, there is substantial scope for the generation 

of indices that show  very different spatial distributions of w hat is m eant to be the 

same measure. Therefore it stands to reason that researchers would at least
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perform  som e form of sensitivity analysis to determ ine how  m uch  impact their 

decisions have h ad  on the ranking of EDs. Some of the decisions are based on 

subjective reasoning and theory relating to deprivation  m easurem ent, such as the 

choice of indicators or of FA over PCA. Conducting  a sensitivity analysis m ight be 

seen as an adm ission that the proposed theory was either deficient or unreliable. 

O n the o ther hand , a sensitivity analysis could be used to su p p o rt  a given theory if 

it show ed o ther m ethods  to produce  m ore variable results.

Some examples of sensitivity analysis in deprivation index deve lopm en t are 

described. For example. Field carried out a sensitivity analysis on an index of 

relative disadvantage.-"*'** He tested the impact of om itting  variables on the final 

index values. H e  found that simplification of the index was possible while 

m aintain ing a good correlation with the index com puted  using  a full set of 

variables. This, however, m ay point towards redundancy  in his original choice of 

variables rather than a robust index. A revision of the Scottish deprivation  index 

included a sensitivity analysis of the insurance variable which was deem ed 

controversial.^’** Analysis show ed that the exclusion of the variable had  little impact 

on the index which was seen as a vindication of its inclusion. A sensitivity analysis 

was conducted on the Scottish index of multiple deprivation  (SIMD) to assess the 

impact of changing  the weights  applied to dom ain  scores in the process of 

combination into a single index.^’  ̂ It was found that even large changes to the 

weights had little effect on the SIMD with correlations be tw een  the actual index 

and the sim ulated index being 0.987 and  higher. With the large num ber  of small 

areas included, the correlation coefficient m ight not have been the most 

appropria te  statistic for comparison. Klasen perform ed a s im ple  sensitivity analysis 

on some of the variables used in his South African index of deprivation  although it 

is not a rigorous analysis.

W here deprivation is used to determine resource allocation, the impact of a 

different ranking can seriously affect funding for that ED.-’‘'̂
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5.3 Example of a sensitivity analysis

This section will use an example of sensitivity analysis to illustrate the issues that 

may arise. Two types of analysis are outlined: a simple approach of testing the 

application of shrinkage and transformation on the variables and a more complex 

analysis looking at random selection of methods at each stage of the process.

5.3.1 Simple sensitivity analysis

For this analysis, only the sensitivity of the deprivation index to the application of 

shrinkage and transformation are tested. For simplicity, only the following four 

scenarios are tested:

1. No shrinkage or transformation of variables

2. Only shrinkage applied to all variables

3. All variables transformed but not shrunk

4. Shrinkage and transformation applied to all variables

The shrinkage method used was that of Longford and the transformation method 

was empirical logit which can be applied when the numerator is zero. The 

scenarios were applied prior to combination by PCA. Four variables were used for 

this analysis: proportion unemployment (UE), proportion low social class (SC), 

proportion households with no car (NC), and proportion households in Local 

Authority housing (LH). The PCA and ranks were computed for each scenario and 

plotted against the ranks for scenario 1 in Figure 5.2 below. It can be seen that the 

ranks for some observations change substantially, particularly if both shrinkage 

and transformation are applied.

The application of transformation appears to have a greater impact than the 

application of shrinkage estimation. After shrinkage, 13.5% of EDs had a different 

decile than without shrinkage. After transformation, this figure increased to 28.6% 

with some EDs changing up  to three deciles. It is worth noting, however, that most 

of the substantial shifts occurred in EDs with mid-range values (e.g. with and 

without shrinkage an ED with deprivation index values of 4 and 6 respectively). It 

would be of greater concern if EDs at the extremes were primarily affected. Even
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so, given the im pact of shrinkage and transformation, it is im portan t  that the use of 

either is fully justified.

Figure 5.2 Plots of scenario 1 ranks against ranks for scenarios 2 to 4 

(a) Scenario 1 v. scenario 2 (b) Scenario 1 v. scenario 3
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Scenarios:

1. No shrinkage or transform ation of 

variables

2. Only shrinkage applied  to all 

variables

3. All variables transform ed but not 

sh runk

4. Shrinkage and transform ation 

applied to all variables

The percentage EDs in each area type in the least and  m ost deprived  deciles are 

given in Table 5.1 below. Shrinkage alone reduces the num ber  of rural EDs in the 

extreme deciles. This can be explained by the fact that these EDs tend to have small 

populations and  thus shrinkage has a greater impact, d raw ing  extreme values 

closer to the m ean and consequently  closer to m id-range deprivation scores. 

Shrinkage increases the n u m b er  of urban EDs with extrem e deprivation  values. 

This is a natural consequence of rural EDs being d raw n  to the centre of the 

distribution. Transform ation has a greater impact on u rban  areas, reducing the
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num ber of deprived EDs and increasing the num ber of affluent EDs. This is partly 

due to urban EDs with large values for NC and LA, which are not reduced by 

shrinkage, being brought closer to the mean by the empirical logit transformation.

Table 5.1 Percentage EDs in the least and most deprived deciles by scenario and 

area type

Area type
Least deprived decile Most deprived decile

Scenario* Scenario*
1 2 3 4 1 2 3 4

l.C ity 16.7 19.9 18.2 21.0 38.1 38.5 37.0 36.8
2. Town 5.6 9.4 5.1 9.0 21.8 23.5 23.1 23.9
3. N ear village 2.5 3.8 1.3 3.1 7.5 8.2 8.8 9.4
4. Remote village 1.4 1.4 1.4 1.4 15.5 16.9 14.1 15.5
5. N ear rural 13.3 13.1 13.5 13.0 1.8 2.1 2,0 2.3
6. Remote rural 6.1 4.2 5.6 4.0 5.6 4.7 5.5 5.0

* Scenarios; 1. No shrinkage or transform ation of variables

2. Only shrinkage applied to all variables

3. All variables transformed but not shrunk

4. Shrinkage and transform ation applied to all variables

5.3.2 Detailed sensitivity analysis

Having seen from the previous section that both shrinkage and transformation can 

impact on deprivation index values, a more detailed sensitivity analysis is 

attem pted. For this analysis, the decisions made at each of the first four steps of the 

flow chart in Figure 5.1 will be dictated by random  choices. The num ber and choice 

of variables can change. The decision of which variables to shrink is made 

randomly, as is the decision to transform variables. The choice of combining 

variables using equal weights or PCA is also m ade randomly.

The following ten deprivation indicators were chosen:

• Proportion unem ploym ent (UE)

• Proportion low social class (SC)

• Proportion households w ith no car (NC)

• Proportion households in Local Authority housing (LH)
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• Proportion population w ho  left school before the Junior Cert./Inter Cert. 

(ES)

• Proportion lone paren t families (LP)

• Proportion households  with no central heating (CH)

• Proportion population  with a disability (DP)

• Proportion population  not in the labour force (LF)

• Proportion population  unable to w ork  (UW)

The variables were chosen on the basis that they should  all be proxies for different 

aspects of deprivation  with minimal redundancy. The correlation matrix for the ten 

variables is given in Table 5.2. All variables are positively correlated with each 

other.

The steps in the sensitivity analysis were as follows:

1. Random ly select in of the 10 variables available (with 5 < lu < 10)

2. Random ly select variables from rn chosen and apply  shrinkage

3. Random ly select variables from m chosen and transform

4. Com bine data  using PCA

5. Calculate scores and ranks and store

6. Com plete  5,000 iterations of steps 1 to 5

7. Calculate m edian  and inter-quartile range of ranks for each ED

As this exam ple is for illustrative purposes, the sensitivity analysis was specified in 

a simplistic m anner. Robust estimation was not included and  only Longford 

shrinkage w as used as it was show n previously to be the m ost appropria te  method. 

The only m ethod  of transformation used was empirical logit as w hen the 

num era to r  is zero the log and standard  logit transform ations cannot be computed. 

GW-PCA was not included as the additional n u m b er  of param eters  that can be 

varied is substantial and  m ay make interpretation of the results more difficult. 

Also, the use of GW-PCA does not generally have a large im pact on results unless a 

severe distance decay param eter is specified which leads to large num bers  of EDs 

requiring the retention of a second component.
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Table 5.2 Correlation matrix for the ten deprivation variables

Variable UE SC NC LH
UE 1.00 0.57 0.59 0.59
SC 0.57 1.00 0.40 0.49
NC 0.59 0.40 1.00 0.64
LH 0.59 0.49 0.64 1.00
LP 0.54 0.42 0.67 0.71
CH 0.30 0.43 0.43 0.22
DP 0.29 0.32 0.44 0.29
LF 0.12 0.36 0.15 0.09

UW 0.35 0.40 0.34 0.35
ES 0.35 0.64 0.16 0.20

LP CH DP
0.54 0.30 0.29
0.42 0.43 0.32
0.67 0.43 0.44
0.71 0.22 0.29
1.00 0.32 0.33
0.32 1.00 0.25
0.33 0.25 1.00
0.14 0.38 0.54
0.32 0.20 0.73
0.19 0.46 0.32

LF UW ES
0.12 0.35 0.35
0.36 0.40 0.64
0.15 0.34 0.16
0.09 0.35 0.20
0.14 0.32 0.19
0.38 0.20 0.46
0.54 0.73 0.32
1.00 0.43 0.57
0.43 1.00 0.37
0.57 0.37 1.00



The sensitivity analysis was initially run using the ten variables listed above. A 

total of 5,000 iterations were calculated and recorded. The eigenvalue of the first 

principal component was recorded to assess which combinations of data, shrinkage 

and transformation would account for most of the variance. Using the sensitivity 

analysis in this manner is analogous to an optimisation routine to find the best 

method of constructing an index given a selection of variables to choose from and 

the options of shrinkage and transformation.

Figure 5.3 shows the median and inter-quartile range of ranks for each ED ordered 

by median rank. EDs at the extremes have much narrower inter-quartile ranges 

than EDs closer to the mid-range or ranks.

Figure 5.3 Median and inter-quartile range of ranks for each ED
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The plot in Figure 5.3 shows only the m edian and inter-quartile range which does 

not reveal the full extent of variation. For example, Farranshone ED in Limerick 

city can be labelled any value from decile 1 to decile 10 depending on the 

com bination of variables, shrinkage and transform ation used. This is because from 

the ten variables available, there are five with high values and five with low values 

for this particular ED. Such a variation is startling given that the input variables are 

all proxies for deprivation and that shrinkage and transform ation should also affect 

all EDs. This further highlights the point that the choice of m ethodology is 

im portant.

5.3.3 Most probable deprivation index values

By recording the num ber of times an ED is allocated to each decile, it is possible to 

generate a probability of an ED being in any given decile. For example, if an ED is 

in the first decile in ten percent of the iterations, there is a probability of 0.1 that it 

is in first decile. The decile with the highest probability can be said to be the decile 

the ED is most likely to be in, based on the param eters applied in the sensitivity 

analysis. It is interesting to com pare the m ost likely decile with the actual decile 

given by a fixed selection of indicators and transformation.

A baseline deprivation index is developed for the example deciles using four 

variables: proportion unem ploym ent (UE), proportion low social class (SC), 

proportion households with no car (NC), and proportion households in Local 

A uthority housing (LH). These variables are combined using PCA with no 

shrinkage or transformation. The sensitivity analysis is then run for 5,000 iterations 

com bining any four of the full list of ten variables with random  application of 

Longford shrinkage and/or logit transform ation prior to combination by PCA. The 

results are used to calculate the most probable deprivation decile for each ED. 

Table 5.3 shows the frequency of EDs by decile for the example deprivation index 

against the m ost probable decile from the sensitivity analysis.
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Table 5.3 Example versus most probable decile

Example Most probable decile
decile 1 2 3 4 5 6 7 8 9 10

1 204 75 37 13 2 5 4 1 1 0
2 74 129 59 33 14 15 8 4 1 5
3 39 77 86 56 30 26 18 5 3 2
4 19 40 72 63 59 38 33 8 6 4
5 17 36 40 60 61 66 36 16 9 1
6 6 22 24 23 50 84 64 41 25 4
7 7 8 20 19 30 58 78 78 38 6
8 3 8 2 5 8 27 63 109 102 15
9 5 0 0 0 0 1 4 63 209 60
10 3 0 0 0 0 0 0 0 42 298
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It can be seen that a num ber of EDs show substantial differences between the most 

probable decile and the decile from the example index. The percentages of EDs that 

show no difference or shift no more than one decile are 38.6% and 70.0%, 

respectively. This indicates that for the large majority of EDs the difference 

between the example index and the most probable decile is small. This stands to 

reason as all of the indicators used are positively correlated and should lead to 

similar deprivation indices. However, there are still a num ber of EDs that show 

m arked differences and they are of interest. Given that all of the indicators are 

positively correlated with each other, it is im portant to understand  how one 

selection of indicators may give such m arkedly different results for a small num ber 

of EDs.

The EDs showing the most extreme differences between the exam ple and most 

probable decile are listed in Table 5.4 below. Only EDs where there is a difference 

of 8 or m ore between the example decile and most probable decile are listed. 

Indicator values are also show n in the form of the observed value divided by the 

mean. Thus a value of greater than 1 indicates an above average value. It should be 

noted that all the EDs for which the most probable decile is low er than the example 

ED are city EDs that have particularly high values for the no car ownership 

variable. The EDs w here the most probable decile is higher than the example decile 

are m ore mixed in term s of area type and, although having mostly low values in 

the four indicators that com prise the example index, have high values elsewhere.
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Table 5.4 EDs with most extreme differences between example and most probable decile

ED name Area type Population
Example

decile

Most
probable

decile

Indicator”̂

UE SC NC LH LP CH DP LF UW ES

Arran Quay C City 2375 10 1 1.76 0.72 3.91 1.81 1.13 1.56 0.71 0.32 0.40 0.40
N orth City City 3942 10 1 1.38 0.66 4.62 1.61 0.88 1.66 0.64 0.32 0.40 0.24
Dock A City 1879 10 1 1.72 1.02 3.07 0.67 1.09 1.81 0.77 0.33 0.39 0.18
Rathmines West A City 4749 9 1 1.12 0.60 3.23 0.92 0.85 1.47 0.95 0.53 0.48 0.33
Rathmines West B City 3526 9 1 1.68 0.56 3.33 0.85 0.92 1.43 0.90 0.48 0.61 0.27
Rathmines West D City 3275 9 1 1.38 0.50 2.63 1.50 1.21 1.48 0.84 0.59 0.55 0.30
South Gate A City 1431 9 1 1.37 0.86 2.93 0.66 0.91 1.75 0.64 0.39 0.59 0.24
Eyre Square City 4066 9 1 1.34 0.93 3.00 1.02 1.07 2.00 0.63 0.56 0.56 0.28
Clogher Remote rural 233 1 9 0.60 0.56 0.51 0.20 1.26 1.05 1.30 1.24 2.56 1.41
Newcastle Near village 2355 2 10 0.49 0.68 0.65 0.30 0.80 0.27 1.99 1.06 2.98 1.01
Streamhill N ear rural 125 2 10 0.80 0.57 0.30 0.68 0.79 1.22 6.01 1.81 11.95 1.77
Farranshone City 1175 2 10 0.43 0.53 1.30 0.22 0.96 0.34 3.21 1.54 5.37 0.79
Carriglea N ear rural 557 2 10 0.58 0.93 0.25 0.10 0.88 0.69 2.42 1.32 4.02 0.79
A rdrahan Remote rural 375 2 10 0.30 0.62 0.68 0.80 0.86 0.59 1.97 1.26 3.31 1.00

* Indicator values are expressed as the observed divided by the mean. Values greater than 1 equate to above average values (e.g. a value of 2 

refers to twice the mean).
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This type of analysis highlights the im portance of the choice of indicators and the 

need to assess the effect of a different choice of indicators. It also once again brings 

to attention the problem  of indicators that are regionally biased. It shows that a 

num ber of city EDs may be labelled as very deprived largely on the strength of a 

single indicator: no car ow nership. Replacement of this indicator w ith a different, 

and arguably equally appropriate deprivation indicator, may have marked 

consequences for the labelling of these city EDs. It also suggests that even a jack- 

knife type approach to ascertain the sensitivity of the deprivation index values to 

the choice of indicators may be a useful tool in determ ining the appropriateness of 

indicators.

5.3.4 Optimal index development

As the first eigenvalue is recorded for every iteration of the above exercise, it is 

possible to investigate the best and worst perform ing com binations in terms of the 

am ount of variance explained by the first principal com ponent. This could be used 

as a basis for an optim isation procedure to determ ine an 'optim al' method of 

constructing a deprivation index. Such a method could be criticised for lacking a 

theoretical basis although if the input variables and m ethods of shrinkage and 

transform ation are all justifiable then the results of an optim isation might be useful 

for com parative purposes.

From the 5,000 iterations, the combination of variables and m ethods that resulted 

in the PCA with the largest eigenvalue is outlined in Table 5.5 below. Of the five 

variables, shrinkage is applied to three and transform ation to only one. The 

transform ed variable is the car ow nership variable (NC) which is highly skewed 

and tends to be higher in urban areas. For this com bination, 66.0% of the variance 

was accounted for by the first principal com ponent and, using parallel analysis, 

only one com ponent was required.
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Table 5.5 Variables, shrinkage and transform ations applied for PCA result with 

largest eigenvalue

Variable Shrinkage Transformation
UE Longford None
SC Longford None
NC Longford Empirical logit
LH None None
LP None None

The above result assum es that the combination with the largest eigenvalue is in 

some way the best combination. For instance, it may be desirable to produce an 

index that minimised the differences between urban and rural areas in term s of 

proportion of EDs in each decile. A chi square statistic can be used to com pare 

different deprivation indices in term s of the proportion of EDs of each area type in 

each decile. Equation 5.4 gives the chi square formula.

"  (()

/ = i  / = i

Where: 0,j = observed table cell value 

E i j  = expected table cell value 

n columns and m rows

A low chi square value w ould indicate that the observed values are close to the 

expected so an optim isation might seek to minimise the chi square value. There is, 

however, a potential trade-off between low chi-square and a high eigenvalue. For 

the previous sensitivity analysis, the chi square values were recorded where the 

expected was for 10% of EDs in each area type to be in each decile. Figure 5.4 

shows the plot of chi square against the percentage variance explained by the first 

principal component. In order to select a combination with a large eigenvalue and 

a low chi square, the values were standardised and sum m ed. The optimal

(5.4)
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combination had eigenvalue and chi square values of 2.805 (explaining 56.12% of 

the variance) and 596.42, respectively. Only one principal component was required.

Figure 5.4 Plot of chi square against the percentage variance explained by the first 

principal component
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The variables, shrinkage and transformation combination for this optimal result are 

given in Table 5.6 below. Only two of the five variables are the same as that for the 

result with the largest eigenvalue. The chi square for the result with the largest 

eigenvalue is 1176.61, which indicates a much larger departure from expected.

Table 5.6 Variables, shrinkage and transformations applied for optimal PCA result

Variable Shrinkage Transformation
Unemployment (UE) 
Low social class (SC) 
Disabled persons (DP) 
Unable to work (UW) 
Early school leavers (ES)

None
None
None
None
Longford

None
Empirical logit 
Empirical logit 
Empirical logit 
None

The first principal components were computed and Figure 5.5 gives the plot of the 

two PCs.
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Figure 5.5 Plot of two 1st principal components for 'optimal' results
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Although the principal components scores have an of 0.54, when reduced to 

deciles there is a large amount of difference between the two deprivation indices. It 

has been assumed that it is desirable to have near equal proportions of EDs in each 

area type in each decile. Such an assumption ignores the fact that different area 

types might legitimately be more typically affluent or deprived than other area 

types. As an exercise, however, it is interesting to analyse what set of variables 

might lead to such an index.

As the algorithm used to compute the sensitivity analysis is not optimised to search 

for answers with high eigenvalues or low chi square values, it is likely that the 

above combinations are not optimal. Although it does represent a good 

combination it is probable that better combinations could be found. The routine 

only performed 5,000 iterations. To find the best 5 variables from a selection of 10, 

where any number of variables may have shrinkage and/or transformation applied, 

there are 242,172 possible combinations to test. An efficient search routine would 

have to be developed to find the optimal or near optimal combination without
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testing all of the possible combinations. O ther factors such as sensible application 

of shrinkage and transform ation based on the nature and distribution of the 

variables would also have to be considered.

The application of a sensitivity analysis highlights the fact that the large num ber of 

choices facing the developer of a deprivation index need to be carefully considered. 

Two seemingly appropriate sets of decisions may yield two quite different indices 

with some areas labelled deprived in one and affluent in the other.

5.4 Summary

The application of sensitivity analysis makes it possible to assess the relative 

im portance of different decisions in the process of developing a deprivation index. 

The initial analysis in section 5.3.1 varied only the application of shrinkage and 

transformation to a fixed set of indicators prior to combination by PCA. It is 

interesting to note that the application of shrinkage alone, when com pared to no 

shrinkage, leads to an increase in the num ber of city EDs in the least and most 

deprived deciles and a decrease in the num ber of rural EDs in the least and most 

deprived deciles. This is due to the tendency for rural EDs to have smaller 

populations which in turn leads to greater shrinkage. As a consequence, rural EDs 

are brought closer to the mean values resulting in middle of the range deprivation 

values. The reverse is seen in more heavily populated city EDs where little 

shrinkage occurs and more extreme values are preserved.

The plots in Figure 5.2 highlight the fact that shrinkage alone has only a small 

impact on deprivation scores com pared to using the raw values. The use of log 

transform ation has a much more noticeable effect. However, it is the choice of 

variables that is perhaps the m ost critical aspect in the developm ent of a 

deprivation index. It is evident from Figure 5.3, for example, that some small areas 

can be assigned very different ranks depending on the indicators selected. This is 

despite the fact that all of the variables used can be considered as reasonable 

proxies for deprivation. The differences arise in EDs where some of the indicators
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have very low values and others high values. This suggests that these EDs are 

deprived in some respects and not deprived in others. D epending  on the selection 

of indicators used, these EDs m ay be classified at any point along the spectrum 

from deprived  to not deprived. It is arguable that this issue could be overcome by 

including all of these variables in the course of constructing a deprivation index. 

However, inclusion of all appropria te  variables can lead to a significant averaging 

effect.

In section 5.3.4 the prospect of developing an 'optim al index' was discussed with 

an example. This m ethodology m ight provide  a route for deciding on a suitable set 

of indicators, shrinkage and transformation for a given context. It may be desirable, 

for example, to develop a deprivation index that had the m axim um  possible 

correlation with small area lung cancer mortality. Rather than using a s tandard  

index, it is possible to find the combination of indicators that best predicts a 

particular outcome. This approach could be applied in health service resource 

allocation problem s with respect to specific services w here the deprivation index 

used has been tailored to the outcom e or m easure  of interest.
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6 Discussion

The associations between health, socioeconomic status and rurality w ere discussed 

in chapter 1. At an individual level it is clear that low socioeconomic status is 

closely linked to poor health due  to personal behaviour, living conditions and the 

w ider  ne ighbourhood social context. D isadvantaged people are m ore likely to 

sm oke and be physically inactive, are m ore likely to live in poor quality housing, 

are m ore likely to have a poor diet and are m ore likely to live in a neighbourhood 

w ith  h igher levels of crime and violence. N um erous  studies have found that when 

individual level characteristics are aggregated to an area level, the socioeconomic 

sta tus or deprivation of the neighbourhood is also well correlated with the health 

sta tus and outcom es of the people w ho live in that area. Furthermore, aside from 

the socioeconomic sta tus of an area, the degree to which it is u rban  or rural also has 

associations with health. Area m easures of deprivation and rurality are w idespread 

a lthough the definitions of such m easures m ay have a large impact on any analyses 

linking deprivation and  rurality to health. This s tudy  has sough t to explore the 

issues relating to the deve lopm ent of such measures.

6.1 Urban-rural issues

It w as show n in section 1.4 how  both health and  poverty show  urban-rural 

variations. While area level health differences m ay be attributable to a combination 

of both environm ental factors and selective migration, the findings across studies 

are inconsistent. Some find im proved  health in rural areas whilst others find that 

the health differences can be accounted for by socioeconomic differences. The 

variations in poverty  across the urban-rural div ide m ay be largely affected by 

m easurem ent issues. Shaw 's  model (page 26) show s how  rural deprivation is 

com prised of three categories: household, opportun ity  and mobility deprivation.^'*-'^ 

Area level poverty m easures generally focus on household  aspects, ignoring the 

problem s associated with the lack of opportunities or mobility that m ay arise from 

geographic isolation. While opportun ity  and mobility can be problematic in urban 

environm ents, they are not typically due  to constraints of physical accessibility. As
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such, the rural experience of poverty may arise from a different set of 

circumstances than urban poverty. Indeed, some of the criticisms levelled at 

existing deprivation indices stem from possible urban bias propagated by the 

choice of variables.

The construction of an urban-rural classification is a fundamental step in either 

assessing the importance of urban-rural differences or to integrate the distinction 

into research. Rather than a simplistic urban-rural dichotomy, it was shown that 

there is an urban-rural continuum with different settlement types in between the 

clearly urban and clearly rural areas. A review of methods of urban-rural 

classification found that most seek to define a simple urban-rural divide with no 

account of grades of urbanicity or rurality. The existing Irish method classes a town 

of 1,500 or more persons as urban with all other population living in rural areas. 

While it is apparent that the class cut-off points for any nominal classification will 

have to be chosen, basing the decision on a single variable may lead to substantial 

misclassification compared to using a different variable. It was shown, for example, 

that an otherwise rural ED may display an attribute that would classify it as urban 

if the classification was based on that attribute alone. Therefore a multivariate 

approach is justified.

A method for producing an urban-rural classification for Ireland was developed 

and applied in chapter 2. A set of suitable area level attributes were chosen, each of 

which had been used previously to produce an urban-rural classification. These 

attributes included settlement size, population density, access to settlements and 

land use. The consequence of choosing a multivariate approach is that the 

subsequent classification method is more complex than for a single variable 

approach. Several clustering techniques were tested along with a multi-criteria 

classification (MCC) method. Ultimately the MCC option, combined with 

discriminant analysis, was used. Although k-means clustering resulted in slightly 

better goodness of fit, it would lead to a classification that was difficult to interpret 

and label.
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The resultant classification is hierarchical w here each class can be further sub­

divided according to the level of detail required by the user. For 2002 it was found 

that 31.2% of the population live in rural EDs, 7.7% in village EDs, 25.5% in town 

EDs and  the rem aining 35.6% in city EDs. The aggregate  city and tow n population 

is 61.1% com pared  to the CSO urban  population of 59.6% in 2002.^'’° The CSO, 

however, only offer a binary classification.

A cross-temporal analysis was also produced  show ing  the changes in area types 

from 1986 to 2002. The p roportion  city population has rem ained stable although 

the num ber  of city EDs has increased slightly. The biggest changes have been the 

increase in tow n EDs and tow n population. As the distinction betw een near and 

remote village and rural EDs is dictated by proximity to population  centres, the 

num ber  of rem ote EDs have decreased due  to the increasing town populations 

outside of the main cities and com m uting  belts.

The classification m ethod presented does have a few weaknesses. As it is an ED 

based classification, labels are attached based on the living env ironm ent of the 

majority of people in a given ED. This does m ean that a substantial m inority in, for 

example, a rural ED m ight actually be living in the suburbs  of a town. This 

weakness is inherent in the use of areal boundaries. An alternative m ay be to 

develop  the classification for grid squares although relatively few Irish datasets are 

available at such a spatial level. A further weakness is that no sensitivity analysis 

was carried ou t to determ ine the impact of changes to the methodology. For 

instance, k-means clustering was used to determ ine cut-offs for a num ber  of the 

variables. If a different m ethod was used, such as hierarchical clustering, the cut­

offs m ay have been different resulting in a different classification. N o small area 

health data  were available to assess the extent of urban-ru ra l  health differences.

The use of a num ber  of com plem entary  variables enabled the deve lopm ent of an 

index that captures different aspects of the urban-rura l divide. It also m ade  it
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possible to develop an index that retains more detail and distinction between area 

types than a sim ple single variable index. The index has been widely used 

throughout this study w ith systematic variation being observed across the area 

types for a range of variables. Furthermore, the use of several classes, as opposed 

to a sim ple dichotomy, makes it possible to develop a greater understanding  of the 

spatial variation of health and socioeconomic data.

The main findings relating to urban-rural classifications are as follows;

• There is an urban-rural continuum  whereby there are a variety of area types 

that exist that are between the urban and rural extremes

• Representing urban-rural differences as a simple dichotom y is misleading 

and ignores the urban-rural continuum

• Single variable classifications do not adequately capture the variety of areas 

that exist

• A detailed small area urban-rural classification has been presented for 

Ireland using a range of techniques and variables

6.2 Deprivation indices

As was discussed in chapter 1, Townsend introduced the notion of deprivation in 

terms of exclusion from activities and resources that m em bers of society would 

normally expect to have access to. Deprived individuals are the 'have-nots' of 

society. M easurem ent of area deprivation has evolved over the years but the basic 

construct tends to be the same: a set of indicators are selected and then combined 

in some m anner into a smaller set of scores which are typically presented grouped 

into deciles. Different developers have justified very different decisions to produce 

indices, although sensitivity analyses are rarely conducted to assess the impact of 

those decisions. The basic steps for producing a deprivation index were outlined in 

Figure 5.1 (page 187) with a range of options available to the developer at each 

step.
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6.2.1 Indicator selection

The choice of indicators is very often constrained by data  availability. In most 

instances, census data  form the basis for a deprivation index although in the UK 

there has been a m ove to m ore  routinely collected data. This switch has been due  to 

the relatively infrequent UK census which is only once every ten years as opposed 

to every five years in Ireland. The use of routinely collected data  brings with it a 

range of problems. Some da ta  sets are collected at h igher levels of aggregations and 

small area rates need to be inferred. Some data sets are based on sample 

information which m ay have  substantial m easurem ent errors  associated with it.

The indicators are generally in tended to act as proxies for poverty  or deprivation, 

typically in the absence of detailed income information. C om m on indicators 

include; unem ploym ent, overcrowding, low social class, lone parents, low 

education, car ow nersh ip  and  rented accommodation. These indicators represent 

portions of the popula tions  that are know n to be at increased risk of poverty. Not 

all unem ployed  people are  in poverty, bu t they are m ore likely to be in poverty 

than em ployed people.

A criticism of deprivation  indices is that they frequently incorporate indicators that 

introduce an u rban  bias. Car ow nersh ip  tends to be lower in urban areas, partly 

due  to the greater availability of public transport. Urban inhabitants  can choose not 

to ow n  a car w hen  for m any  rural inhabitants it is a necessity. Rural areas appear 

less deprived  as a g reater p roportion  of people ow n a car even though  the necessity 

of ow ning  a car and the associated running  costs m ay only increase disadvantage. 

Similarly for rented accom m odation, there is greater availability of rental houses in 

the urban  areas which consequently  increases the proportion  of the population 

living in rented accom m odation  in urban areas. These two variables tend to be 

concentrated in urban  areas and, if both are included in a deprivation  index, can 

lead to a d isproportiona te  num ber  of urban EDs being considered as very 

deprived. It is arguable  that rural deprivation should be assessed independently  of
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urban deprivation on the grounds that the suitable indicators are sufficiently 

different to warrant separate indices.

It was shown in section 4.4.2 that the impact of correlations of urban deprivation 

indicators in mostly rural EDs can increase the number of urban EDs classified as 

most deprived. The Irish context is interesting in that although over 60% of the 

population live in city and town EDs, only 20.5% of EDs are classed as city or town 

using the classification developed in this study. With 79.5% of observations being 

of a rural nature, this has implications for a national deprivation index. As was 

shown, car ownership has higher correlations with other deprivation indicators in 

rural areas, which in turn increases the weight associated with car ownership. As 

car ownership rates experience more extreme values in urban areas, this variable 

contributes substantially to high deprivation values found in urban areas. A 

pragmatic solution may be to exclude variables that display a very overt urban- 

rural gradient on the grounds that their inclusion creates an urban or rural bias in 

the deprivation index.

As a final consideration, Gordon suggested the use of weighting indicators 

according to the probability of poverty for the population represented by that 

indicator.^“  For example, if unemployed persons have a 50% probability of being in 

poverty, then a weight of 0.5 should be given to the unem ployment variable. With 

this suggestion in mind, it is perhaps sensible to restrict the choice of deprivation 

indicators to those that represent populations with a substantial probability of 

being in poverty.

6.2,2 Shrinkage and transformation

Prior to combination, deprivation indicators are frequently transformed using 

several techniques. Principal among these is the method of shrinkage. When 

dealing with small area data, the denominator population for any given indicator 

may be quite small and as a consequence, the indicator may be susceptible to large 

changes by chance. Shrinkage is used to bring indicators closer to a mean value
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with the am o u n t  of sh rinkage  being proportional to the s tandard  error associated 

with the observation. An area with a large population  should  have a small 

s tandard  error and the am o u n t  of shrinkage applied should  be negligible. On the 

o ther hand , an area w ith  a very small population  will likely have a large standard  

error and the indicator will b rought closer to the mean.

In chapter 3, three different shrinkage m ethods w ere  outlined and assessed. The 

first has been used by N oble et al. in the English indices of deprivation^*"*, the 

second is a un ivariate  m ethod  outlined by Longford^^’ while the third is an 

empirical Bayes method.^^'^ A sim ulation exercise w as  perform ed to analyse the 

characteristics of each shrinkage technique for a range of datasets  with different 

m eans and s tandard  deviations. The empirical Bayes m ethod  w as show n to apply 

m ore shrinkage for da tase ts  with a h igher mean. A m ore serious problem was 

highlighted in section 3.2.2.2 w hen  it was show n that shrinkage with the Noble 

m ethod  is strongly influenced by the num era to r  rather than just the denominator. 

As a consequence, several areas with the sam e denom ina to r  bu t slightly different 

num era to rs  m ay have quite  different shrinkage w eights  applied. A further albeit 

less significant problem  with the Noble m ethod is that it does not shrink to the 

observed mean. Due to the application of an empirical logit transformation, there is 

a shift in the m ean w hich  can impact on the relative positions of observations. 

Figure 3.3 (page 104) illustrates the potential problem  that this m ight entail with 

two observations being sh runk  tow ards each other w hen  in fact they are both to 

the sam e side of the m ean.

The Longford and empirical Bayes m ethods w ere  show n  to fail unde r  certain 

circumstances. The failure of these techniques appears  to be associated with 

indicators with very low standard  deviations. It is a rgued  that for indicators with a 

very low s tandard  deviation, the need for shrinkage is questionable as most 

observations are very close to the m ean to start with. A quirk  of the empirical 

Bayes m ethod  is that the s tandard  deviation at which failure m igh t occur increases 

with the mean of the indicator. Given the characteristics of the three m ethods
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tested, the Longford method appears to be the most appropriate for applying 

shrinkage.

Aside from the choice of which method of shrinkage to use, there is also the 

question of what mean to shrink to. The mean effectively acts as an expected value 

that the observed local value is shrunk towards. Typically this may be the national 

mean but a local mean has also been used in some indices. The use of a national 

mean creates the problem of shrinkage to an urban mean by virtue of the fact that 

the majority of the population live in urban areas. In Ireland it could be said that 

the average person is urban while the average ED is rural. In the event of an 

indicator exhibiting an urban-rural difference, shrinkage to the national mean 

brings rural EDs closer to the urban mean. Furthermore, the more populace urban 

EDs tend to have less shrinkage applied than the less populated rural counterparts.

A local mean might be a local authority or administrative district, the justification 

being that due to regional variation a local mean may be a more appropriate 

expected value. It was shown in section 3.2.3 that the choice of mean can lead to 

increased spatial autocorrelation if the chosen localities are small. Administrative 

boundaries are arbitrarily defined, and an ED on the border of a district may be 

quite different from the average ED in that district. Indeed, the ED may be more 

like its neighbouring EDs in a neighbouring district.

To overcome the problem of local shrinkage being constrained by arbitrary 

boundaries, a Monte Carlo approach was proposed which enabled shrinkage to a 

local mean for randomly defined districts of varying size. One thousand shrunken 

values are calculated for each ED based on these randomly defined districts. This 

method results in a smaller increase in spatial autocorrelation than the use of fixed 

district boundaries. The drawback to the Monte Carlo approach is that it is not 

transparent and different choices of minimum and maximum allowable district 

size affect the results.
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Scction 3.2.5 outlined an analysis of the impact of shrinkage to different means. The 

difference betw een using the national m ean and the M onte Carlo m ethod were 

small bu t use of a district mean led to m ore substantial differences. With shrinkage 

to a district mean, some EDs shifted by up  to four deciles from an index calculated 

with no shrinkage. The num ber  of EDs that were subject to such large shifts was 

relatively small -  using district shrinkage only 3.2% of EDs m oved more than one 

decile. Given the arbitrary nature  of district or adm inistra tive boundaries, it would 

seem more logical to use a M onte Carlo approach, or even to select a district of 

contiguous EDs with a certain m inim um  population around  the ED for the purpose 

of apply ing  shrinkage.

At a Royal Statistical Society m eeting in 2001, Longford pu t forward argum ents 

against the use of shrinkage in the UK deprivation i n d e x . T h e  criticism was in 

part directed at shrinkage to a district m ean alone, rather than national or some 

combination of the national and district means. It is also suggested  that further 

transform ations of the sh runken  values may give rise to additional problems. In his 

com m entary , Longford also criticises the use of sh runken  values in the subsequent 

factor analysis used to combine indicators. This stem s from the variance-covariance 

matrix being based on shrunken  values rather than the raw  values. The application 

of district level shrinkage m eans that the w ard values are no longer independen t of 

each other. Ideally the ward values should be independen t  prior to factor analysis.

In response to the above criticisms, the team of Noble  et al. w h o  were responsible 

for the UK deprivation  index outlined their rationales for shrinkage and factor 

analysis.^"** They defend district shrinkage on the g rounds  that it is sensitive to 

regional variation in underly ing  means, the effects are small and, in most cases, the 

index will ultimately be used at a district level. As regards the use of factor 

analysis, the small num bers  of indicators used in som e dom ains  was a function of 

data availability and it was reasoned that any index is better than no index.
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Both the criticisms and the responses have merit. Shrinkage undoubtedly leads to 

increased spatial autocorrelation but it is arguable that the effects are sufficiently 

small to be ignored. The presupposition of a single factor model could be overcome 

by the application of parallel analysis (PA) as a test of how m any com ponents to 

retain. The purpose of factor analysis in this context is not to identify the 'correct' 

set of indicators; it is merely a m ethod to identify suitable weights which can be 

readily achieved by PCA.

All of these argum ents assum e the necessity for shrinkage in the first place. Due to 

the small populations of some rural EDs it is likely that the proportion unem ployed 

or of low social class may fluctuate substantially by chance. As an extreme 

example, the denom inator for unem ploym ent for Branchfield ED in Sligo is only 44 

com pared to 18,271 in Blanchardstown-Blakestown ED in Dublin. Both EDs have 

similar unem ploym ent levels which are below the national average. If the num ber 

of unem ployed in the Sligo ED increased by 1, the proportion unem ployed would 

increase from 0.045 to 0.068 -  above the national average. To achieve a similar 

increase in the Dublin ED w ould require an increase of 382 unem ployed persons. 

W hen an indicator for an ED is sensitive to such small changes it would seem to be 

appropriate to use shrinkage.

6,2.3 Combining indicators

Chapter 4 dealt w ith the problem of combining indicators using dimension 

reduction techniques such as clustering, multidimensional scaling (MDS), factor 

analysis (FA) and principal com ponents analysis (PCA). The latter two methods 

produce a continuous score and are commonly used in the developm.ent of 

deprivation indices. The benefit of a score over the groupings produced by 

clustering or MDS is that areas can be ranked and relative positions compared.

The choice between PCA and FA is more difficult to resolve. The existence of a set 

of one or more independent hidden variables is intrinsic to FA. The user will 

generally select a set of variables, hypothesise how many underlying variables exist
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and w hat they represent, and then determ ine that m any  factors. The factor 

loadings are then inspected to attach the predefined labels to the factors based on 

the initial hypothesis. A different choice of the num ber  of factors to determ ine can 

result in a set of factors with very different loadings. A further complication is that 

rotation can be applied  to render the factors m ore easily interpretable. A range of 

rotation m ethods  are available and, depend ing  on w hich is used, can lead to 

different results. In favour of FA is that it incorporates an error component, 

acknow ledging  that some variance is unexplained by the com m on factors.

The use of FA is often coupled with a sense that som e underly ing  variable, namely 

deprivation, is being accurately m easured. This completely ignores the fact that the 

analysis is being conducted  at an area level. The overlap  between indicators is 

entirely unknow n. That an area contains people w ho  are unem ployed  and people 

w ho  do  not ow n a car does not necessarily entail that the unem ployed  do not own 

cars. There is an increased probability on the basis of incom e restraints but it is not 

a certainty. Chatfield and Collins conclude that FA "allows the experim enter to 

impose his preconceived ideas on the raw  data".*® They recom m end that FA is not 

used in m ost practical situations.

At the 2001 Royal Statistical Society m eeting m entioned in the previous section, 

C halm ers discussed issues su rround ing  the use of factor analysis to combine 

indicators in the UK deprivation  index.-’'*’ Chalm ers ' criticisms are that factor 

analysis was not a suitable m ethod for combining indicators. H e states that in each 

dom ain, only single-factor m odels were considered w hen  it was possible that a 

second factor existed. Furtherm ore, he states that the small num bers  of indicators 

used in each dom ain  m ay not lead to an accurate ranking of the w ards. Noble et al. 

stated that a single-factor m odel was used because each set of indicators was 

selected so that only one factor w ould  exist. "̂*®

Alternatively, there is the option of PCA which is purely an arithmetic combination 

of the variables based in the covariances or correlations of the variables. There are
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no assum ptions m ade about distribution or how m any com ponents might be 

required. There is no error component. A PCA based on covariances is problematic 

when the variables show  large differences in variances -  the variables with the 

largest variances will then receive the largest weights. This can be avoided by 

using a correlation matrix rather than the covariance matrix. Rather than 

depending on the judgem ent of the researcher, a statistical m ethod such as parallel 

analysis (PA) can be used to determ ine how many com ponents to retain.

It has already been m entioned that some variables have an urban-rural gradient, 

and it was noted in section 4.3.3 that the correlations betw een some variables 

display regional variation. It was illustrated that the overcrow ding variable, which 

appears to be a reasonable proxy for deprivation at a national level, is a very poor 

proxy in many counties. A possible solution of geographically weighted PCA (GW- 

PCA) was proposed in section 4.4 whereby a distance w eighted PCA is performed 

for each small area in turn. This is achieved through a w eighted correlation matrix 

with the w eights calculated using one of a num ber of distance decay functions. The 

w eights for each variable are calculated for each ED before being applied to the 

variables which have been standardised in the normal manner.

A case study was presented in section 4.5.5 of a four variable deprivation index 

calculated using GW-PCA. A combination of distance decay function and cut-off 

distance was selected that resulted in only one principal com ponent being required 

for all areas. Correlations between variables were show n to be subject to 

substantial regional variation, as were the consequent weights. The percentage 

variance explained by the first com ponent varied from 46.1% to 82.1%, with the 

highest values being found in the Dublin and Limerick city areas. The main 

advantage over a global PCA could be seen in the weights associated with the 

variables, particularly those with a distinct urban-rural difference. The car 

ow nership variable had higher weights in rural areas than in the main city areas of 

Dublin and Cork com pensating for the lower rates found in rural areas. 

Unfortunately, the car ow nership values observed in Dublin are so low in some
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city centre areas that even very low weights do not greatly diminish the 

contribution of the car ow nersh ip  variable to the high deprivation scores observed 

in parts of Dublin.

The major benefit of this new  m ethodology is that variable weights are determ ined 

locally. This goes some w ay to addressing the problem  of variables that bias an 

index tow ards urban or rural areas. It also provides substantial information that 

enables the researcher to assess the appropriateness of the chosen indicators. 

Typically the indicators are selected on theoretical g ro u n d s  and  then combined for 

all areas using PCA or FA even though locally the choice of indicators m ay be a 

rather poor reflection of deprivation. GW-PCA allows the researcher to s tudy  local 

correlations and eigenvalues to assess the regional perform ance of the PCA.

6.2.4 Domains

It is understood  that a single index might not cap tu re  the m any aspects of 

deprivation, some of them poorly correlated. It has already been pointed out that 

poverty  and deprivation m ay be expressed differently in u rban  and rural areas. It 

is now  recognised that som e forms of deprivation m ay be present independen tly  of 

o thers and for targeted intervention it is more appropria te  to consider those 

different forms of deprivation  separately.

Prior to the calculation of deprivation in distinct dom ains, it w as not unusual to 

calculate a num ber  of indices from a single set of variables by retaining a num ber 

of factors in a FA approach. An example of this w ou ld  be the Irish index of 

deprivation  developed by Haase.'*'* In the adoption of such an approach  there is a 

prior hypothesis as to w ha t dom ains  exist and as to w ha t  variables contribute to 

each dom ain. Once FA has been applied to the da ta  and the factors have been 

appropria te ly  labelled, it is said that the factors confirm the hypothesis. Little 

m ention is given to the sometimes counter-intuitive loadings that appear  and a cut­

off loading value is often applied to prevent the inclusion of variables with little
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influence on a factor. A lthough this is done to make the factors easier to interpret, it 

m ight also be used to rem ove loadings that are difficult to explain.

The definition of distinct dom ains is appealing not least because all of the variables 

are included w ith a view to reflecting that domain. A single factor or com ponent 

model is used and good correlations between the variables can be anticipated. 

Instead of attem pting to produce a single catch-all index w ith a sometimes 

disparate collection of variables, a range of dom ains are represented by 

appropriate and pertinent indicators. A dom ain of access to services can be 

expected to highlight remote rural areas. A dom ain of crime will probably 

highlight more urban areas with a high level of social disorder. Indicators of access 

and crime m ight consequently correlate poorly with each other but due to the 

separation of dom ains, that is not an issue. An area can be deprived in one domain 

and not deprived in another.

Ultimately it is still desired to combine dom ains into a single index of multiple 

deprivation. This is problem atic as some dom ains will almost certainly have poor if 

not negative correlations. Thus far in the UK an approach of arbitrarily chosen 

weights has been used and, with no obvious alternative, this is probably the most 

pragm atic approach.

For resource allocation and targeting interventions, the use of dom ains has much 

greater utility. If, for example, it was intended to alleviate educational 

disadvantage on the basis of a general deprivation index, it is entirely possible that 

some or even m any of the people in m ost need of assistance m ight not receive it as 

the most deprived areas m ight not all be the most educationally disadvantaged.

A final point is that identifying income and social inequalities is only one aspect of 

identifying w here health inequalities are likely to occur. O ther determ inants of 

health, such as the physical environm ent (e.g. air pollution) or access to amenities 

(e.g. recreational space for physical exercise), are also im portant and the separate
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identification of w here  inequalities in these determ inan ts  m ight be evident is 

equally  im por tan t  in addressing  health inequalities. Indeed, the broad groups of 

health de te rm inan ts  m ay form a basis for the selection of dom ains  of deprivation.

6.2.5 Robust analysis and influence functions

The GW -PCA m ethod  results in data ou tp u t  that can assist in determ ining  the 

relative im portance  of indicators in different geographic  areas. It does not, 

however, identify observations that m ight be considered outlying or influential. 

W hen using  data  combination techniques such as PCA and FA, the derived 

w eights are  quite  susceptible to bias because of a small num ber  of outliers or 

influential observations. As was discussed, an observation can be outlying, 

influential or both -  it is not a given that an outlier is influential or vice versa.

In terms of PCA or FA, a single or small g roup  of ou tly ing  observations can 

influence the correlation o r  covariance matrix d isproportionately. In relation to a 

deprivation  index, this m ay take the form of a few observations with counter­

intuitive values (e.g. they m ay be deprived in relation to some variables but 

affluent in relation to others). These observations m ay dramatically alter the 

correlation matrix which in turn impacts on the w eights  associated with the 

variables. A g roup  of m ethods  for dealing with outliers in PCA and FA is referred 

to as robust  estimation. These m ethods generally identify the outlying observations 

based on  distance from the multidimensional m ean and  then com pute  the 

correlation matrix with the identified outliers either dow n-w eigh ted  or omitted 

altogether.

In section 4.6.1.1, robust estimation m ethods were applied  in the construction of a 

simple dep riva tion  index. The frequency of outliers was identified by area type and 

it was found  that 33.4% of city EDs were considered outliers, com pared  with 5.6% 

of rem ote rural EDs. This is probably due  to the ex trem e indicator values, 

particularly  for car ow nersh ip , that can be observed for some city EDs. The 

application of robust estimation raises an im portant point: having  applied robust
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methods to estimate the correlation matrix, the eigenvalues and eigenvectors of 

that robust matrix are then calculated and applied to unadjusted indicator values. 

Thus observations that were outliers at the start of computation might be even 

more outlying in terms of deprivation score values. This is because the weights 

derived from a robust matrix may be higher for the indicators that are largely 

responsible for the outlying observations being considered outliers. It is a similar 

problem to weights from a predominantly rural set of observations leading to an 

increase in the deprivation values of urban EDs.

The application of robust methodology is, perhaps, a double edged sword. On the 

one hand it can eliminate the undue influence of outliers, but on the other hand, 

they are still present as outliers in the resultant deprivation index. It may be that 

the best option is to apply robust estimation and flag the outliers. The 

characteristics of the outliers, in terms of the indicator values, should at least be 

inspected as they may point towards an indicator or spatial feature that needs to be 

investigated further.

Closely associated with outlier detection is the area of influence functions. There 

are two components for which influence may be of interest: variables and 

observations. The influence of variables is quantified by the eigenvector values, or 

weights. A variable with a large weight is more influential than one with a small 

weight. Some of the analysis relating to GW-PCA looked at ways to determine the 

contribution of a variable locally. The influence of individual observations is a 

more complex problem. Two influence functions were illustrated and the results 

showed that most influential observations were outliers but not all outliers were 

influential. The most influential observations were found to be city EDs.

6.2.6 Sensitivity analysis

To illustrate the utility and feasibility of sensitivity analysis an example was given 

in Chapter 5. It was shown that even a simple sensitivity analysis to test the impact 

of shrinkage and transformation highlighted how such operations can affect the
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resultant deprivation  scores. A m ore complex analysis was also conducted to 

investigate the im pact on deprivation scores of choice of indicators as well as 

shrinkage and  transformation. D epending  on the indicators selected, an area could 

be classified from most to least deprived even though  all of the indicators were 

positively correlated with each other. This illustrated that for some areas the 

deprivation  score can be very sensitive to the choice of indicators.

It was possible, using the results of the sensitivity analysis, to de term ine  the most 

likely deprivation  decile for each area based on a pool of indicators, shrinkage, 

transform ation and  combination methods. Using a fixed set of four indicators to 

generate a baseline index, it could be seen that the m ost likely decile for a num ber 

of EDs w as m arkedly  different from the baseline decile.

It was also show n  that the m ethod of sensitivity analysis could be used to develop 

an 'op tim al' index. For example, the difference between area types (e.g. u rban and 

rural) could be minimised in terms of how  m any EDs were classified into each 

deprivation  decile. Such a m ethod could be used to select variables that minimise 

urban-rural deprivation  differences. The prim ary benefit of this technique would 

be the deve lopm en t of an index for which the bias tow ards  a particular area type 

has been minimised.

It is ev iden t that sensitivity analysis is a useful tool in deprivation  index 

developm ent, prim arily  to assess the impact of the various choices m ade  regarding 

indicator selection, shrinkage, transformation and  data combination. It is 

particularly useful for h ighlighting areas that are subject to substantial variation in 

terms of w ha t  deprivation  decile they are in.

The m ain findings pertain ing to deprivation index deve lopm en t are as follows:

• Indicator selection is subjective and often d e p e n d en t  on data availability

• Shrinkage is a m ethod  for im proving the reliability of indicators by 

adjusting the indicator to a central value
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• The im portance of num erators in the Noble method and the characteristics 

of the em pirical Bayes method at larger m ean-standard deviation 

com binations m ake the Longford method m ost appropriate m ethodology

• The use of small fixed districts in shrinkage can lead to increased shrinkage 

and spatial autocorrelation and shrinkage to a m isrepresentative mean

• As a district or national mean might m isrepresent an ED, a Monte Carlo 

m ethod of district delineation was presented

• PCA is the m ost appropriate method for com bining variables for 

deprivation index developm ent

• However, PCA is susceptible to regional bias w hen estim ating variable 

weights

• A new m ethod of PCA -  Geographically W eighted PCA -  was presented 

which enables local calculation of weights to account for regional variation

• The relationship between area types, indicator correlations and indicator 

weights is complex and should be analysed to determ ine if an index is 

biased tow ards a particular area type

• Robust m ethods of weights determ ination can be used to dim inish the 

im pact of outliers, although this may inadvertently increase the outlying 

status of these observations

• Sensitivity analysis is recom mended as a technique for assessing the choices 

m ade in developing a deprivation index

6.3 The health context

The purpose of developing deprivation indices has generally been either explicitly 

or implicitly driven by an attem pt to identify areas that are likely to a higher need 

for health services. In the case of Jarman, the index was developed specifically to 

predict general practice workload.^”' As deprivation indices gained acceptance they 

have become useful tools in generally identifying areas w ith adverse social 

conditions.
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Given the num erous  examples cited in section 1.3.1, it is clear that there are many 

instances of significant positive correlations betw een  area deprivation and 

m orbidity. An appropria te  validation of a deprivation index m ight therefore bo an 

analysis of correlations with a range of health status measures.

In the course  of this s tudy  it has not been possible to validate an index using 

correlations w ith  health measures. This is due  to the fact that none of the main 

health datasets  in Ireland are available at a small area level. The hospital in-patient 

records are collected at county level, as are perinatal statistics. Mortality data are 

collected at a sub-county level a lthough still at a high level of aggregation. Cancer 

m orbidity  is now  being coded to a small area level a lthough this is not widely 

available and  the quality of the small area coding in rural areas is questionable. 

That is not to say that the deve lopm ent of deprivation  indices w ithout suitable 

validation data  is futile. As was discussed in section 1.3.1, num erous  studies in the 

UK have show n  strong positive correlations betw een area level deprivation and 

poor health. By using similar indicators to the UK it can be expected that positive 

correlations betw een deprivation  and poor health exist in Ireland. Furthermore, 

positive correlations betw een deprivation and poor health  have been show n to 

exist at m ore  aggregated area levels in Ireland.

In the Health  Information Strategy report, it is p roposed  that for key health 

information system s the data will be geocoded by small area. '̂^*’ It is proposed that 

this w ould  occur du r ing  the second phase of actions which is envisaged as being in 

years 3 to 5 of the strategy implementation. This suggests that routine geocoding 

will be im plem ented  over the next three years as the report  was published in 2004. 

Such a proposal w ould  be greatly aided by the in troduction of a national post code 

system. It is hoped  that these initiatives will be im plem ented  and  that within the 

next three years  small area coding of records will be routine  in all of the major 

health datasets.
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6.4 General remarks

The typical intervention for people living in poverty has been to augment their 

income by way of benefits. This is a direct attempt to improve financial resources 

which should in turn reduce deprivation by providing the means to acquire 

necessities. However, the nature of a number of environmental factors that 

influence health, such as green space, air pollution and crime, is such that the onlv 

way an individual can diminish the impact of these factors is to migrate out of the 

area. In other words, an individual has little power to affect the environment other 

than to move to a different healthier environment. This suggests that governments 

and local authorities should acknowledge the need to promote healthy 

environments and to intervene directly to improve conditions.

Haynes and Gale compared the association between deprivation and health in 

rural and urban parts of England and Wales.^^^ They found that in rural areas and 

in inner London, people's health was better than predicted by their deprivation 

scores. They concluded that if health resources were to be allocated based on social 

deprivation it would put rural and inner London wards at an advantage. Saul and 

Payne looked at the prevalence of specific morbidities in relation to socioeconomic 

measures and found the strength of the relationship depended on the illness being 

in v e s t ig a te d .K a w a c h i  and Kennedy also found that the correlation between 

income and mortality varied depending on the choice of income measure.'’-'̂ ' The 

significance of these studies is that they highlight the sensitivity of the correlation 

between health and deprivation to the choice of deprivation measure and the 

consequences that might have in terms of resource allocation. It was shown in the 

sensitivity analysis in section 5.3 that the choice of indicators, shrinkage, 

transformation and combination can have significant effects on the resulting 

deprivation index. To assume that the relationship between an index and health is 

uniform across areas is also incorrect and basing any resource allocation formula 

on deprivation alone could lead to a poor allocation of resources.
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A British Medical Journal editorial by Cox discusses the problem  of poverty in 

rural areas and, m ore specifically, how  it is more h idden  in rural a r e a s . H e  points 

to the fact that extensive and persistent poverty exists in rural areas but that it is 

not often highlighted. It is interesting to note that a num ber  of the studies 

highlighted in chapter 1 were unable to concur on w hether  the health of rural 

dw ellers was better or worse than that of their u rban  counterparts. It is possible 

that du e  to the sparser population  distribution the issue of relative deprivation is 

less pervasive in rural areas. Relative deprivation refers to the awareness of 

socioeconomic inequalities betw een oneself and other m em bers  of society. Relative 

deprivation  has been show n to have an impact on health independen t of personal 

deprivation.^''^ In urban areas, w here there is greater mixing and arguably  greater 

socioeconomic inequalities, people in poverty m ight be m ore aw are  of affluence 

which can lead to a greater sense of relative deprivation. This heightened relative 

deprivation  may then add  to health inequalities in urban  areas.

The im portance of the urban-rural divide has been stressed in m uch of the 

literature and  has been the reason for developing an urban-rura l classification in 

this study. It is, of course, rather simplistic to think that all rural areas are similar. 

The m ap  in Figure 3.7b, for example, shows the local m eans for unem ploym ent. 

U nem ploym en t levels in rural Donegal are m uch higher than those in rural Kerry. 

Both are rem ote rural areas bu t there are clear socioeconomic differences 

nonetheless. A s tudy  of m ortality in England and Wales found that mortality was 

h igher in m ore  northern  areas, largely due  to higher sm oking  rates in the N orthern 

region.3“'4 suggests that rather than just an urban-rural differential, a basic 

geographic differential m ight also be significant. Not only is it im portan t  whether 

an area is u rban  or rural, bu t  also the latitude and longitude. This m ay come back 

to the first law of geography: "everything is related to every th ing  else, but near 

things are m ore related than d istant t h i n g s . T h e  fact that tw o EDs are both rural 

farm ing areas is not enough to presum e that they are similar - the localities of the 

EDs m ust also be considered.
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What is perhaps most surprising about the many deprivation indices that have 

been produced is that they typically include no assessment of spatial 

autocorrelation or urban-rural variation. To the best of my knowledge, no 

deprivation index has been developed using robust estimation during the data 

combination stage. The use of PCA or FA also provides a statistic on the amount of 

variance explained by each component but these values are not generally provided. 

It would appear that deprivation index developers favour a degree of secrecy 

about their discipline. The bulk of the literature revolves around the issue of 

selecting indicators and the finer points of PCA or FA without ever addressing the 

myriad of other issues that can have a significant impact on the actual deprivation 

index. Rarely is there any reference to validation or sensitivity analysis, as though 

the worst is feared about what might be revealed. Given the wide usage of 

deprivation indices in various forms of resource allocation and planning, it should 

be a minimum requirement that some form of sensitivity analysis is performed to 

ascertain how misleading the index might be.

A final point relates to equivalence. A deprivation index is presented in deciles 

with the assumption that two EDs in the same decile are somehow equivalent in 

terms of deprivation. This assumption rests on the fact that if two EDs have similar 

levels in each indicator then they have a similar level of deprivation. Coming back 

to the car ownership variable, let us say that 20% of the population in an ED does 

not own a car. If that ED is in an urban area, it is arguable that some of that 20% 

have chosen not to own a car perhaps because public transport is more convenient. 

If the ED is in a rural area, such an argument is less defensible. The lack of car in a 

rural area might also represent a greater degree of exclusion and diminished access 

than in an urban area. Therefore, depending on whether the ED is rural or urban, 

the value of 20% not owning a car may be considered more or less deprived. 

Context can be important for some variables and the manner in which this affects 

equivalence should at least be discussed in deprivation index development. In the 

absence of regional information on individual perceptions of what constitutes 

deprivation, this problem can only be accounted for by caveats.
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7 Conclusions & recommendations

This s tudy  set ou t to develop an urban-rural classification for Irelanci, assess the 

characteristics of shrinkage and m ethods of combining deprivation  indicators, and 

to identify the key problems and possible solutions associated with area-level 

deprivation  m easure  methodology. These issues have  been addressed  in the 

preceding chapters. On the basis of the w ork  com pleted  in this study, the following 

conclusions and recom m endations are presented.

7.1 Conclusions

An ind iv idual 's  health status is affected by a range of factors including occupation, 

social support,  stress and living environm ent. Health  status also varies by 

socioeconomic sta tus and geographic location. While it is unders tood  that persons 

with low socioeconomic status will generally have poorer  health, the links between 

geographic  location and health are less clear.

The positive correlation betw een low socioeconomic sta tus  and poor health holds 

at a small area level. Area level deprivation indices are useful aggregate m easures 

of socioeconomic status and can be calculated us ing  census data and other 

routinely collected data. Positive correlations betw een increased area level 

deprivation and poor health have been show n in a n u m b er  of studies.

A detailed small area classification system was p roduced  using a range of 

indicators combined using multi-criteria classification and  d iscrim inant analysis. It 

is argued  here that acknowledging the urban-rura l con tinuum  is a more 

appropria te  approach  to urban-rural classification than assum ing a simple 

dichotomy. Future  studies investigating differences betw een u rban  and rural areas 

should d istinguish  betw een areas using such a multi-level classification as opposed 

to a simple d ichotom ous division of areas.
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D eprivation indicators frequently vary regionally such that local means can differ 

substantially. This may partly reflect regional differences in deprivation but it can 

also point tow ards a lack of equivalence and com parability across area types. 

W hen selecting indicators it is im portant to assess the extent of regional variation 

and w hether it is systematic by area type (e.g. are values m uch higher in city and 

town EDs than in village or rural EDs). The m anner in which indicator choice and 

area type may affect a deprivation index through the correlation matrix is complex. 

In the Irish context the large proportion of rural EDs can lead to an increased 

num ber of urban EDs being considered as very deprived, depending on the set of 

indicators chosen to form the index.

Shrinkage has become a popular technique to im prove the reliability of small area 

deprivation indicators prior to dim ension reduction by Factor Analysis (FA) or 

Principal C om ponents Analysis (PCA). Three m ethods have been assessed in this 

study and each w as show n to have limitations. The m ethod of shrinkage described 

by Longford was found to be the most appropriate m ethod for deprivation index 

developm ent. The use of a district mean can lead to increased shrinkage and 

increased spatial autocorrelation. It can also give rise to small areas on the edge of a 

district being shrunk to the district mean when the neighbouring district might be 

more representative in terms of socioeconomic characteristics. To overcome this 

problem, a M onte Carlo approach to district delineation was developed in this 

thesis. In light of the im portance of indicator selection, shrinkage is relatively less 

critical to the rankings of areas in a deprivation index.

Of the num ber of m ethods available for combining indicators into a single area 

level deprivation index, PCA was found to be the m ost appropriate based on a 

subjective analysis. The m ain alternative, FA, was show n to be less transparent and 

the results too susceptible to arbitrary choices m ade by the user. It was shown, 

however, that there is frequently a regional variation in the correlations between 

deprivation indicators which can lead to inappropriate w eights being applied in 

some regions. To overcome this problem, a new method of PCA -  Geographically
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W eighted PCA (GW-PCA) -  was developed in this study. GW -PCA facilitates the 

localised estim ation of weights. This is an im portan t new  m ethodology as it can be 

seen how  m uch variation is explained locally by the first principal com ponent as 

well as giving the regional variation in weights.

PCA can be affected by outly ing observations. Robust correlation matrix estimation 

m ethods are available and can be used to obtain robust PCA estimates of weights. 

While this will dim inish  or rem ove the effects of outliers on the correlation matrix, 

the outliers are retained in the resultant deprivation index and m ay have even 

more extrem e values after robust analysis.

There are a num ber  of defined steps in the developm ent of a deprivation index: 

indicator selection, shrinkage, transformation, d im ension reduction and 

presentation. At each stage a num ber  of m ethods are available to the developer and 

the choices m ade  have implications for the resultant deprivation  index. Sensitivity 

analysis is a useful tool for assessing the implications of those choices and should 

be used w hen  developing  a deprivation index.

It is envisaged  that a greater num ber  of Irish health related datasets will be 

routinely small area coded in the coming years. Researchers will be able to 

investigate issues relating to health inequalities and health  geography  in greater 

detail as these data become available. It is therefore im portan t  that appropriate  

techniques are used for both area level deprivation m easurem ent and for 

d istinguishing betw een different area types.

The sensitivity analyses used in this thesis highlighted the impacts of different 

m ethodologies and choices on the ranks of small areas in a deprivation index. The 

use of small area health  data will make it possible to investigate w hether those 

impacts have  positive or negative effects on the correlation between a deprivation 

index and  health s ta tus  measures. Such analyses m ay m ake it possible to develop a 

'best practice' approach  for the developm ent of a deprivation  index.
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It is intended to apply the methodological lessons and advances of this thesis to the

developm ent of a new  national deprivation index for Ireland as and when the 2006

census data become available.

7.2 Recommendations

On the basis of the findings of this study, a num ber of recom m endations are made.

The following are general recommendations:

• When developing an urban-rural classification the urban-rural continuum  must 

be recognised. A sim ple dichotom ous classification based on a single variable 

should not be used.

• M ortality and m orbidity data should be collected at a small area level. This 

would enable both the validation of deprivation indices and analyses to better 

understand the links between socio-economic indicators and health status. 

These data are collected by a range of bodies but prim arily in Ireland under the 

auspices of the Health Services Executive and Central Statistics Office. It is 

im perative that small area coding of residences, if not exact latitude and 

longitude, m ust become a routine element of patient records.

The following recom m endations are intended for those developing deprivation

indices;

• To avoid the introduction of bias to a specific area type, deprivation indicators 

should be tested for systematic variation by urban-rural area type. 

Consideration should be given to excluding indicators that show marked 

systematic variation by area type.

• The m ethod described by Longford should be used for the shrinkage of 

deprivation indicators.

• Shrinkage to a district mean can lead to excessive shrinkage and so should only 

be applied if districts are not comprised of small num bers of areas. Ideally, a 

Monte Carlo m ethod of district delineation should be used for the purposes of 

shrinkage.
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• To account for regional variation, deprivation indicators should  be combined 

using GW-PCA.

• Robust correlation matrix estimation should be em ployed  to adjust for the 

impact of outliers. H ow ever it m ust be used with caution as unde r  some 

circumstances outliers can be m ade  even more extreme.

• Sensitivity analysis should  always be used to assess the im pact on the resultant 

deprivation  index of choices regarding indicator selection, shrinkage, data 

transform ation and combination of indicators.

• Consideration should be given to developing optim al deprivation  indices 

tailored to a specific context to maximise the correlation betw een the index and 

a health status or outcom e m easure  of interest.
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