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Peter May; Prospective cohort study of hospital inpatients with advanced 
cancer: cost analysis of a palliative care consultation team intervention

Background: In a context of demographic change and shifting patterns of disease, 
models of health care provision for people with serious illness that improve patient 
and family outcomes in a financially sustainable manner are urgently sought. 
Research to date on palliative care programmes suggests improved outcomes at 
lower cost compared to conventional care, but the evidence base is small and further 
research on palliative care is needed.

Data: Demographic, socio-economic, clinical and hospital cost data collected as part 
of a prospective cohort study of patients admitted to four United States hospitals with 
an advanced cancer diagnosis between 2007 and 2011 (the ‘Palliative Care for 
Cancer’ (‘PC4C’) study). There are 1,023 patients in the final sample, 288 in the 
treatment (palliative care) group and 735 in the comparison group.

Methods: I performed a systematic literature review to provide a basis for my 
original research. Then using the ‘PC4C’ dataset I analysed the impact of the 
palliative care consultation team (PCCT) intervention on hospital costs and related 
outcomes. Propensity score matching is employed to control for observed 
confounding between treatment and comparison groups. Generalised linear models 
with a gamma distribution and a log link are used to estimate treatment effect on 
outcomes of interest. New methods that incorporate time-to-consult following 
hospital admission and define samples by patient complexity are applied.

Results: The primary analysis is presented in four sections with interconnected 
results.

I. An established practice in evaluations of PCCT impact on costs - using length of 
stay to control for unobserved heterogeneity - weakens the internal and external 
validity of treatment effect estimates. Methods incorporating time-to-consult 
following hospital admission deliver results that are more robust and more useful.

II. A palliative care consultation within six days of hospital admission is associated 
with lower cost of hospital care for patients with advanced cancer, and this effect 
is larger for earlier interventions. Cost-savings are achieved by reducing both 
length and intensity of hospital stay.

III. A palliative care consultation within 10 days of hospital admission is associated 
with lower cost of hospital care for patients with multimorbidity, and this effect is 
larger for more complex patients. These results are robust to the time-to-consult 
association: for any given sample defined by complexity, earlier treatment has a 
greater effect; for any given definition of the intervention according to timing, the 
treatment effect is largest for the most complex patients.

IV. For both patients who receive palliative care and those who do not, illness burden 
is a consistent driver of utilisation during hospitalisation.

Conclusion: Early palliative care should be made more widely available to patients 
admitted to United States hospitals with advanced cancer (given evidence-based 
assumptions about intervention efficacy). In a context where a minority of complex 
patients account for disproportionate levels of healthcare costs, early palliative care 
interventions may be an effective tool in curbing future cost growth. Controlling for 
length of stay in cost analysis of observational data is optimally avoided. Additional 
implications for practice, policy and future research are detailed.
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Summary
The provision of care to people living and dying with serious chronic illness is a public 

health priority in most parts of the world. In a context of demographic change and 

shifting patterns of disease, the cost of care for this patient group is projected to grow 

substantially in the coming decades. Models of care that improve patient and family 

outcomes in a financially sustainable manner are urgently sought.

Palliative care programmes have expanded rapidly over the last 25 years to meet the 

needs of patients living and dying with serious illness and functional impairment. 

Research on these programmes suggests improved outcomes at lower cost compared 

to conventional care, but the evidence base is small and further research is needed.

This PhD thesis is concerned with cost analysis of the palliative care consultation team 

(PCCT) intervention for patients admitted to hospital with advanced cancer.

Prior to performing primary research I conduct a systematic literature review on the 

economic impact of PCCTs, identifying 12 prior studies that have found a consistent 

pattern of cost-saving effect from this intervention using a narrow (and in some cases 

flawed) methodological approach.

The findings of the literature review provide a framework for my original research.

Using a prospective cohort study of patients admitted to one of four United States 

hospitals with an advanced cancer diagnosis (the 'Palliative Care for Cancer’ (‘PC4C’) 

study), I analyse the impact of the PCCT intervention on hospital costs. There are 

1,023 patients in the final sample, 288 in the treatment (palliative care) group and 735 in 

the comparison group. Propensity score matching is employed to control for observed 

confounding between groups.

First I demonstrate that an established practice in previous economic evaluations of 

PCCTs - using length of stay (LOS) to control for unobserved heterogeneity - weakens 

the internal and external validity of cost-effect estimates. Palliative care research, 

including the ‘PC4C’ study, is dominated by observational designs, making unobserved 

heterogeneity a substantial concern. However, LOS is connected to both the 

intervention (long LOS is an indicator of patient need) and the dependent variable (LOS
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is strongly correlated with cost), meaning that controlling for LOS exacerbates 

endogeneity concerns and undermines evaluation of the causal relationship.

Second I identify time-to-consultation following hospital admission as having a 

potentially important association with PCCT impact on cost, and I develop new methods 

for incorporating intervention timing into analyses that minimise endogeneity concerns.

Using these new methods I report the following results:

• A palliative care consultation within six days of hospital admission is associated 

with lower cost of hospital care for patients with advanced cancer, and this cost- 

saving effect is larger for earlier interventions. Cost-savings are achieved by 

reducing both length and intensity of hospital stay. Failure to incorporate consult 

timing into evaluations of PCCTs may disguise important relationships:

• A palliative care consultation within 10 days of hospital admission is associated 

with lower cost of hospital care for patients with multimorbidity, and this cost- 

saving effect is larger for more complex patients. These results are robust to the 

time-to-consult association: for any given sample defined by complexity, earlier 

treatment has a greater effect; for any given definition of the intervention 

according to timing, the effect is largest for the most complex patients. In a 

context where a small number of complex patients account for disproportionate 

levels of healthcare costs, palliative care may be a more effective tool than 

previously realised in curbing future cost growth;

• For both patients who receive palliative care and those who do not, illness 

burden is a consistent driver of utilisation during hospitalisation.

Taken together, these three findings highlight substantial scope to reduce the large and 

growing cost of care to seriously-ill patients admitted to United States hospitals.

These findings are summarised in a series of conclusions and recommendations that, 

contingent on evidence-based assumptions about the patient and family outcomes of 

the intervention, can inform practice, policy and future studies in the ongoing search for 

effective and sustainable approaches to providing care for people with serious illness.
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Chapter 1: introduction 
Abstract
This thesis focuses on cost analysis of a specialist-led interdisciplinary palliative care 

consultation team (PCCT) intervention for hospital inpatients with advanced cancer in 

the United States.

In this chapter I lay out the rationale for my PhD enquiry, detailing the following 

contextual issues:

• The well-established public health imperative to identify affordable and effective 

strategies for treating chronic diseases including cancer;

• The rapid growth of palliative care interventions for patients with serious illness in 

the United States and elsewhere over the last 25 years;

• The current landscape in evidence-based research of palliative care, including 

economic evaluation;

• A brief overview of my study data and thesis aim.
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Established public health priority
Improving access to and quality of treatment for patients living and dying with chronic 

disease and functional impairment is an established public health priority in most parts 

of the world (Centers for Disease Prevention and Control, 2013, Busse et al., 2010, 

Global Burden of Disease Study Collaborators, 2015).

Care for chronic conditions, which are most prevalent among the elderly, accounts for 

large proportions of healthcare budgets but often results in inappropriate treatment, 

fragmented pathways, poor outcomes and unmet need (Meier, 2011, Lehnert et al.,

2011). And the economic burden of chronic disease is projected to grow substantially in 

the first half of this century due to ageing populations and shifting patterns of disease, 

and the limited capacity of health systems originally designed to provide acute and 

episodic care (Schoen et al., 2009, Lehnert et al., 2011).

In the United States health system these challenges are compounded by long-standing 

use of high-intensity treatments and technologies. Studies on care for seriously-ill 

patients report evidence of high-cost futile care (Huynh et al., 2013); potentially 

inappropriate prescribing (Lindsay et al., 2014); perverse physician incentives towards 

high-intensity treatments (Malin et al., 2013); and mismatches between patients’ 

preferences and clinicians’ perceptions, particularly when patients do not want 

treatment (Downey et al., 2013). End-of-life care has become more aggressive and 

resource-intensive since the turn of the century (Teno et al., 2013). Increases in 

national healthcare expenditure are driven more by rising prices, particularly for drugs, 

medical devices and hospital care, than by growing demand due to population ageing 

(Moses et al., 2013).
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Cancer specifically is the second most common cause of death in the United States 

(National Center for Health Statistics, 2015) and accounts for the highest levels of per- 

capita spending of major chronic conditions among adults (Soni, 2011). Cost growth for 

cancer treatment has been considerable and persistent, from $72 billion in 2004 to $125 

billion in 2010 and projected to be $173 billion by 2020 (Mariotto et al., 2011), driven 

primarily by increases in spending on pharmaceuticals and imaging (Kelly and Smith, 

2014). These trends have not translated into value with many new high-cost treatments 

resulting in modest increases in survival (Sorenson, 2012), consistent with a wider trend 

in the United States of high expenditure for poor health outcomes against international 

comparators (Organisation for Economic Co-operation and Development, 2014).

Over the next two decades, demographic ageing generally observable in high-income 

countries as well as these US-specific factors and widening insurance eligibility through 

the Affordable Care Act, will place growing financial pressure on the American 

healthcare system (Sisko et al., 2014). Strategies are urgently sought to curb cost 

growth while increasing access to appropriate treatment for patients with advanced 

cancer and other life-limiting illness (Smith and Hillner, 2011, Levit et al., 2013, Siu et 

al., 2009, Anderson, 2010).

The growth of palliative care
The World Health Organization (WHO) defines palliative care as follows:

“Palliative care is an approach that improves the quality o f life o f patients and their 

families facing the problems associated vi/ith life-threatening illness, through the 

prevention and relief o f suffering by means o f early identification and impeccable
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assessment and treatment o f pain and other problems, physical, psychosocial and

spiritual. Palliative care:

•  provides re lie f from pain and other distressing symptoms;

•  affirms life and regards dying as a normal process;

•  intends neither to hasten or postpone death;

•  integrates the psychological and spiritual aspects o f patient care;

• offers a support system to help patients live as actively as possible until death;

• offers a support system to help the family cope during the patients illness and in 

their own bereavement;

•  uses a team approach to address the needs o f patients and their families, 

including bereavement counselling, i f  indicated;

•  will enhance quality o f life, and may also positively influence the course o f illness;

•  is applicable early in the course o f illness, in conjunction with other therapies that 

are intended to prolong life, such as chemotherapy or radiation therapy, and 

includes those investigations needed to better understand and manage 

distressing clinical complications. ”

-W orld Health Organization (2015)

The origins of palliative care are in alleviating suffering at the end of life, particularly for 

cancer patients (Davies and Higginson, 2004a). But in response to rising prevalence of
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chronicity and multimorbidity for patients who are not near end of life, care with 

processes and goals beyond aggressive curative intent are increasingly available for 

non-malignant diagnoses and/or for patients earlier in the care trajectory (Davies and 

Higginson, 2004b).

In the United States, as in other high-income countries, palliative care programmes 

have expanded rapidly over the last 25 years, emphasising pain and symptom 

management, communication about goals of care and transition management, practical 

help for family caregivers, and psychological and spiritual support (Hughes and Smith, 

2014). Palliative care has also been recommended by the American Society of Clinical 

Oncology as standard care for any patient with cancer and/or high symptom burden 

(Smith et al., 2012b).

The intervention evaluated in this thesis is the palliative care consultation team (PCCT), 

a hospital-based multidisciplinary team comprising a physician, nurse and social worker 

with access to chaplaincy and psychiatry support. Acting at the invitation of a primary 

physician, the PCCT assists in the treatment of seriously-ill patients through clarifying 

diagnosis and treatment options, and helping patients and family members identify and 

select treatments that match their goals (American Academy of Hospice and Palliative 

Medicine et al., 2004).^

This model is the dominant form of palliative care provision in United States hospitals 

and has expanded substantially in recent years: in 2000, 24% of hospitals reported 

having a palliative care team; by 2013 this figure had risen to over two thirds of

 ̂For a more detailed description of the intervention in my primary analysis, see §3.1.4>lntervention.
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hospitals, including over 85% of mid- to large-sized hospitals (Goldsmith et al., 2008, 

Morrison, 2013a). Improving hospital care to patients with serious illness has long been 

a recognised priority since most patients prefer not to receive care in an inpatient 

setting, particularly near end of life (Flory et al., 2004, Gomes et al., 2012), and 35% of 

direct medical cancer costs in the United States are attributable to inpatient hospital 

stay (American Cancer Society, 2015).

Evidence and research in palliative care
Where palliative programmes have been evaluated, the evidence suggests they 

improve outcomes in pain and symptom management, anxiety, communication and 

decision-making, and patient and family satisfaction for patients with serious illness 

(Higginson and Evans, 2010, Dy et al., 2008, Dy et al., 2012). These reported 

improvements in patient experience appear to be derived through a combination of 

more appropriate decision-making, including expert pain and symptom management: 

treatment choices and transition plans consistent with patient preferences; and 

reductions in futile and inappropriate care (Meier, 2011, Zilberberg and Shorr, 2012, 

Zhang et al., 2009). Multiple studies have also shown that palliative care reduces the 

average cost of care (Smith et al., 2014).

As palliative care has greater relevance for cohorts not at end of life, earlier 

interventions are increasingly available ‘upstream’ in the care trajectory with observable 

benefits (Parikh et al., 2013). For example, evaluations of concurrent palliative care 

from point of diagnosis, or use of checklists at hospital admission to identify patients 

with palliative care needs, have suggested improved outcomes including survival 

(Temel et al., 2010, Adelson et al., 2013, Zimmermann et al., 2014, Bakitas et al..
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2014). Thus, palliative care has been shown to have an impact not only at end of life 

but at any time when decisions are made in the treatment of patients with serious illness 

(Smith et al., 2012b).

However, the size and quality of the evidence base to date is moderate for both patient 

and family outcomes, and economic analyses (Wheeler et al., 2012, Dy et al., 2012, 

Smith et al., 2014). This in part reflects low levels of research funding and activity 

relative to palliative care’s role in contemporary healthcare provision (Gelfman et al., 

2013, Wheeler et al., 2012, Sleeman et al., 2012). But there are also significant 

practical challenges in generating high-level evidence for seriously-ill populations. 

Studying patients at risk of rapid deterioration often leads to low enrolment and high 

attrition (Fu et al., 2013), and requires the measurement of complex and intangible 

outcomes (Evans et al., 2013). Randomised controlled trials (RCTs) of palliative care 

face challenges of feasibility and ethics, often requiring researchers to pursue quasi- 

experimental designs with observational data (Aldridge Carlson, 2013, Ewing et al., 

2004, Penrod et al., 2008, Marcus and Gibbons, 2001)}

Continued expansion of palliative care access in the United States is a recognised 

priority both to address insufficient provision in underserved regions and to develop 

national capacity as need and awareness of services continues to grow (Morrison, 

2013a). However, effective expansion requires further rigorous, evidence-based 

research to appraise systematically the outcomes of programmes to date, to determine

 ̂ For a more detailed discussion of research design issues for seriously-ill patients, and how I have tried  to  
maximise the quality o f evidence generated by my primary analysis, see §3 .1.3  and §3 .2.1 .
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the processes and structures underpinning those outcomes, and to identify 

opportunities to upscale effective models for an ageing population (Goldstein and 

Morrison, 2005, Kumar et al., 2012, Higginson etal., 2013, Morrison, 2013b).

One essential component of such a research agenda is economic evaluation. Payers 

and policymakers require evidence to validate current palliative care provision, to 

explore ways that this could be made more cost-effective, and to assess the case for 

new programmes (Meier and Beresford, 2009, Harding et al., 2009). Healthcare budget 

projections for patients living with chronic illness in general, and those with cancer in the 

United States in particular, emphasise the importance of identifying healthcare 

responses that can curb cost growth without compromising quality or access (Smith and 

Hillner, 2011).

Despite the acknowledged significance of economic analyses in evaluating and 

informing care provision, the economic literature on palliative care programmes is small 

and disparate, reflecting the complexity of palliative care assessment and the multiplicity 

of treatment settings, patient diagnoses and levels of severity, and levels of staff 

specialism (Gomes et al., 2009, Smith et al., 2014).^

This PhD thesis
The overall aim of this thesis is to contribute substantively to knowledge on the impact 

of the PCCT intervention. Specifically, the thesis constitutes a cost analysis'*; it 

evaluates how PCCTs are associated with cost of hospitalisation on the assumption that

 ̂The economic literature on PCCTs is reviewed systematically in §2, including a discussion of the limitations of this 
literature in the context of the current evidence base on the economics o f palliative care.
" Cost analysis methodology is placed in wider context in §2.4>Forms of economic evaluation and subsequent sub
sections.
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outcomes for patients who received the intervention were at least as good as for 

patients who did not receive the intervention. High-quality evidence on the hospital cost 

effects of the PCCT intervention is essential to the wider research and policy context of 

understanding the best allocation of resources in providing care to people with serious 

and life-limiting illness across all settings.

The original research in this thesis forms part of a larger study on the PCCT intervention 

for patients with advanced cancer in United States hospitals. The study, the ‘Palliative 

Care for Cancer’ (‘PC4C’) study, was conducted to evaluate PCCT effect on patient and 

family outcomes, goals and processes of care, and in-hospital utilisation.

To identify priorities for my original research I conducted a systematic literature review 

of previous relevant studies. This work is presented in §2 Literature Review. I gained 

access to the ‘PC4C’ dataset during an extended period of mentored research at the 

Icahn School of Medicine at Mount Sinai in New York, consistent with my PhD 

fellowship funding, which aimed to provide health economists with mentorship and 

expertise from United States health services researchers (Health Research Board,

2011). For a detailed summary of the 'PC4C' study rationale and methods, and my 

primary analysis within this study, see §3 Materials and IVIethods.

My original research addresses the objectives identified in §2 and using methods 

detailed in §3 to evaluate PCCT impact on hospital costs, utilisation patterns and length 

of stay. This research, which has practice and policy implications, as well as 

highlighting important methodological issues that can strengthen future research in this 

field, is presented in §4 Results. The implications of my findings for practice, policy and
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research, including the potential to incorporate my results with other outputs from the 

‘PC4C’ study, are detailed in §5 Conclusions and recommendations.

As such this thesis presents original research that contributes evidence on a recognised 

public health and policy priority worldwide. The study data were collected and analysed 

using a rigorous and robust design, and so the results constitute a strong contribution to 

the evidence base. My results will have greatest relevance for the United States 

healthcare system and setting, but they may also be applicable to other countries. 

Similarly the analyses are generalisable to patients with cancer diagnoses, but they can 

inform similar studies of interventions for non-malignancy in future.
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Chapter 2: Literature Review 

Abstract
This chapter presents the findings of a systematic literature review of the economic 

impact of hospital palliative care consultation teams (PCCTs). An earlier, edited version 

of this review has been published in the Journal of Palliative Medicine (May et al.,

2014 ).

Background: The economic evidence base on palliative care is small and disparate, 

and where systematic reviews have analysed economic impact these have tended to 

report across different settings, diagnoses, levels of specialism and national systems, 

highlighting patterns without focusing on specific programmes or models of care. A 

review was undertaken to collect systematically the economic evidence on PCCT 

interventions specifically, to appraise critically this evidence, and to identify approaches 

and priorities for my PhD enquiry.

Methods: Economic studies of PCCT interventions were identified using two 

methodological approaches: systematic meta-review and systematic database review.

In the context of multiple relevant prior reviews I identified studies through already- 

published systematic reviews. For time periods not covered by already-published 

reviews, I undertook a systerpatic search of the PubMed, CINAHL, EconLit and AMED 

databases. Studies were eligible for inclusion if they represented a credible economic 

evaluation of a specialist palliative care consultation team intervention for adult hospital 

inpatients versus a usual care comparator.

Results: Twelve studies were included in the review; 11 observational cohort studies 

and one randomised controlled trial, all from the United States. Studies report a
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consistent pattern of cost-saving effect from PCCT interventions but these results were 

derived using a narrow (and in some cases flawed) methodological approach. The 

underlying source of cost-savings is also not well established.

Conclusion: PCCT interventions appear to reduce hospital costs for patients with 

serious illness but these results must be considered carefully and in the context of the 

methods they employ. Research priorities for my primary PhD research from a hospital 

costs perspective are identified, as well as areas for future studies beyond the hospital 

costs perspective.
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2.1 Introduction
In the previous chapter I introduced this PhD thesis, outlining the context in which the 

research was undertaken.

Palliative care programmes have expanded rapidly in recent years to treat patients 

living and dying with serious illness, but there remains evidence of unmet need and 

poor quality care for this group. Demand for palliative care services will continue to 

grow in the context of demographic change, and health system pressures are 

compounded in the United States by persistent cost growth and high-intensity utilisation. 

Research activity in palliative care is low proportionate to its significance in healthcare 

provision, amplifying the need for rigorous, evidence-based knowledge on these 

programmes. Performing research in this area is complicated by ethical and practical 

considerations that often preclude randomised controlled trial (RCT) design, and result 

in enrolment and attrition challenges.

In particular the economic evidence base on palliative care is small and disparate, and 

where systematic reviews have analysed economic impact these have tended to report 

across different settings, diagnoses, levels of specialism and national systems, 

highlighting patterns without focusing on specific programmes or models of care.

Consequently there has been no economic review focused on specialist hospital 

inpatient consultation teams (PCCTs), the dominant model of provision in the United 

States hospital setting and the intervention on which this PhD research is focused. A 

review was therefore undertaken to collect systematically the economic evidence on this 

model specifically, to appraise critically the evidence, and to identify approaches and 

priorities for my PhD enquiry.
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2.2 Methods
Identifying studies for consideration was performed using two methodological 

approaches: systematic meta-review and systematic database review.

First, studies were identified by systematic meta-review ('a review of existing reviews’): 

instead of collating studies from databases, I identified studies through already- 

published reviews. In the context of multiple relevant prior reviews the early economic 

evidence on palliative care programmes had broadly been assembled. What the prior 

reviews had not provided was a detailed examination of the evidence on any specific 

model of care delivery, or a critical assessment of that evidence. In systematically 

reviewing relevant previous reviews using clear criteria focusing specifically on 

economic evaluation of the PCCT model, I am able to assemble the published evidence 

on my area of interest for time periods covered by prior reviews.

For time periods not covered by already-published reviews, a systematic database 

search was undertaken.

Review selection
Reviews were identified by systematic searches on the PubMed, CINAHL, EconLit and 

AMED databases.® Relevant search terms for palliative care, review and economics 

(e.g. palliative, hospice; review, systematic; economic*, cost*) were combined to search 

titles, abstract and subject headings published by 28**̂  February, 2015. See Appendix to 

§2.2 for details.

 ̂These databases w ere selected In discussion w ith  my supervisors as covering the key domains of relevant 
research in palliative care and health economics: medicine, nursing, economics and allied healthcare.
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All 578 studies returned by the database search were considered for the meta-review.

A review was included in the meta-review only if it was (i) a literature review reporting 

(ii) a systematic search strategy (iii) examining (but not necessarily limited to) inpatient 

hospital palliative care programmes (iv) treating adult patients, and (v) identified 

outcomes of interest as including (but not necessarily limited to) economic analysis.

Only English-language journal articles were considered.

I reviewed all unique titles/abstracts against the inclusion criteria; all deemed irrelevant 

or not meeting the criteria were removed, all others were read in full against the 

inclusion criteria. Where there was uncertainty about a systematic review’s suitability or 

relevance this was discussed with my supervisors.

All reviews that were included in the meta-review were hand-searched for additional 

relevant reviews (‘snowball sampling’). A full breakdown of the appraisal process is 

provided in Figure 2.2.1.

Figure 2.2.1 Identification of reviews for meta-review (see also Appendix to §2.2)

All titles extracted from 
systematic database Duplicates removed

Unique title/abstracts 
reviewed against

searches
n=S78

n=37 inclusion criteria 

n=S41

1

All deemed irrelevant 
and/or failing to meet

All relevant studies read 
in full against the All failing to meet

criteria removed 

n=516
inclusion criteria 

n=25 n=17

Relevant reviews 
identified through 
database search

n=8

■
, 1
' All reviews included .
1 . ^— ^  ■ m meta-review ^ -----
1 n = ll 
1 '

Reviews identified 
through snowball 

sampling
n=3
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The meta-review returned eight published reviews with a relevant focus (Douglas et al., 

2003, Thomas et al., 2006, Zimmermann et al., 2008, Smith and Cassel, 2009, Simoens 

et al., 2010, El-Jawahri et al., 2011, Harris and Murray, 2013, Smith et al., 2014). Three 

additional reviews were identified by snowball sampling (Higginson et al., 2002, 

Higginson et al., 2003, Higginson and Evans, 2010), making 11 in total. These are 

summarised in Table 2.2.1.

Table 2.2.1 Systematic reviews of palliative care programme evaluations

Lead autlior, year, country Number of included papers

Higginson, 2002, UK 13

Douglas, 2003, UK 17

Higginson, 2003, UK 15*

Thomas, 2006, CAN 30

Zim m erm ann, 2008, US - j * *

Smith, 2009, U S ***

Higginson, 2010, UK 59

Simoens, 2010, BEL 15

El-Jawahri, 2011, US 22

Harris, 2013, UK 12

Smith, 2014, IRL 46

* 65 included in total; 15 reported separately in economic analysis.
* *  22 included in total; seven reported separately in economic analysis.
* * *  Not reported as a systematic review. 21 papers discussed in cost analysis.

Of these, 10 systematic reviews variously (a) focused primarily or exclusively on 

economic factors in palliative care provision (Douglas et al., 2003, Simoens et al., 2010, 

Harris and Murray, 2013, Smith et al., 2014); (b) reported economic impact as one 

dependent variable of interest separately alongside clinical and other factors (Higginson
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et al., 2003, Thomas et al., 2006, Zimmermann et al., 2008); or (c) evaluated palliative 

care services without particular emphasis on economic considerations (Higginson et al., 

2002, Higginson and Evans, 2010, El-Jawahri et al., 2011). An additional review, not 

reporting a systematic search strategy but with a highly relevant focus, was included in 

the meta-review also (Smith and Cassel, 2009).

The reviews had a balance between different systems and perspectives in high-income 

countries with five written by teams based in the United Kingdom (Higginson et al., 

2002, Douglas et al., 2003, Higginson et al., 2003, Higginson and Evans, 2010, Harris 

and Murray, 2013), three in the United States (Zimmermann et al., 2008, Smith and 

Cassel, 2009, El-Jawahri et al., 2011), and one each from Belgium (Simoens et al., 

2010), Canada (Thomas et al., 2006) and Ireland (Smith et al., 2014).

The timeframe of these 11 reviews provided full coverage of the relevant published 

literature to the end of 2011. To supplement these findings and identify papers 

published since 2011, systematic searches were performed on the PubMed, CINAHL, 

EconLit and AMED databases. Key search terms from the clinical and economic 

domains (e.g. palliative, hospice; economic*, cost*) were combined to search titles, 

abstracts and subject headings from 1®̂ January, 2012 to 28‘  ̂February, 2015. See 

Appendix to §2.3 for details.

Study selection
All 257 studies included in any of the 11 identified reviews and all 606 studies returned 

by systematic database search were considered for inclusion.
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I reviewed all unique titles/abstracts against the inclusion criteria; all deemed irrelevant 

or not meeting the criteria were removed, all others were read in full against the 

inclusion criteria. Where there was uncertainty about a paper’s suitability for inclusion 

this was discussed with my supervisors.

A study was included in the review only if it contained (i) a credible economic evaluation 

of (ii) a specialist-led multidisciplinary palliative care consultation team to (iii) adult 

patients in (iv) the hospital inpatient setting, (v) measuring and comparing the costs 

and/or cost-effectiveness of this intervention (vi) against a usual care (UC) comparator. 

Studies focused on patients with dementia were excluded since this patient group was 

not eligible for the study in my own primary research.® Only English-language journal 

articles were considered.

The rationale for these criteria were adapted from the ‘gold standard’ guidelines for 

health economic evaluation (Drummond and Jefferson, 1996). Drummond and 

Jefferson’s full checklist for economic evaluations is far greater; these components were 

identified as constituting a fair ‘bare minimum’ threshold in a field where economic 

evaluation is at an early stage.

® For fu ll de ta ils  on  th e  e lig ib ility  c rite ria  fo r m y prim ary  analysis, see § 3 .1 .5 .
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2.3 Results

Summary
A full breakdown of the appraisal processes are provided in Figure 2.3.1.

Figure 2.3.1 Identification of studies for literature review

All titles extracted from All titles extracted from
11 relevant literature Duplicates removed systematic database Duplicates removed

reviews — >
n=94 searches — >

n=67
n=257 n=eoe

1

Unique title/abstracts All deemed irrelevant Unique title/abstracts All deemed irrelevant
reviewed against and/or failing to meet reviewed against and/or failing to meet
inclusion criteria — > criteria removed inclusion criteria — > criteria removed

n=163 n=129 n=539 n=516

1 1

All relevant studies read 
in full against the 
inclusion criteria

All failing to meet 
criteria removed

All relevant studies read 
in full against the 
inclusion criteria

All failing to  meet 
criteria removed

n =34 n=25 n=23 n=20

1 1
______^ _______

Included studies from 
' 11 relevant literature

______± _______

[ Included studies from . 
! systematic database

1 reviews to 2011 1 searches (2012-2015) 1

r n=9 n=3 1

Fig. 2.3.1a Meta-review: to 31/12/2011; see Fig.2.3.1b Database search 1/1/2012 to
also Table 2.2.1. 28/02/2015; see also Appendix to §2.3.

Nine evaluations identified through the meta-reviev^/ met the inclusion criteria (Cowan, 

2004, Penrod et al., 2006, Ciemins et al., 2007, Bendaly et al., 2008, Gade et al., 2008, 

Hanson et al., 2008, Morrison et al., 2008, Penrod et al., 2010, Morrison et al., 2011a). 

Three evaluations returned by the database search met the inclusion criteria (Starks et 

al., 2013, Whitford etal., 2014, McCarthy etal., 2015). Snowball sampling was 

performed on all 12 eligible studies for further papers but no additional eligible papers 

were identified. The 12 studies are summarised in Table 2.3.1.

36



Table 2.3.1 Economic evaluations of palliative care consultation team interventions for hospital inpatients

Study Hospital(s) Design Sample Principal Primary
-----------------  Matching size® Diagnosis® dependent
Team Label strategy variable^°

Key findings

Cowan,
2004

(#1)

Hospital not 
categorised by 
authors

Advanced Illness 
Assistance Team 
(AIA)

Cohort
Matching
byDRG

164 PC 
152 UC

Cancer 27%  
Neurologic 18%  
Pulmonary 17%  
CV 12%
Organ failure 
7%
Gl 7%
Chronic pain 6%  
Infection 4%  
Other 2%

Hospital
charges

Comparison of 
mean charges 
for PC group & 
matched UC 
comparators

■ Lower (~7%) mean daily charges for PC than 
UC (p=0.006)
• For patients with L0S>7 days, PC reduces 
LOS
■ Lower LOS for some PC groups but not 
statistically quantified.

Penrod,
2006

(#2)

Two Veterans 
Administration (VA) 
facilities

Palliative Care 
Consultation Team 
(PCCT)

Cohort
Propensity
scores

82 PC 
232 UC

Cancer 50%  
Infectious 
disease 10%
CV 7%
Pulmonary 10%  
Gl 7%
GUR 4%
Other 12%

Direct daily cost

Comparison of 
mean costs for 
weighted PC & 
UC groups from 
GLM (gamma, 
log) regressions

■ PC patients 42% less likely to be admitted to 
ICU
• Lower (~22%) daily direct costs for PC than 
UC (p<0.0001)
• Laboratory & radiology also lower; no diff. for 
pharmacy
■ LOS reported as descriptive statistic; no sig. 
diff. between PC & UC (p=0.44)

 ̂ PC=number o f palliative care patients (intervention group); UC=number of usual care patients (comparison group).
 ̂ For PC group at tim e of consultation.

Primary dependent variable tha t is also of interest for this literature review. In some cases studies examined additional outcom es/research questions not 
relevant to  this review which are not reported here.
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Ciemins,
2007

(#3)

Bendaly,
2008

(#4)

Gade,
2008

(#5)

Large, private, not- 
for-profit medical 
centre

Palliative Care 
Consultation 
Service (PCCS)

Cohort
Matching
byD R G

27 PC 
128 UC

Cancer 100% Total daily cost

Comparison of 
mean costs for 
PC group & 
matched UC 
comparators

Public hospital

Palliative Care 
consultation (PCc)

Cohort
None
reported

61 PC 
55 UC

Pulmonary 

disorders and/or 
M V 30%
C V 23%  
Neoplasms 16%  
Infections with/ 
w/o sepsis 15%  
Other 16%

Total charges

Comparison of 
median total 
charges for PC 
& UC groups

Three Managed 
Care Organization 
hospitals

Interdisciplinary 
Palliative Care 
Service (IPCS)

RCT 275 PC 
237 UC

Cancer 27%  
C H F 9%
Ml 1%
Other HD 3%  
C 0 P D 1 3 %  
Other PD 1% 
Renal 4%  
Organ failure 
12%
Stroke 9%  
Dementia 3%

Total health 
service costs for 
6 months post
discharge

Comparison of 
means for PC & 
UC groups

• Lower (~13%^’) mean daily costs for PC than 
UC (p<0.01)
■ Lovi^er (~16%) mean total costs for PC than 
UC (p<0.0001)
• Lower LOS but not statistically quantified.

■ Lower (~16%) median total charges for PC 
than UC (p<0.001)
• LOS reported as descriptive statistic; no sig. 
diff. between PC & UC (p=0.57)

• Lower (~32% ) total mean health costs for PC 
than UC (p<0.001)
■ Lower (~23% ) total mean health costs for PC 
than UC once IPCS staffing accounted for
• No diff. in physical, emotional symptoms
■ Improved satisfaction

There is inconsistency in reporting of cost difference as a percentage. Ciemins et al. use the cost of palliative care as the base cost in calculations, i.e. [%AC= 

((Cpc ~  C u c)/C p c ) X 100] while others (e.g. Hanson et al.) use the cost of usual care, i.e. [%AC= ((C pc -  C u c )/C u c ) x 100]. In this table and throughout the  text all 
%AC have been calculated using the latter method.



Hanson,
2008

(#6)

Tertiary academic 
medical centre

Palliative Care 
Consultation 
Service (PCCS)

Cohort 
Matching 
by DRG

104 PC 
1,813 UC

Cancer 61%  
Cardiopulmonar 
y diseases 11% 
Neurologic 
diseases 5%  
Hepatic/renal 
failure 4%
Acute infections 
14%^^

Direct daily cost

Comparison of 
mean costs for 
PC group & 
matched UC 
comparators

• No difference in total variable costs (p=0.78) 
■ Lower (-10% ) daily variable costs for PC 
than UC (p=0.03)
• Larger proportional cost savings per day for 
PC where LOS is greater
• No sig. diff. in LOS (p=0.11)

Morrison,
2008

(#7)

Five community 
hospitals & three 
academic medical 
centres

Palliative Care 
Consultation Team 
(PCCT)

Cohort
Propensity
scores

Live
discharge 
2,630 PC 
18,427 
UC

Hospital 
deaths 
2,278 PC 
2,124 UC

Live discharge 
Cancer 29%  
Infection 4%
CV 19%  
Pulmonary 15%  
Gi 7%
G U R  4%
Other 22%

Hospital death 
Cancer 19%  
Infection 11 % 
CV 24%  
Pulmonary 18%  
GI 9%
G UR 4%
Other 14%

Total direct cost

Comparison of 
mean costs for 
weighted PC & 
UC groups from 
GLM (gamma, 
log) regressions

Live discharges
■ Lower total costs (~14%; p=0.02), total costs 
per day(~19%; p<0.001), total direct 
costs(~15%; p=0.004), direct costs per 
day(~21%; p<0.001) for PC than UC
■ No sig. diff. in LOS (p=0.12)

Hospital deaths
■ Lower total costs (~18%; p=0.001), total 
costs per day(~22%; p<0.001), total direct 
costs(~22%; p=0.003), direct costs per 
day(~25%; p<0.001) for PC than UC
■ No sig. diff. in LOS (p=0.40)

Primary diagnoses for all PC patients in overall sample (n=304); authors do not report corresponding figures for sub-sample in economic analysis (n=104).
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Penrod,
2010

(#8)

Five Veterans  

Administration (VA) 
facilities

Palliative Care  
Consultation Team  

(P C C T)

Cohort 
Propensity 
scores plus 
instrumental 
variable (IV)

606 PC 

2 ,715  UC

Cancer 62% '"  
CORD 36%  
CHF 28%  
HIV/AIDS 3%

Daily direct cost • PC patients 44%  less likely to be admitted to 

ICU
Cost effects ■ Lower'"* daily direct costs for PC than UC  

estimated using (p<0 .0001)
gam m a IV  

regression to 

compare  

weighted PC & 

UC groups

• Pharm acy, laboratory & nursing also lower; 
no diff. for radiology

Morrison,
2011a

(#9)

A  community 

hospital, two 

academ ic medical 
centres, and a 

safety-net hospital

Palliative C are  

Consultation Team  
(P C C T)

Cohort
Propensity
scores

Live
discharge 
290 PC  
1,427 UC

Hospital 
deaths 
185 PC  

149 UC

Cancer 58%  

AIDS 2%
CHF 12%  
CORD 2%  
Advanced liver 
disease 19%  
Prolonged ICU 
stay 6.9%

Total direct cost

Cost effects 

estim ated using 

G LM  (gam m a, 
log) regression 

of weighted  

samples

S ee also; 
Morrison et al. 
(2011b)

Live discharges
■ Lower total costs (~ 1 1%; p<0.05), total costs 

per day(~18% ; p<0.001) for PC than UC
■ Lower laboratory (~16% ) & imaging (~13% ) 
costs though not stat. sig.
■ Slightly higher ICU LOS but significantly 
lower (-4 2 % ; p<0.001) ICU  cost per admission 

for PC than UC

Hospital deaths
■ Lower total costs (~ 1 1%; p<0.05), total costs 

per day(~9% ; p<0.01) for PC than UC
• Lower pharm acy (~21% ; p <0 .001 ) for PC  

than UC  ; no difference for laboratory or 
imaging
• Lower ICU  LOS (10 .2  days against 13.8; 
p <0.01) for PC than UC; no significant cost 
difference

Patients could have m ore than one advanced disease diagnosis; therefore does not add up to  100%. 
No UC cost given so not possible to  calculate proportional saving.



Starks,
2013

(#10)

Two academic 
medical centres

Palliative Care 
Consultation

Cohort
Propensity
scores

Live
discharge 
1,115 PC 
1,111UC

Hospital 
deaths 
679 PC 
700UC

All
Cancer 38%  
CORD 16%  
Cerebrovasc. 
16%
CHF 15%  
Renal 10%  
Acute
myocardial 6%  
AIDS 3%

Total costs Live discharges
■ Lower total costs (~19%; p<0.05) for PC than 

Cost effects for DC for patients with L0S<=7; no difference in
all PC patients either direction for longer LOS.
using GLM Hospital deaths
(gamma, log) ■ No difference in either direction,
compared to
matched Note: See ^2.4>Sample definition by LOS
comparators for important commentary on these methods

and results.

Whitford,
2014

(#11)

Integrated medical 
centre comprising 
two hospitals

Cohort
Propensity
scores

Palliative Care 
Consult Service 
(PCCS)

Live
discharge 
1,177 PC 
3,531 UC

Hospital 
deaths 
300 PC 
900 UC

Live discharge 
Infectious 8%  
Neoplasm 21%  
Endocrine 2%  
Nervous 3%  
Circulatory 30%  
Respiratory 16%  
Digestive 8%  
Muscloskel. 9%  
Other 3%  

Hospital death 
Infectious 4%  
Neoplasm 32%  
Endocrine 3%  
Nervous 4%  
Circulatory 23%  
Respiratory 10%  
Digestive 7%  
Muscloskel. 3%  
Other 14%

Total direct 
costs

Cost effects 
estimated using 
GLM (gamma, 
log) regression 
of weighted 
sample

Live discharges
■ Lower total costs (-5%; p<0.05) for PC than 
UC
■ Lower procedure costs; higher evaluation, 
imaging, pharmacy costs for PC than UC (no 
% or p value given)

Hospital deaths
■ Lower total costs (~31%; p<0.05) for PC than 
UC
■ Lower procedure, evaluation, imaging, 
laboratory, pharmacy costs for PC than UC (no 
% or p value given)

Note: See S2.4>Sample definition by LOS for
important commentary on these methods and 
results.

“  Data reporting precludes distinguishing disease profiles by discharge status. Frequencies reported sum to 103%.
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McCarthy,
2015

(#12)

Four community Cohort Live
hospitals and one Propensity discharge
academic hospital scores 1816PC

Palliative Care
33574UC

Consultation Hospital
deaths
572PC
1246UC

Live discharge 
Circulatory 1%  
Cancer 19%  
C V 1 5 %  
Endocrine 3%  
Gl 8%
GUR 6%  
Infection 20%  
Injury 7%  
Muscloskel. 2%  
Nervous syst 
3%
Other 3%

Total direct 
costs

Cost effects 
estimated using 
GLM (gamma, 
log) regression 
of weighted 
sample

Hospital death 
Circulatory 1% 
Cancer 17%  
C V 1 4 %  
Endocrine 1 % 
Gl 8%
GUR 2%  
Infection 27%  
Injury 11%  

Muscloskel. 1% 
Nervous syst 
2%
Other 3%

Live discharges
■ Lower total costs (-12%; p<0.05) for PC than 
UC if consult is received within 10 days of 
admission.
• Lower total costs (-14%; p<0.05) for PC than 
UC for patients with cancer.
• Variation in cost effect by hospital site.

Hospital deaths
■ Lower total costs (-10%; p<0.05) for PC than 
UC
• Lower total costs (-20%; p<0.05) for PC than 
UC for patients with cancer.
■ Variation in cost effect by hospital site.

LOS: Length of stay.
CV: Cardiovascular; MV, mechanical ventilation; COPD: Chronic obstructive pulmonary disease; CHF: Chronic heart failure; HD: Heart disease; 
Ml: Myocardial infarction; Gl: Gastrointestinal; GUR: Genitourinary.



Design
All 12 studies are from the United States. Observational designs dominate with one 

RCT (#5) and 11 cohort studies.^®

Among observational studies there is a wide variation In size with five having 

Intervention groups of between 27 and 164 patients (#1, #2, #3, #4, #6), and one 

study 4,908 intervention patients (#7). There is a clear association between study 

size and publication date; the earliest studies are the smallest, more recent studies 

are larger.

Five studies treat patients discharged alive and patients who died during 

hospitalisation as fundamentally distinct patient groups, dividing their samples 

accordingly (#7, #9, #10, #11, #12).

Bias
Of the 11 studies to use observational data, the earliest studies report small sample 

sizes and rudimentary matching techniques (#1, #3, #6) or. In one case, no matching 

technique (#4).

More recent studies are generally larger and use the more sophisticated propensity 

scores technique (#2, #7, #8, #9, #10, #11, #12).^^

One study used an instrumental variable to control for unobserved confounding 

alongside propensity scoring (#8). This can therefore be considered the most robust 

cohort study in the review for minimising bias.

M y prim ary research in this thesis em ploys data from  a cohort study. For a m ore detailed description of why  

an observational design is o ften  considered m ore appropriate  for these interventions, see §3 .1 .3 .
M y  prim ary research em ploys propensity score matching. For a m ore detailed description of propensity  

scoring in theory  and practice, see §3 .2 .1 .
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Setting
The range of settings covered by included studies demonstrates the hospital 

heterogeneity of the United States healthcare system.^®

Academic hospitals are the most common, reflecting close relationships between 

these institutions and research activity and infrastructure (#6, #7, #9, #10, #12). 

Three of these studies are multi-site including community and academic hospitals 

side by side (#7, #9, #12). Two studies examine Veterans Administration (VA) 

facilities (#2, #8). Others variously examine a large, private, not-for-profit medical 

centre (#3), a public hospital (#4), three Managed Care Organization hospitals (#5), 

and an integrated medical centre comprising two hospitals (#11). One hospital is not 

categorised by authors (#1).

Intervention
Eligibility criteria for the review specified an intervention comprising a team led by a 

specialist physician. Clinical practice guidelines specify a core team of physician, 

nurse and social worker, with additional support from chaplaincy, psychiatry and 

other professions as required (American Academy of Hospice and Palliative 

Medicine et al., 2004).^® The composition of teams included in the review is broadly 

consistent with that definition but with some differences.

Six teams were described as comprising at least a physician, a nurse, a social 

worker and a chaplain (#1 to #6); in some cases these were also described as 

including a psychologist and/or an oncology nurse specialist and/or nursing 

assistants.

M y prim ary research in this thesis also draws on a diversity o f hospital settings. A m ore detailed description  
of settings in m y prim ary research is provided in §3 .1 .4 .

The PCCT intervention  in m y prim ary research is consistent w ith  these guidelines. See §3 .1.4 .
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Of the other six, two were multi-site studies where all teams included a physician and 

nurse but not all included a social worker and chaplain (#7, #9). Two newly- 

implemented services altered composition during the respective study, one initially 

comprising a physician and a chaplain before incorporating a nurse (#10); another 

adding a chaplain to supplement a physician/nurse team (#11). The specific 

composition of the team was not described in one study (#8), but is indicated to be 

consistent with a prior related study (#2).

The most inconsistent (both within the study and in comparison to other studies) 

team compositions were evident in the five-site Study #12; three teams were led by 

physicians and two by nurse practitioners with variable social worker and chaplain 

input. Consequently, some sites in their study are not strictly eligible for this review 

but it was included since some sites in the study are relevant and site-specific results 

are reported (with no consistent pattern of difference between hospitals by team 

composition).

A further source of potential variability between interventions is the process and 

nature of referral. All consultation teams saw patients following referral from another 

team in the hospital but it is not possible to ascertain how comparable these 

processes were.

Population
All studies addressed programmes that treated a range of diagnoses, although 

following matching for economic evaluation one study was restricted to patients with 

cancer (#3).^° All study populations have serious illness but not all are at end of life;

In my prim ary research, the patient sample is restricted to cancer patients only since 'Palliative Care for 

Patients w ith  Cancer' is th e  focus o f the  study. For m ore details o f the eligibility for 'PC4C', see §3 .1 .5 .
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the survival rate during tiie study period for the intervention group varies between 

0% and 80%, with a median of 70%.

In more recent studies, there has developed a tendency to define the sample by 

length of stay (LOS). Studies #7 and #12 analyse only patients who died or were 

discharged within seven to 30 days of admission; Studies #9 and #11 set equivalent 

limits of 6-44 days and 4-90 days respectively. Study #10 stratifies (but does not 

exclude) their patients by LOS.^^

Patients who stayed less than 48 hours are routinely excluded from analysis since 

there is insufficient time for an intervention to have a measurable effect.

Perspective
The observational studies restrict their perspective to the hospital and do not 

evaluate post-discharge costs, or patient or caregiver o u t c o m e s .T h e  RCT (#5) 

analyses total healthcare costs for six months post-discharge as well as some 

patient outcome measures, without quantifying the relationship between the two.

Dependent variable
Different studies specify costs as a dependent variable in different ways.

Ten studies examined direct and/or total costs. Direct costs are those attributable to 

a specific utilisation during hospital stay: services, procedures and relevant staffing 

costs; indirect costs are the fixed costs of running the hospital, proportionately 

calculated for each patient.

For a critical assessment of these methods, see §2.4>Sample definition by LOS.
Studies #3 and #6 evaluated clinical outcomes in separate analyses. My primary research is also concerned 

with costs from the hospital perspective. See below 2.4 Discussion>Hospital costs perspective and §3.1.6.
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Direct costs are therefore not equivalent to variable costs. Within direct costs there 

are variable and fixed costs. Variable direct costs are those that are wholly dictated 

by treatment of the specific patient, such as medical supplies, pharmaceuticals, and 

imaging and laboratory expenditures. Fixed direct costs are those that do not vary 

with a specific patient’s utilisation but can nonetheless be identified with the 

treatment of that patient; examples therefore include staff salaries, and departmental 

equipment expenses proportionately calculated for each patient. Indirect costs are 

those that can neither be identified with a specific patient nor a specific part of the 

hospital costs that are necessarily incurred in the running of the hospital and borne 

by ail patients and departments. Examples include the hospital organisation’s 

personnel and information technology costs, and general building and maintenance 

expenses (Taheri et al., 2000).

Total costs are the sum of direct and indirect costs. Those costs can then be 

reported in toto (costs for the entirety of hospital stay) and per diem (overall hospital 

costs divided by LOS).^^

Five studies primarily examine costs in toto, either direct (#11, #12), total (#9, #10), 

or both (#7). Studies #7 and #9 additionally consider per diem costs.

Four studies examine only per diem costs, direct (#2, #6, #8) and in toto (#3). Two 

studies look not at costs but at charges from the hospital perspective (#1, #4). One 

examines total health service costs for 6 months post-discharge (#5).

For additional consideration of direct and indirect costs, see §2 .4  Discussion>Total versus d irect cost as a 

d ep e n d e n t variab le . For my prim ary research I identified direct costs as the  prim ary dependent variable; for 

details see §3 .1 .6 .

47



Cost-effect estimation
Six studies use a generalised linear model (GLM) with a gamma distribution and a 

log link to estimate mean incremental effect of the PCCT on costs (#2, #7, #9, #10, 

#11, #12), while another employed a related approach with an instrumental variable 

(#8). All used propensity score weights in matching.

Prior to the popularisation of these methods. Studies #1, #3 and #5 all compared the 

mean effect for each treatment group patient against those of a control matched by 

diagnosis-related group (DRG). Study #4, without reporting a matching strategy, 

compared the median effect for the two groups.

Findings 

Overall costs
All 12 studies report that palliative care consultations result in lower costs than their 

usual care comparators for most or all analyses, and there are no significant 

associations reported between the intervention and higher total costs. Formal meta

analysis is prevented not only by differences in study design, setting, intervention 

and population, but also differences in approach to expressing costs and calculating 

cost effects.

Studies that report costs from the hospital perspective mostly find statistically 

significant savings through palliative care in the 9-25% range (#2, #3, #6, #7, #9). 

Study #11 reports differences outside of this range with a 5% cost-saving for 

survivors and 31 % for decedents. Of the other four studies to stratify by survivors 

and decedents, two also report statistically significant cost-saving effects for both 

groups and greater effects for deaths than live discharges (#7, #9). Study #12 finds 

a significant effect for patients who died but not for those discharged alive at the 

overall level, but significant effects for live discharges are observable for specific
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sub-samples according to diagnosis and consult timing. Study #10 is distinct in 

reporting a difference only for those discharged alive within seven days. '̂^

Of the two studies examining hospital charges, one reported mean daily charges 

around 7% lower for PC (#1) and the other median total charges around 16% lower 

for PC (#4). The only study to take a post-discharge health costs perspective finds 

costs for palliative patients 32% lower than those for usual care patients over six 

months (#5). One study’s reporting method precluded calculating a proportional 

difference but daily costs are found to be lower for the intervention group (#8).

Ancillary costs
Where ancillary costs are reported separately, the results are inconsistent. Where 

statistically significant differences have been identified, costs are typically lower for 

palliative care interventions, but differences are not always identified. Study #2 

reports ancillary (laboratory and radiology) costs 43% lower and no difference in 

pharmacy; a larger follow-up study found differences in laboratory and pharmacy but 

not in imaging (#8). Study #7 found differences in pharmacy but not imaging; a 

second study by the same lead author found no difference in pharmacy (#9). Study 

#11 found palliative care to be less costly across ancillary categories among patients 

who died, and different effects by category for patients discharged alive.

ICU costs
Of the six studies to report ICU use as a dependent variable, the results have a clear 

pattern towards lower use among palliative patients (#2, #8, #5, #7, #11). One found 

no significant difference, possibly due to lack of power (#6).

There are concerns about the validity of results report in Studies #10 and #11. See §2.4>Sample definition  
by LOS.
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LOS impact
Of the four studies to report LOS use as a dependent variable, none reports a 

statistically significant different between treatment and comparison groups (#1, #3, 

#6, #7). Of the two studies to report LOS as descriptive data for matched samples, 

neither reports a statistically significant difference between groups (#2, #4).

2.4 Discussion
The review suggests that PCCTs are consistently found to be less costly than usual 

care comparators in the range 9-25% for hospital costs, and these differences are 

typically statistically significant. Overall hospital cost-savings appear larger for those 

who died during hospitalisation than for those discharged alive. The observed 

effects appear to accrue from reduced intensiveness during hospital stay, with 

different studies finding significant effects for different ancillary utilisation categories. 

There is no evidence of reduced LOS in the review. The only study to examine post

discharge costs observed a 32% saving for the intervention group over six months, 

also statistically significant.

These results represent a clear pattern of cost-saving effect from the PCCT 

intervention but must be considered carefully and in context of the methodologies 

they employ.

Broadly, the observational studies can be divided into two classifications: ‘earlier’ 

studies, which employ simple analytical techniques (#1, #3, #4, #6), and ‘later’ 

studies, which employ more advanced approaches (#2, #7 to #12). Study #5 is 

distinct not only as an RCT but in taking a different cost perspective, and cannot be 

compared to the other studies (or inform my own primary analysis) in any detail.

‘Earlier’ studies employed small sample sizes and one-dimensional matching 

techniques, raising concerns about bias (Starks et al., 2009). These less complex
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early studies also raise concerns in their estimation of incremental effect on cost. 

Cost data pose well-known challenges in analysis.^® In particular they typically suffer 

right-hand skew, resulting from a relatively small number of complex patients utilising 

high proportions of resources (Jones, 2010). This can be problematic for evaluation 

since linear statistical models are typically based on an assumption of normally 

distributed data. The standard response to skewed data is transformation, e.g. the 

natural log of the dependent variable, which can help to normalise the distribution, 

but poses a problem in retransformation: mean $ effects are not straightforward to 

estimate from log-transformed data, and mean $ effects are a primary concern for 

cost analysis (Manning, 1998).

These ‘earlier’ studies do not report addressing issues of distribution, raising 

concerns about the accuracy of their cost-effect estimates. The exception is Study 

#4, which estimates the median effect rather than the mean. This is an attempt to 

limit the effect of high-cost outliers but in doing so it adopts a dependent variable that 

is fundamentally not useful: mean, not median, costs are those that constitute the 

more relevant data for any payer in any system.

‘Later’ observational studies are larger and use propensity score matching, a more 

sophisticated technique that matches treatment and comparison groups on observed 

covariates but cannot control for unobserved confounding (Rubin, 2007, Stuart, 

2010). Instrumental variable approaches can help to minimise unobserved 

confounding (Angrist et al., 1996) but only one study in the review did so, possibly in 

part because a valid instrument is difficult to identify (Murray, 2006).

For a m ore  detailed  description o f these challenges, see §3 .2 .2 . For my approach to  addressing them  in my 

prim ary research, see § 4 .1  and §4 .2
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These studies also demonstrate an awareness of difficulties in analysing cost data, 

employing a nonlinear regression model (GLM witli a gamma distribution and a log 

link). This is the dominant model in the recent health economics literature and is 

generally considered appropriate for the characteristics expected of hospital cost 

data as well as providing results on the raw cost scale, avoiding retransformation 

problems (Jones, 2010, Manning, 1998).^®

The ‘later’ studies can therefore be seen to have addressed the fundamental 

methodological issues with the ‘earlier’ studies, and these advances in rigour give 

increased confidence to the cost-saving pattern of results observed. However, a 

number of outstanding methodological issues remain. It is particularly important 

these issues are afforded full consideration given the established pattern in more 

recent studies of imitating similar or identical methodological procedures.

The remainder of this section is given over to considering these methodological 

issues in greater detail. The discussion mostly focuses on the methods, results and 

limitations of the ‘later’ studies, since these represent the state of the science in 

economic evaluation of PCCT interventions.

Model selection
The largest, most robust economic evaluations of palliative care have consistently 

employed one regression model (GLM, gamma, log) to estimate PCCT association 

with hospital costs. This model has well-established strengths for analysing health 

cost data and is widely used in the health economics literature as a consequence 

(Manning et al., 2005, Blough et al., 1999, Basu, 2005).

M y prim ary research broadly follows the  m ethods of the  'la te r' studies, em ploying propensity score 

m atching and non-linear modelling approaches. See §3 .2 , §4 .1  and §4 .2 .
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However, model selection for cost data is rarely straightforward (Manning and 

Mullahy, 2001). Multiple modelling approaches are available to analysts, different 

models often deliver different results for the same data, and comparative 

performance evaluation does not typically yield a single dominant model (Jones, 

2010, Jones et al., 2013a, Jones et al., 2013b). Rather, model selection is 

performed through trade-offs and is best informed by comparative analysis, clarifying 

different approaches’ strengths and weaknesses, and so qualifying and informing 

interpretation of their results (Garrido et al., 2012).

No paper included in the review reports model comparison and evaluation prior to 

analysis. The three most recent studies (#10, #11, #12) explicitly highlighted that 

their methods follow those of Morrison and colleagues (#7, #9) rather than 

considering alternative approaches that may be more suitable to their own data.

This has the advantage of simplifying comparison of results, but there is no 

evidential basis on which to assume that a model used in one study is optimal for the 

data in another.

While GLM (gamma, log) may be the most appropriate model for these studies, 

issues of model selection and comparison would ideally receive more attention in 

future studies prior to analysis.^^

Regression using LOS as a covariate
Two studies report using LOS as a covariate in regression (#8, #11).

This strategy is employed to address unobserved heterogeneity in analysis of 

observational data. Incorporating (a nonlinear transformation of) LOS as a covariate.

In my prim ary research I perform ed com parative m odel evaluation  prior to  evaluating the intervention. For 
details see § 3 .2 .2  and §4.2.
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or sample selection by LOS, can act as a proxy for othenA/lse unobserved baseline 

factors that analysts would like to control for but on which treatment and comparison 

groups may not be fully matched, e.g. clinical complexity, patient goals (Carey and 

Burgess, 1999).

However, using LOS as a covariate in regression exacerbates endogeneity 

concerns: LOS is both a predictor of treatment (long LOS is an indicator of palliative 

care need) and a determinant of cost (which increases with LOS) (Amporfu, 2010). 

At the very least sensitivity analyses must be performed with and without the 

covariate to check the impact on results.^®

Investigators in Study #8 performed a sensitivity analysis with and without log- 

transformed LOS, and did not find any difference (personal communication, J. D. 

Penrod, September 2013), although it is notable that they employed an instrumental 

variable and were therefore already attempting to control for unobserved 

heterogeneity. Study #11 authors do not specify what transformation (if any) was 

used, do not report performing a sensitivity analysis, and did not respond to multiple 

attempts at personal communication.

Sample definition by LOS
Trimming the sample at seven- and 30-day LOS was first performed in this field in 

Study #7 to exclude a relatively small number of outliers for whom matching was 

problematic and unobserved heterogeneity was a particular concern (personal 

communication, R. S. Morrison, June 2013). Variations were subsequently repeated

For an overview  of how  I addressed 'heterogeneity  versus endogeneity ' arising from  LOS as a covariate in m y  

prim ary research, see §4.3.
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by the same lead author (#9) and adopted by studies explicitly imitating Morrison et 

al. (#11, #12).

As with using LOS as a covariate, the principal justification for trimming the sample 

by LOS is to control for unobserved baseline heterogeneity. However, this approach 

constitutes selection of the sample by outcome. It is not consistent with the most 

rigorous research design, which would enrol and include patients only on the basis of 

baseline factors. In particular it is antithetical to the philosophy underpinning 

propensity score analysis (used by all studies which define their sample by LOS), 

which aims to imitate randomisation by matching on the basis of observed baseline 

covariates prior to consideration of outcomes (Austin, 2011). Defining a sample by a 

variable that potentially lies on the causal pathway between treatment and outcome 

may obscure treatment effects and bias estimates (Garrido, 2014b).

The same criticism could be levelled at dividing samples by discharge status. The 

justification in this case is that for observational data drawn from short periods of 

study there will likely be unobserved clinical heterogeneity between patients 

discharged alive and those who died during hospitalisation; that different treatment 

decisions and preferences are likely involved; and that there are distinct implications 

of discharge (the point at which costs are no longer accrued) (Cassel et al., 2010). 

While sensitivity analysis comparing the impact of dividing by discharge status is 

optimal, the strategy has a plausible basis and a clearly defined set of rules 

(discharge status being binary).

The strategy to trim by LOS is more arbitrary. Analysis of possible trimming points 

for LOS outliers in modelling population cost data has been published (Marazzi et al., 

1998) but not for this intervention or patient group. Sensitivity analyses examining
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the impact of stratifying by discharge status or LOS are not reported by #7, #9, #11 

or #12 but it seems plausible that arbitrary selection by outcome could affect 

results.^®

In Studies #10 and #11 concerns from introducing an outcome (LOS) into baseline 

analysis (propensity scoring) are particularly serious. In #10, the authors stratify 

their sample by LOS prior to matching as well as including unmatched patients and 

irrelevant variables; in #11 the authors report using LOS as a covariate on which to 

match patients (as well as using LOS as a covariate in regression). All of these 

strategies fundamentally undermine the integrity of research employing propensity 

score methods (Garrido, 2014a, Garrido, 2014b). Consequently Studies #10 and #11 

analyse and report cost effects using frameworks with fundamental endogeneity 

problems, and these results have limited weight as scientific evidence.

Results according to LOS-defined sub-samples have two further limitations. First, 

evidence from such methods is of limited value in making treatment decisions 

because LOS is not known upon admission. Second, there is a long-term trend 

towards reducing hospital LOS across most health systems, reflecting patient 

preferences and high institutional costs. Therefore in the future a sub-sample 

excluding patients who stayed fewer than six or seven days will become a very 

specific sub-set of patients with complex needs, excluding the majority of shorter- 

stay patients.^®

study #10  does report sensitivity analyses but the  results are d ifficu lt to  in terp re t given (a) the fundam ental 
m ethodological problem s detailed in the  subsequent paragraph and (b) there  is no indication th a t propensity  

scores we re  recalculated w hen  the  sam ple was redefined by LOS or discharge status (see § 3 .2 .1> A d d ition al 
propensity  scores for an overview  o f the  im portance of this issue and how  I handled it in my prim ary analysis).

For an overview  of how  I addressed 'heterogeneity  versus endogeneity ' in truncation  o f LOS outliers in my 

prim ary research, see §4.3.
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Daily cost as a dependent variable
Selecting per diem cost instead of in toto cost typically reduces skew while 

incorporating LOS indirectly, therefore minimising a major challenge of cost data 

analysis.

However, it is necessarily limited as a dependent variable. First, daily cost is not 

synonymous with total cost and must be interpreted carefully. Per diem ratios are 

highest at admission and reduce systematically as LOS grows, so a reduction in 

LOS from five days to four days does not correspond to a 20% reduction in total 

costs (Ishak et al., 2012). Additionally, if LOS is systematically different between 

treatment and comparison groups then daily cost (the ratio of total cost to LOS) is a 

fundamentally different variable to total cost.

Second, while it may speak to narrow sectional interests in a given incentive 

structure, generally speaking dally cost is of less interest than total cost. Daily costs 

are ultimately not the cost that is paid for healthcare, they are only a ratio of that 

figure to LOS. An intervention that reduces daily cost by 10% but extends LOS by 

50% (thereby increasing total cost), will be evaluated positively where daily cost is 

the primary dependent variable while potentially being viewed negatively by the 

patient, the payer and the societal impact analysis, all of whom generally favour a 

shorter stay for lower total cost.^^

There are circumstances in which daily costs may be a relevant dependent variable. 

For example, there are insurance programmes in the United States health system

Shorter hospital stay is generally favoured by patients, ceteris paribus, but early discharge can only be 

considered a desirable outcom e given certain assumptions about the patient and fam ily outcom es tha t fo llow  

the  in tervention , and also the post-discharge cost im plications. For a discussion of the im portance of patient 
and fam ily outcom es, and of post-discharge costs, see below  §2.4>Form s o f econom ic evaluation  and 

subsequent sub-sections.
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that reimburse a fixed fee for each day of hospital stay (Quinn, 2008), meaning that 

incremental effect on average daily cost is a pertinent result for specific audiences. 

Nevertheless such analyses should be conducted with the clear understanding that 

efficient practice is best understood and incentivised by focusing on overall costs, 

with daily cost at most a secondary variable of interest.^^

Total versus direct cost as a dependent variable
Different studies in the review take different approaches and the case can be made 

for either standpoint.

Pure health economic theory points to incorporating proportional levels of indirect 

costs, thus analysing total costs, as the means to understanding fully the impact of 

an intervention (Drummond et al., 2005). This approach is widely visible in 

‘European-style’ single-payer systems.

In the United States health system, however, there are important differences. The 

development of palliative care has often been piecemeal, with programmes 

expanding much more quickly in hospital settings than in the community (Morrison, 

2013a). One important factor in this piecemeal development has been the incentives 

inherent to the US system’s fragmented finance structures (Cassel, 2013). It is 

common for American providers to be reimbursed for activity and/or numbers of 

patients, and there are multiple potential payers (Pfuntner et al., 2013).

Consequently US hospitals have often taken a ‘business case’ approach to 

establishing funding streams for palliative care programmes (Cassel, 2014, Pantilat 

et al., 2007, Brousseau et al., 2012). Senior managers at individual institutions

Daily cost is established as a secondary dependent variable fo r my prim ary analysis in §3 .1 .6 . The im pact of 
using daily cost instead o f to ta l cost as a dependent variable is evaluated  in §4 .3 . Increm ental effect on daily  

cost is reported  in secondary analyses in §4 .4  and §4 .5 .
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assess whether a new programme is in their interest, something that is dependent 

on which costs are reduced by the programme and how hospitals are reimbursed 

(Cassel, 2013, Smith et a!., 2012a). The development of palliative care services in 

the US has therefore occurred at least in part due to a preference for cost- 

containment at large institutions than rather than due to a generalised national policy 

decision to expand this type of care to appropriate patient groups.

In research, this context has led some analysts to exclude from their projections 

indirect costs, which in practice are generated by a fixed formula after a patient’s 

direct costs are known, amplifying variations and the impact of interventions, when 

by definition they still exist for hospitals to pay at the end of the fiscal year 

irrespective of what care is provided to what patients (personal communication, J. 

Brian Cassel, March 2013). In restricting their perspective to variable and fixed 

direct costs, analysts focus on those utilisation categories that the treatment can 

practicably impact hospital expenditure, and are therefore of most interest to 

managers for whom cost-containment is an active consideration.

The appropriate approach to total and direct costs rests principally on the time 

horizon of the analysis. For example, studies of cost effects from a hospital 

perspective may be more robust if focused on direct costs since those are the costs 

that can be realistically impacted in the foreseeable future (Weinstein et al., 1996). 

But a model of how palliative care costs may develop over the next 20 years would
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be better to include total costs, since it is not unreasonable that hospital set-up and 

fixed costs will alter over longer periods of time in line with clinical practice.

Mechanism of observed cost-savings
Cost-savings associated with PCCT interventions can in principle be attributed to two 

underlying drivers: reduced intensiveness of hospital stay and/or reduced length of 

hospital stay.

While the overall pattern of cost-saving in this literature review is clear, the findings 

on the mechanism(s) by which cost-savings are achieved are not. Different studies 

find different categories of ancillary costs are reduced by treatment, and there is no 

reported impact on LOS, which is itself a vexed issue in palliative care research 

(Cassel et al., 2010). Where ICU utilisation is identified as a dependent variable this 

appears to be reduced systematically, but it is not clear if reduced ICU stay 

corresponds to reduced LOS overall (Khandelwal et al., 2015).

More evidence is needed to understand and explain the visible pattern of cost- 

savings through PCCT interventions.^"*

Assumption of homogenous cost effect
Studies #10 and #12 are the only two studies to relax the assumption of cost-effect 

homogeneity. The other studies analyse mean costs for their samples (albeit 

sometimes split by discharge status) without consideration for how this effect may 

vary within the sample(s).

For m y p r im a ry  research  I id e n tifie d  to ta l d ire c t costs as th e  p r im a ry  d e p e n d e n t va ria b le ; fo r  d e ta ils  see  

§ 3 .1 .6 ,

^  T h e  u n d e rly in g  m ech an is m  o f  savings is e x a m in e d  in m y p r im a ry  analyses in § 4 .4  an d  § 4 .5 , an d  re v ie w e d  in 

§ 5 .1 . T h e  scope fo r  fu tu re  research  to  in ves tig a te  th is  v a ria b ility  is discussed in § 5 .3 .3 > F u r th e r  e v id e n c e  o n  

h o w  a PCCT o p e ra te s  w o u ld  e x te n d  m y  resu lts .
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The mean incremental effect on total cost is the obvious de facto primary interest in 

cost analysis of PCCTs. However, the effect is likely not homogenous but instead 

will vary according to individual and service-level factors (Groeneveld et al., 2013). 

For example, patient-level variables are strong predictors of utilisation (Tibi-Levy et 

al., 2006, Simoens et al., 2010, Kelley et al., 2011) while clinical research has shown 

that palliative interventions earlier in the care trajectory can deliver benefits (Temel et 

al., 2010, Bakitas et al., 2014, Zimmermann et al., 2014). Investigating cost-effect 

heterogeneity, examining which interventions for which patients optimise effect, will 

have obvious benefits for informing efficient provision of care.

Study #12 makes two interesting contributions in this regard, reporting that cancer 

patients are particularly associated with cost-savings (compared to non-malignant 

diagnoses) and that there appears to be an association between intervention timing 

and cost effect, although this relationship is not linear (effect is greatest for a consult 

after 5-6 days of admission for patients d/c alive and after 3-4 for patients who died). 

Study #10 reports an associated idea that shorter stay patients are associated with 

larger cost-saving effect.

However, in both cases their results are limited as evidence due to methodological 

concerns in defining their samples by LOS (outlined above). Additionally, Study #12 

derives its associations between diagnosis or timing and cost effect by ‘interaction 

terms’, e.g. fixed-effects dummy variables in the regression to denote a patient’s 

diagnosis. But interpreting the coefficient of a covariate in a propensity score- 

matched analysis requires that this covariate is balanced between treatment and 

comparison arms. McCarthy et al. do not report balancing the arms on the 

interaction terms for diagnosis, and the assumption of balance may not be valid.
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Forms of economic evaluation
Health economic evaluation entails “comparative analysis of altemative courses of 

action in terms of both their costs and consequences” (Drummond et al., 2005). 

There are multiple forms of evaluation, each a variation on this cost-consequence 

framework and differentiated by the specific approach to measuring and 

incorporating consequences (i.e. outcomes) (McPake et al., 2013).

Drummond et al. (2005)^^ differentiate these forms as follows:

• Cost-benefit analysis, where outcomes are measured in terms of money, e.g. 

$,€, £;

• Cost-utility analysis, where outcomes are measured using an index that can 

be employed across different health care services, e.g. the quality-adjusted 

life year (QALY);

• Cost-effectiveness analysis, where outcomes are measured using natural 

units, e.g. number of life-years gained;

• Cost analysis, where outcomes are assumed to be equal, and only the costs 

of the alternatives are compared.

See Table 1.1, page 2, Drum m ond et al. (2005). O ther taxonom ies, also based on the  cost-consequence  

fram ew ork  but w ith  small variations in term inology and definitions, have also been published. E.g. Gold e t al. 
(1996) and Health Inform ation and Q uality Authority (2014) re fe r to  'cost-m in im ization  analysis' (CM A) w here  

Drum m ond et al. use 'cost analysis'. For consistency w ith  D rum m ond et al., I use 'cost analysis' th roughout 
this thesis. W ith in  this thesis, this term  can be considered synonym ous w ith  cost-m inim isation analysis.
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All 12 studies in Table 2.3.1 are cost analyses: they evaluate the impact of the PCCT 

intervention on costs without also measuring the effect on outcomes and quantifying 

the two in a cost-consequence framework.^®

Evidence of intervention efficacy
Therefore the cost-savings consistently reported in Table 2.3.1 imply that PCCT care 

is preferable from an economic perspective to usual care only on a 'non-inferiority’ 

assumption, i.e. that outcomes for intervention group patients are at least no worse 

than those for comparison group patients.

The evidence supporting this assumption has grown in size and sophistication as the 

PCCT model of care has expanded.^^ Early descriptive studies reported strong 

patient outcomes, provider satisfaction and caregiver satisfaction, while 

acknowledging the need for higher levels of evidence (Manfredi et al., 2000,

Elsayem et al., 2004, O'Mahony et al., 2005). Subsequently three studies which 

evaluated patient outcomes separately to costs and are included in Table 2.3.1 

variously reported improved pain, dyspnea, and secretions scores (Ciemins et al., 

2007), improved care experience and communication (Gade et al., 2008), and 

improved pain and symptom management (Hanson et al., 2008). Other matched 

studies of these interventions have reported increased family satisfaction (Casarett 

et al., 2008, Casarett et al., 2011). And two recent RCTs^® have reported that

The prim ary analysis in this thesis is also a cost analysis. The context for this m ethodological approach is 

review ed in §3 .1 .2> 0b jec tives  and §3 .1 .6 . The lim itation o f this approach in my prim ary research is reviewed  

in §5 .2 .3 . In fu ture  phases of the  'PC4C' project patient and fam ily outcom e data will be available to  broaden  

the  scope of analysis, as discussed in §5 .3 .3 .
For an overview  of the  grow th  in access to  and research on PCCT services over the last 15 years, see 

§ l>E v iden ce  and research in p allia tive  care.
As the literatu re  review  shows, RCT designs are relatively unusual in this field. For an overview  o f why an 

observational design may be considered m ore appropriate  for this intervention  and population, see §3 .1.3 . 
For steps taken to  maximise strength of evidence in my prim ary analysis, which employs observational data, 

see §3 .2.1 .
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hospital-based PCCTs improve patient quality of life, spiritual well-being and 

symptom burden (Zimmermann et al., 2014), and patient quality of life, depression 

and survival (Temel et al., 2010).

Two systematic reviews of specialist palliative care (including but not limited to 

PCCTs) found improved patient outcomes in the domains of pain and symptom 

control, and anxiety (Higginson and Evans, 2010), and in quality of life and 

satisfaction with care (El-Jawahri et al., 2011). And a systematic review of palliative 

care efficacy in all settings concluded that hospital inpatient palliative care 

consultations teams have been shown to improve symptom control, quality of life, 

emotional burden, and caregiver and patient satisfaction (Luckett et al., 2014).

The ‘non-inferiority’ assumption in this field therefore appears reasonable: there is no 

evidence of worse outcomes for PCCT patients in any review in Table 2.2.1, in any 

study in Table 2.3.1, or elsewhere in the literature discussed in this thesis.

Moreover, patient outcomes following PCCTs not only appear ‘no worse’, but often 

better. While the domain and magnitude of benefits accruing from PCCTs varies 

between studies across patient and family outcomes, a consistent pattern of positive 

consequences is discernible with no such evidence of negative consequences.^®

Outcome measurement in economic evaluation of palliative care
A lack of outcome measurement in economic evaluation is not particular to PCCTs.

Smith et al. (2014) found that only two of 46 economic evaluations of palliative care

I therefore retain the 'non-inferiority' assumption in my original research. The use of cost analysis methods 
for my primary analyses is re-iterated in §3.1.2>Objectives and §3.1.6. For consideration of how I aim to 
validate the assumption as more data become available, see §5.3.3>Further research w ith  the 'PC4C' data will 
extend and strengthen my results. One issue that the current literature on intervention efficacy has not 
addressed in detail is how  PCCTs bring about the reported effects. For further discussion of PCCT treatm ent 
goals, mechanisms and causal effects, see §5.3.3> Further evidence on how a PCCT operates would extend 
my results.
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in all settings had attempted some form of cost-consequence analysis (Raftery et al., 

1996, HIgginson et al., 2009).

There are multiple reasons for this limitation in the evidence base, including debate 

over appropriate outcomes, sometimes known as the ‘QALY problem’ (Hughes, 

2005). While QALYs are known as the ‘gold standard’ in health economic outcome 

measurement (Health Information and Quality Authority, 2014) and recommended by 

some for use in palliative care (Round, 2012), others have questioned their validity 

for this patient group (Normand, 2009, Chochinov, 2011, Normand, 2012). Best- 

practice guidelines for research in end-of-life and palliative care failed to reach a 

consensus on an optimal approach to outcome measurement in the context of this 

debate (Preston et al., 2012).

Consequently the state of the science of palliative care economics is perhaps best 

understood through McPake et al.’s framing of economic evaluation:

“It is a mistake to think of the different methods of economic evaluation as 

different approaches. Rather, they should be seen as variations in what is 

desirable and feasible [...] it is better to think o f the problem as being: ‘How 

constrained are investigators in their measurement of outcomes?’” -  p.91-92.

The answer to that question in palliative care research is that substantial constraints 

are often a prominent challenge for economic and non-economic studies alike 

(Evans et al., 2013). And this is reflected in the literature, where theoretical 

discussion of QALYs for palliative care programmes has not been matched by their 

empirical use, at least in part because of the profound complications in collecting, 

measuring and synthesising data on complex and intangible outcomes.
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A critical assessment of the literature in Table 2.3.1 must therefore acknowledge the 

limitations of evidence where no quantitative cost-consequence analysis has been 

performed, while recognising that studies to date do substantively contribute 

knowledge to the impact of these interventions, that these limitations reflect real- 

world challenges, that this knowledge can be supplemented by consideration of the 

non-economic literature, and that a future priority for this field is cost-consequence 

analysis (Preston et al., 2012, Smith et al., 2014, May et al., 2014).'’°

Hospital costs perspective
With regard to costs, guidelines recommend taking the societal perspective: that is, 

including in analysis not only costs to the healthcare system but also those to 

patients, caregivers, wider systems and society (Drummond et al., 2005, Gold et al., 

1996, Preston et al., 2012).

Among studies in Table 2.3.1, the focus has been on the hospital ‘silo’. Nine 

examine only costs to the hospital providing care (#2, #3, #6 to #12) while two use 

only hospital charges (#1, #4), generally considered a poor approximation of hospital 

costs. One study examines formal health system costs for six months following 

discharge but no informal costs (#5).

As such, methodology to date has implications for understanding of the role that 

palliative care plays in enhancing value in health care. Specifically, questions 

remain as to whether reductions in hospital costs are authentic cost-savings and not 

simply cost-shifting. If hospital costs are reduced but ultimately passed on to other

For an overview of how I aim to extend my thesis results with cost-consequence analysis in future, see 
§5.3.3>Further research w ith the 'PC4C' data w ill extend and strengthen my results.
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care settings or to family or informal caregivers, tlie expenditures have not been 

meaningfully reduced.'*^

Conclusion
The published evidence shows a clear pattern of PCCT interventions reducing 

hospital costs.

These results must be considered carefully in the context of their methods. 

Observational designs are typical in this field due to ethical and practical limitations. 

Earlier studies are small and with rudimentary matching procedures, raising 

concerns about bias. As methods have become more robust, increasing in size and 

statistical sophistication, a specific and narrow approach has become established as 

the norm.

One model (GLM, gamma, log) has been consistently used with little reported 

comparison and evaluation informing selection. Employing LOS as a covariate 

and/or sample parameter and/or as the denominator of the dependent variable (i.e. 

daily costs) has been used to control for unobserved heterogeneity, introducing 

endogeneity into analysis and limiting the usefulness of results. Most studies have 

implicitly assumed homogenous PCCT effect on total costs, which is a valid primary 

analysis but may disguise valuable additional information. There is limited, mixed 

evidence on the underlying mechanism of observed cost-savings through PCCTs, 

with differences variously attributable to reductions in different utilisation categories. 

Understanding of PCCT impact on LOS is limited. All but one study to date has

M y prim ary research is also a hospital cost analysis. Restricting the  focus to  form al hospital costs is part of 
the  'PC4C' pro ject research design, detailed  in §3.1. The lim itation  of this perspective is review ed in §5 .2.3 .
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analysed only the hospital cost perspective with no reported cost-consequence 

analyses quantifying the relationship between cost and clinical effects.

The stated principal aim of this PhD thesis is to contribute substantively to 

knowledge on the impact of the PCCT intervention by performing cost analysis on a 

dataset taken from the hospital perspective. The cost analysis methodology will be 

employed on a ‘non-inferiority’ assumption, an approach that appears justified by the 

well-established pattern of as good (and often better) outcomes for patients who 

receive a PCCT intervention. From this literature review I identify a number of 

priorities for my enquiry.

Prior to my main analysis I must perform (i) careful description of the cost data to 

establish their characteristics and consider appropriate modelling approaches, and 

(ii) comparative evaluation of different available approaches to assess which models 

perform best with the study data.

Having done this preliminary work, my primary analysis should focus on (iii) 

consideration of the impact that controlling for LOS in analysis has on cost-effect 

estimates, (iv) estimating the impact of PCCT interventions on cost using appropriate 

methods, including variations in effect according to service- or patient-level factors, 

(v) the underlying mechanism of any observed cost differences following treatment, 

and (vi) factors other than treatment that are driving hospital costs for patients with 

serious illness.

Addressing these priorities will expand the evidence base on the economic impact of 

PCCT interventions, and so inform practice and policy, while also addressing 

important methodological issues, and so strengthen future evaluations in this field.
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Where new research is designed fronn scratch, expanding the cost perspective 

beyond hospital discharge and combining this evidence with clinical outcomes in 

robust cost-consequence analysis will strengthen understanding of the economic 

impact of palliative care.
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Chapter 3: Materials and Methods

Abstract

This chapter is split into three parts and structured according to items 2-12 in the 

STROBE guidelines (von Elm et al., 2007).^^

§3.1 Materials details the study design, patient recruitment and data collection by 

colleagues in assembling the ‘Palliative Care for Cancer’ study dataset prior to my 

research, as well as my objectives and handling of dependent and independent 

variables (STROBE items 2-8, 10, 11).

§3.2 Methods details my methodological analysis of the dataset, including 

approaches to bias and statistical methods (STROBE items 9, 12).

§3.3 Summary provides an overview of the key elements of this chapter.

For a detailed overview  o f this PhD thesis according to  the  STROBE checklist, see Appendix to  §3.
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3.1 Materials: the ‘PC4C’ study

3.1.1 Background
The data used in this thesis were collected as part of the ‘Palliative Care for Cancer’ 

(‘PC4C’) study, funded by the National Cancer Institute (NCI) and National Institute 

of Nursing Research (NINR) in the United States, and led by investigators at the 

Icahn School of Medicine at Mount Sinai, New York (National Institutes of Health, 

2006).

The purpose of the ‘PC4C’ study was to evaluate the impact of palliative care 

consultation team (PCCT) interventions for patients admitted to hospital with 

advanced cancer.'^^ Colleagues conducted a multi-site, prospective cohort study 

employing propensity scores to minimise confounding. The aim was to examine the 

effect of PCCTs on patient and family outcomes (e.g. symptom control, satisfaction 

with care), processes of care (e.g. prescribing, transition management, advance 

planning), and utilisation (e.g. hospital costs) as compared to usual care at five 

United States hospitals from 2007 to 2011 inclusive.

I accessed the data during an extended period of mentored research (2012-2014) at 

Mount Sinai under the supervision of R. Sean Morrison, MD, per the terms of my 

fellowship funding (Health Research Board, 2011). I received a cleaned dataset at 

the end of the data collection period.

Admission to  hospital and access to  palliative care at all five sites was not affected by diagnosis. PCCTs saw  

patients w ith  non-m alignant conditions. The eligibility criteria reflect not the  intervention  but the  purpose of 
the study, which was intended specifically to  address evidence gaps on the im pact o f PCCTs for patients with  

advanced cancer. The im plications of this sam ple specification for results and generalisability are discussed in 

§5 .
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3.1.2 Objectives 

The ‘PC4C' study
The aim of the ‘PC4C’ project was the evaluation of PCCT impact for hospital 

inpatients with an advanced cancer diagnosis.

This aim was to be achieved through three specific objectives:

1) Patient and family outcomes; to evaluate PCCT effect on pain and other 

physical and psychological symptoms for patients, and on family satisfaction 

with care for patients (compared to patients who did not receive palliative 

care).

2) Processes of care: to evaluate PCCT use of evidence-based algorithms to 

communicate information; to establish goals of care and treatment 

preferences; and to implement discharge plans consistent with goals and 

preferences (compared to patients who did not receive palliative care).

3) Utilisation; to evaluate PCCT impact on resource use during hospitalisation 

(hospital costs, length of stay (LOS), intensive care unit (ICU) utilisation) in 

providing care to patients (compared to patients who did not receive palliative 

care).

This PhD thesis
Of the ‘PC4C’ study objectives, my PhD thesis is concerned only with (3) Utilisation.

My aim is to contribute substantively to knowledge on the impact of the PCCT 

intervention through rigorous cost analysis. Specifically I will evaluate the impact of 

PCCT treatment on selected economic variables of interest for patients admitted to
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hospital with an advanced cancer diagnosis, controlling for bias between treatment 

and comparison groups through propensity score matching.

Consistent with prior economic evaluations of PCCTs, my primary analysis will 

constitute a cost analysis in which the patient and family outcomes following the 

intervention are assumed to be at least as good as those following the usual care 

only comparison. This assumption is made in the context of the published literature 

on the impact of PCCTs on patient and family outcomes.'’"'

The conclusion to the previous chapter highlighted the importance of (i) considering 

the characteristics of cost data prior to analysis, (ii) comparing performance of 

alternative models prior to estimating cost effects, (iii) establishing the impact on 

effect estimates of using LOS to control for unobserved baseline heterogeneity, (iv) 

estimating the impact of PCCT intervention on hospital cost, and analysing patient- 

and/or system-level factors that are associated with magnitude of cost effect, (v) 

examining the underlying drivers of any observed cost differences, and (vi) 

identifying patient- and/or system-level factors that are associated with hospital 

utilisation other than palliative care consultation.

For a review  o f this evidence and the broader context of econom ic evaluation in palliative care, see 

§2.4>Form s o f econom ic eva luation  and subsequent sub-sections. The lim itations of cost analysis m ethods  

are review ed in §5 .2 .3 . M y intention  to  expand the scope o f analyses w ith  these data in post-doctoral 
research is discussed in §5 .3.3 .
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My aim will therefore be achieved through the following objectives:

Prior to primary analysis;

(i) Data overview: to describe the ‘PC4C’ cost data and assess its 

characteristics for the purposes of statistical modelling and cost-effect 

estimation;

(ii) Model evaluation and selection: to compare the performance of alternative 

modelling approaches with the ‘PC4C’ data, and so identify the most 

appropriate model for these data.

In primary analysis:

(iii) Comparative evaluation of methods using LOS to control for 

unobserved heterogeneity: to establish the impact of LOS-control strategies 

in estimating PCCT cost effect with the ‘PC4C’ data, and so identify the most 

appropriate approach to controlling for unobserved baseline heterogeneity 

while minimising endogeneity concerns;

(iv)Cost-effect estimation: to estimate effect of PCCT intervention on hospital 

costs, to analyse patient- and system-level factors associated with this effect, 

and to consider the implications of these findings for both provision of care to 

patients with serious illness and future research of interventions to this patient 

group;

(v) Source of any observable cost effects: to examine the underlying source of 

any observable PCCT impact on cost, in particular the extent to which cost
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differences are attributable to reduced intensiveness of hospital stay, reduced 

length of hospital stay or a combination of these;

(vi)Other determinants of utilisation: to identify patient- and system-level 

factors associated with hospital cost other than the PCCT intervention, and to 

consider the implications of these findings for both provision of care to 

patients with serious illness and future research of interventions to this patient 

group.

3.1.3 Study design
Using a prospective, observational design, data were collected for patients admitted 

to one of five United States hospitals from 2007 to 2011.

The rationales for the study design employed are as follows:

Rationale against RCT
A randomised controlled trial (RCT) is the strongest design to test treatment efficacy 

against a placebo under ideal conditions, but where such conditions are not met an 

RCT may not be optimal (McKee et al., 1999).

The PCCT is often considered an intervention for which RCT design is neither 

practical nor useful. Recruiting patients with a high chance of rapid disease 

progression poses major challenges (Higginson et al., 2013, Aldridge Carlson, 2013, 

Steinhauser et al., 2006); the process of hospital admission may not provide a 

sufficient timeframe to recruit and randomise sufficient numbers of patients. Further, 

consultative interventions (in palliative care and elsewhere) raise issues of ethics, 

protocol adherence and external validity in an RCT context:
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• Ethical considerations: Many physicians refuse to take part in a study that 

restricts the care pathways of their patients (Ewing et al., 2004). Some 

believe that palliative care is superior to usual care, and so will not enrol their 

patients in an RCT since they do not want them obligated to remain in the 

control group. In other cases physicians do not consider palliative care 

appropriate for their patients and so refuse to participate. As well as raising 

ethical concerns about an RCT design for palliative care, such physician 

attitudes lead to enrolment bias.

• Protocol adherence: Mandatory consultations are thought to result in lower 

compliance with treatment recommendations than requested consultations, 

biasing an RCT towards a null finding (Penrod et a!., 2008). Additionally, 

there is a high risk of contamination through cross-over; if physicians or family 

members have a positive experience of palliative care during the trial they 

may request that a patient receiving usual care be transferred to palliative 

care, biasing the treatment effect (Marcus and Gibbons, 2001).

• External validity: For the reasons outlined above, both the physicians and 

patients who are enrolled in an RCT for palliative care consultation, where the 

intervention is either mandatory or unavailable, would be atypical in the 

context of general practice (Black, 1996). Therefore results would not be 

generalisable to the model of requested consultations as practiced in United 

States hospitals and other settings.

Thus, while RCTs maximise internal validity, and examples of this design for 

evaluating PCCTs can be cited (Temel et al., 2010, Zimmermann et al., 2014), many
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investigators including those leading the ‘PC4C’ project prefer to pursue 

observational studies.

Rationale in favour of observational design
For research questions where an RCT will lead to systematic bias, poor adherence 

and weak external validity, a rigorous, carefully designed observational study may be 

considered superior (Rubin, 2007, Higginson et al., 2013).

The most significant weakness in observational design is that, since assignment to 

treatment and comiparison groups is not under analyst control, differences in 

outcome may result from the intervention, from observed confounders and from 

unobserved confounders.

Propensity scores, first developed by Rosenbaum and Rubin in 1983, are an 

increasingly popular means of controlling for bias in observational studies in a variety 

of disciplines (Rosenbaum and Rubin, 1983, Stuart, 2010). Studies employing 

propensity scores are structured consistent with an RCT with inclusion criteria and 

intervention both clearly defined beforehand. Eligible subjects are enrolled 

prospectively but not randomised; exposure to the intervention is decided by the 

natural course of medical care. Before analysis of the intervention’s effect on 

outcomes of interest, propensity scores for each subject are calculated. The 

propensity score represents the probability that a given subject was exposed to the 

intervention on the basis of observed confounders.

In summary, the ‘RC4C’ study was conducted to draw valid comparisons between 

two groups for whom observational data could be most appropriately collected. The 

study design is intended to preserve important elements of an RCT (other than 

randomisation itself) by enrolling patients prospectively according to clear eligibility

77



criteria; by evaluating an intervention that is well-defined, structured and 

generalisable; and by balancing the treatment and comparison groups on observed 

confounders. Additionally it avoids some of the weaknesses that make a traditional 

RCT inappropriate for the evaluation of PCCT interventions: physicians and patients 

are free to follow the natural course of medical care; potential bias arising from 

treatment cross-over is eliminated; usual practice patterns and representative 

physician and patient populations are preserved to ensure external validity."*®

3.1.4 Setting
The lead centre for the study was the Icahn School of Medicine at Mount Sinai 

(MSSM), NY. The other participating centres were: Virginia Commonwealth 

University-Massey Cancer Center, Richmond, VA (VCU); University of Pittsburgh 

Medical Center, Pittsburgh, PA (UPMC); Mount Carmel Health System, Columbus 

Ohio, OH (MC), and Froedtert Hospital of the Medical College of Wisconsin, 

Milwaukee, Wl (MCW).

All five participating hospitals were high-volume tertiary-care medical centers with 

established PCCTs using existing practice guidelines for pain and symptom 

management, and communication. Specifically, MSSM, UPMC and MCW classify 

themselves as academic medical centres; MC is a community hospital and VCU a 

cancer center. These sites were selected for their high patient numbers (conducive 

to large study sample size), well-established PCCTs (giving an intervention that is 

generalisable best practice of care), and substantial research capacity (ensuring 

proficient collection and analysis of study data).

For a detailed description o f the propensity score m ethods em ployed in this thesis, see § 3 .2 .1 .
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The earliest admission for a patient recruited to the project occurred in August, 2007. 

The latest admission and latest discharge for patients recruited to the project 

occurred in June, 2011. Hospital data collection occurred between these dates.'*®

Ethics approval for research design
Ethics approval was provided by the institutional review boards of all five 

participating hospitals prior to initiation of the study. These approvals included 

acceptance of detailed measures in place for obtaining patient consent, protecting 

patient and caregiver confidentiality, and preventing risk or harm to subjects.

Trinity College Dublin gave ethical approval for this PhD research specifically.

Intervention
A palliative care consultation was always initiated at the request of the primary 

treating physician when it was judged that a patient would benefit from the team's 

expertise. The most common reasons for initiating a consultation are clarification of 

care goals, assistance with transition planning, and expert pain and symptom control 

(Kamal et al., 2011 Growing evidence on the clinical efficacy of the consultation 

intervention, as well as familiarity with and access to palliative care among primary 

physicians (e.g. oncologists), has led to increased referral rates (Kamal et al., 2011, 

Hughes and Smith, 2014).

The intervention consisted of three components, reflecting the core elements of 

palliative care in clinical practice guidelines (American Academy of Hospice and 

Palliative Medicine et al., 2004):

Follow-up via te lephone in terview  after discharge continued for up to  six m onths but post-hospitalisation  

data  form  no part o f this thesis.
Formal analysis o f the  reasons fo r referral w ith  the 'PC4C' data had not been published at the tim e of thesis 

submission but provisional analysis suggests consistency w ith  Kamal et al.: tre a tm e n t o f pain and other 

sym ptom s, clarifying tre a tm e n t options, establishing goals of care and advance plans, and assistance with  

transition planning (personal com m unication, R.S. M orrison, August 2015).
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(1) Pain & symptom assessment and treatment;

(2) Establishment of goals of care and advance care plans;

(3) Transition management based on goals of care.

Consistent with these practice guidelines, at all sites the PCCTs comprised a core 

team of physician, nurse and social worker, with additional support available from 

other professionals including psychiatry and chaplaincy as appropriate to patients’ 

needs.

The initial consultation focused on components (1) and (2):

7. Pain and symptom management

- Assess pain and symptom using validated tools;

- Recommend treatment per National Comprehensive Cancer Network 

(NCCN) protocols communicated to primary physician (National 

Comprehensive Cancer Network, 2005).

2. Establishment o f goals o f care and advance care plans

- Initial meeting with patients, families and care teams to establish goals of 

care, complete advance directives and communicate bad news (if requested) 

per NCCN protocols.

Follow-up visits were arranged daily or more frequently if needed, and comprised all 

three components:

1. Pain and symptom management

- Monitor implementation of treatment recommendations;
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- Evaluate results of treatment recommendations;

- Assess new and ongoing symptoms. Identified symptoms assessed daily 

(more if needed) until controlled. Controlled or absent symptoms reassessed 

every 72 hours;

- Modify treatment recommendations as needed to meet goals of care.

2. Establishment of goals of care and advance care plans

- Discussions about new or changing goals of care, communicating bad news 

(if requested) and associated changes in treatment.

3. Transition management based on goals of care

- Meet with patient and family to discuss transition management;

- Work with primary care team to facilitate transition management/discharge 

plans according to goals of care.

Teams across all five sites were trained in a standardised protocol approach to 

consultation. Adherence to protocols was monitored by a project Steering 

Committee (study and site Pis, project managers and study co-ordinator) as well as, 

for the first six months of data collection, a random monthly audit of 20% of PCCT 

patient charts by a non-investigator MD. Repeat training was given to all new 

personnel joining any PCCT.

Usual care
Usual care (UC) comprised routine assessment of pain and other symptoms, 

function, nutrition, sleep and emotional concerns, as provided by the primary 

attending physician and their support staff. Symptoms identified at admission and
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response to treatment were monitored daily. Chaplaincy and psychiatric support 

were available at all sites.

Therefore, important differences between PC and UC are that goals-of-care and 

transition management discussions are not initiated, and pain and symptom 

management is not provided by palliative care specialists, who have advanced 

training in this area.

Attending physicians most commonly choose not to involve specialist palliative care 

in the treatment of a patient where they feel that the team’s expertise is not needed, 

e.g. in cases where pain and symptom management is already good, or in the 

absence of high symptom burden (Johnson et al., 2008).

Usual care services were also available to PC patients at all five sites.

3.1.5 Participants & recruitment 

Eligibility criteria
Patients were considered for enrolment if they were admitted to one of the five 

participating hospitals, were aged 18 years or older, and had a primary diagnosis of 

metastatic solid tumour; central nervous system (CNS) malignancies; locally 

advanced head, neck or pancreas cancers; metastatic melanoma; or transplant- 

ineligible lymphoma or multiple myeloma.'*®

Subjects were excluded if their attending physician did not give permission to recruit 

their patients, or if they did not speak English; had a diagnosis of dementia; were 

unresponsive or nonverbal; had been admitted for routine chemotherapy; died or

The im plications of this focus on cancer for findings and generalisability are discussed in §5 .2 .4 .
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were discharged within 48 hours of admission; or had had a previous palliative care 

consultation.

Patients had to be enrolled within 48 hours of admission to be eligible.

Enrolment procedure
Prior to initiation, the study was approved by the institutional review board of each 

participating facility. Approval was sought by each attending physician at each site; 

where approval was not granted, this physician’s patients were not considered for 

enrolment."^

Eligible patients were identified through a daily review of admissions records and 

administrative databases. For each potential subject identified, the patient’s bedside 

nurse enquired about the patient’s willingness to participate in the study. Given 

patient willingness, a trained clinical interviewer then approached the patient, 

explained the study and obtained informed consent. With the patient’s consent, 

family members were also approached and enrolled with written informed consent.

3.1.6 Variables 

Dependent variables
The primary analysis in this thesis is a cost analysis -  a comparison of the costs for 

an intervention (PCCT) and an alternative (usual care only), on the ‘non-inferiority’ 

assumption that patient and family outcomes are at least as good for intervention 

group patients.^°

All cost data used in this thesis were collected from the hospital perspective.

Over 95%  of physicians at all hospitals gave approval.
For an overview  of this m ethodology in the  context of health  econom ic theory  and palliative care research, 

see §2.4>Form s o f econom ic eva luation  and subsequent sub-sections.
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Direct and indirect cost data were extracted from hospital databases by colleagues 

compiling the ‘PC4C’ dataset. Direct costs are those directly attributable to the 

provision of medications, procedures, or services, including proportionate attribution 

of staffing costs, as distinct from indirect costs which represent the overhead costs of 

operating a hospital (e.g. operations, IT, maintenance) (Taheri et al., 2000).®^

Cost data were provided for each procedure to each patient, designated by a subject 

number and a universal billing (UB) code (National Uniform Billing Committee, 2011). 

For each patient I created total direct and total indirect costs by summing the 

respective cost lines, and total total costs by summing total direct and total indirect. 

Daily cost ratios for each of the three total cost categories were created by dividing 

by LOS.

Additionally I used the UB codebook to identify major sub-categories of cost: room 

and board, ICU, pharmacy, laboratory and imaging. These categories were 

identified as the relevant major sub-categories in the context of similar studies (see 

previous chapter) and in discussion with R. Sean Morrison, MD.

Date-specific costs were generated for each patient, representing the cost of care 

received on any given day. These data were then combined with admission, 

discharge and consult date information to generate day-to-day trajectories of care 

following admission, prior to discharge and with respect to first day of PCCT 

treatment. These cost categories are summarised in Table 3.1.1.

A more detailed definition of direct and indirect costs was previously provided in §2.3>Dependent variable.
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Table 3.1.1 Cost variables generated through 'PC4C study

Cost variable Notes

Overall

Total direct Sum of all direct costs for each patient

Daily direct (Total direct/LOS)

Total indirect Sum of all indirect costs for each patient

Daily indirect (Total indirect/LOS)

Total total (Total direct + Total indirect)

Daily total (Total total/LOS)

Sub-categories

Room and board Total direct if 100<=ubc<=169 | 170<=^ubc<=179 | ubc=206|214 | 
230<=ubc<=239 | 550<=ubc<=559 | 660<=ubc<=662 | ubc=700|709 | 
760<=ubc<=769

ICU Total direct if 200<=ubc<=204 | 207<=ubc<=213 | ubc=219

Pharmacy Total direct if 250<=ubc<=269 | 630<=ubc<=636 | 640<=ubc<=649 | 
ubc=637 1 ubc== 280 | ubc==289 |ubc==331 | ubc==332 | 
ubc == 335

Laboratory Total direct if 300<=ubc<=319

Imaging Total direct if 320<=ubc<=329 | 340<=ubc<=349 | 350<=ubc<=359 | 
610<=ubc<=619 1 401<=ubc<=409 | 730<=ubc<=739 | 480<=ubc<=489 \ 
460<=ubc<=469 | 740<=ubc<=759 | 920<=ubc<=929

Day-by-day

Since admission Total direct on nth day since admission

Prior to discharge Total direct on nth day prior to discharge

By PC day Total direct on nth day prior to/since first consult

Prior to any analysis I adjusted for regional variation in health care costs using the 

Medicare Wage Index (Center for Medicare & Medicaid Services, 2011) and 

standardised all costs to US dollars (USD) in 2011, the final year of data collection, 

using the Consumer Price Index (Bureau of Labor Statistics, 2014).“

The primary dependent variable in this thesis was selected as total direct hospital 

costs.

Therefore throughout the  thesis, all figures reported  in $ are for USD adjusted to  2011.
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Direct cost data were extracted from hospital accounting databases, and therefore 

reflect the USD cost to the hospital of providing each medication, procedure or 

service to each patient. Indirect cost data reflect a hospital administrative formula 

rather than case-specific costs; indirect costs are approximately 55% of direct costs 

for patients at all sites. Given the lack of clarity in the generation of indirect costs, as 

well as the fact that programmes cannot reduce indirect costs in the short run (the 

costs of running the hospital would still exist), direct costs were considered the more 

reliable and appropriate (Weinstein et al., 1996). Sensitivity analysis on primary 

analyses demonstrated absolute consistency between results with total direct and 

total total as dependent variables, reflecting the fixed ratio between the two, and as 

such indirect costs and total total costs are not considered further in this thesis.®^

Secondary dependent variables were identified as LOS, daily direct costs, and total 

direct costs specific to sub-categories: room and board, ICU, pharmacy, imaging and 

laboratory.

Additional outcomes of interest, not used in this thesis, included: CTM, a survey of 

patients and family members on their experience of transition from hospital to an 

alternative setting (Coleman et al., 2005); FAMCARE, which measures family 

satisfaction with advanced cancer care (Kristjanson, 1993); and -  for patients who 

died in hospital - ABFMI, which evaluates the experience of bereaved family 

members (Teno et al., 2001 ).̂ '̂

See also §2.4>Total versus direct cost as a dependent variable for a discussion of this point in the context of 
the prior literature.

These data had not been collected and cleaned at the time of thesis analyses. For an overview of how I 
intend to employ these outcome data in post-doctoral cost-consequence analysis, see §5.3.3>Further research 
with the 'PC4C' data w ill extend and strengthen my results.
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Independent variables
Data were collected to describe the sample at enrolment, to calculate the propensity 

to be seen by a PCCT during hospital admission, and to model the effects of 

treatment on dependent variables of interest. These are summarised in Table 3.1.2.

Table 3.1.2 Independent variables collected in 'PC4C study

Measure Source

Study site Number (1-5) Medical record

Age Years Medical record

Gender Female, male Medical record

Race Asian, Black, Hispanic Black, Hispanic White, 

Native American, White, Other
Patient interview

Insurance* Medicare, Medicaid, th ird  payer Administrative database

Education attained Elementary school, high school, college graduate Patient interview

Advance directives Living will, proxy, none Patient interview

Primary diagnosis Tumour type Medical record

Comorbidities Total (Elixhauser et al., 1998) Medical record

Complication Presence o f a hospital complication Medical record

Symptom burden ESAS (Bruera e ta l., 1991)

& CMSAS (Chang et al., 2004)
Patient interview

Activit/ level ADL & lADL (Katz e ta l., 1963) Patient interview

Medications Equivalent morphine dose (mg) in week prior Patient interview

Home health aide Total hours in tw o  weeks prior Patient interview

Formal homecare Yes/No in tw o  weeks prior Patient interview

* Medirare is the federal insurance programme for people over 65 (also covers some younger 
peoplewith disabilities or specific conditions); Medicaid is the joint federal and state programme for 
peoplewith limited income (Centers for Medicare & Medicaid Services, 2015). Third-payer is any 
other health insurance coverage.

Independent variables therefore include demographic descriptives (e.g. age, gender, 

race), markers of socioeconomic status (e.g. education level, insurance programme).
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clinical factors (e.g. diagnosis, comorbidities, functional status) and interaction with 

formal health services prior to admission (e.g. morphine dose, homecare access).

3.1.7 Data sources/measurement
Initial data collection occurred following enrolment and informed consent. Clinical 

interviewers met with patients to collect socio-demographic and clinical information.

Daily follow-up interviews were conducted to collect assessment of pain and other 

symptoms.

Medical record review was performed after hospital discharge; research assistants 

extracted information from medical records on characteristics, medications and 

clinical factors.

Cost data were extracted from hospital databases after discharge.

3.1.8 Study size
The ‘PC4C’ sample size reflects all patients who were eligible for the study during 

the period of data collection, who gave informed consent to participate, whose 

physician gave consent for enrolment, and for whom adequate data was 

subsequently collected for both matching methods (propensity score weights) and 

statistical analysis (regression of hospital costs on treatment and all observed 

relevant confounders).®®

3.1.9 Quantitative variables
For an overview of which variables were collected in the ‘PC4C’ dataset using which 

measures, see §3.1.6.

For a detailed overview  of this process and how  the  final sam ple was reached, see §4.1.
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In analyses in §4 Results, the principal sample was balanced across treatment and 

comparison groups on 33 covariates.

Specifically I used binary variables for age (three strata), gender, race (three strata), 

insurance status (three strata), education level (three strata), advance directive 

status, lymphoma diagnosis, specific activities of daily living (ADL-6 (Katz et al., 

1963)), visiting home services prior to admission, and for levels of pain (three strata) 

and fatigue (two strata). I used continuous variables for comorbidities (Elixhauser 

index (Elixhauser et al., 1998)), mean physical and psychological Edmonton System 

Assessment Scale (ESAS) scores (Bruera et al., 1991), and the Condensed 

Memorial Symptom Assessment Scale (CMSAS) (Chang et al., 2004)). See Table 

3.2.1 in §3.2.1 for further details.

3.1.10 Statistical software
All analyses in this thesis were performed using Stata version 12 (StataCorp, 2011).
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3.2 Methods

3.2.1 Bias & confounding: propensity score methods 

Background
The fundamental purpose of the ‘PC4C’ study is causal inference of the relationship 

between an intervention (treatment from a PCCT) and multiple outcomes for a 

sample of patients admitted to hospital with advanced cancer. Specifically this PhD 

thesis is interested in the causal relationship between PCCT treatment and 

economic variables, e.g. hospital costs and utilisation patterns.

Identifying and measuring causal relationships is a comparison of potential values:

“[TJhe causal effect for individual i is the comparison o f individual \’s outcome 

if  individual i receives the treatment (the potential outcome under treatment), 

Yi(1), and individual i’s outcome if individual i receives the control (the 

potential outcome under control),Y\{0).” -  Stuart (2010), p. 2-3.

Since each individual can only experience either the treatment or the control arm, 

and so receive one respective outcome, it is not possible to obtain both V;{1) and 

y,{0) for any given individual /. Rather, causal relationships are inferred by 

estimating the counterfactual: what would have been the unobserved potential 

outcome (and what is the difference between this and the observed outcome)? (aka 

the Rubin Causal Model, Rubin (1974))

Optimal estimation of Y(0) for the treatment group and Y(1) for the control group 

requires that the two groups do not differ on variables prior to treatment that could 

impact the outcome of interest. Inherent to RCT design is that treatment and control 

arms will differ only randomly on both observed and unobserved covariates. The 

challenge with observational data is that patient characteristics in either group are
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potentially associated with both treatment and outcome. This gives rise to different 

distribLtions of covariates across treatment and comparison groups, biasing 

estimation of treatment effects. Minimising differences between groups in the means 

and variances of baseline covariates is essential to maximise the accuracy of 

treatment-effect estimates with observational data.

Propensity score methods  -  overview
Propensity score methods are designed to account for different distributions of 

covariates in treatment and comparison groups (Rosenbaum and Rubin, 1983). 

Specifically, a propensity score is a single score representing the probability of 

receiving treatment given observed covariates. The lack of a treatment assignment 

mechanism with observational studies is shown to be ignorable contingent on two 

assumptions. First, treatment assignment is independent of the outcomes of interest 

y,{1) and y,{0) given the observed covariates. Second, that all subjects have a non

zero pror probability of receiving both the treatment (1) and the control (0) (Austin, 

2011, Stuart, 2010).

Propensity scores have a number of well-established advantages. For research 

questions where an RCT is inappropriate, propensity scores preserve important 

advantages of the RCT design. First, observed covariates are balanced between the 

treatment and comparison groups, reducing concerns about confounding. Second, 

they allow estimation of marginal/population-average treatment effects, which are 

particularly useful for cost data given well known challenges in estimating 

incremental effect on cost (Austin, 2011, Manning, 1998). Third, propensity scores 

for eacn subject are calculated before analysis of the outcome of interest (Rubin, 

2007).

91



Additionally they have advantages over previous methods with observational data, 

such as multivariate regression and matching. For studies such as the ‘PC4C’ study 

with a high number of confounders -  e.g. demographic, socio-economic, clinical, 

system -  finding exact matches is not realistic. Propensity scores address this 

difficulty by reflecting all observed confounders in one score. As such, propensity 

scores can be viewed as an advanced matching technique (Garrido et al., 2014). 

Propensity scores are complementary to (and optimally used with) regression 

methods, and allow diagnostic analysis of their performance to validate causal 

inferences (Stuart, 2010).

The principal limitation of propensity scores is that they do not account for 

unobserved covariates, and that in the presence of unobserved covariates they may 

exacerbate the inaccuracy of analyses performed in the presence of such covariates 

(Brooks and Ohsfeldt, 2013); analysis and reporting must be conducted in the 

context of this fact.®®

Propensity score methods - applied
Introduction
For the principal analysis of this thesis, patients were separated by discharge status 

consistent with previous studies in this area (see §2 Literature Review).

Of the 1,023 patients, 969 were discharged alive, 51 died during hospitalisation and 

three had missing survival data.®  ̂ The 54 patients not confirmed as discharged alive 

do not constitute a sufficient sub-sample for a propensity score and stand-alone 

analysis.

In my prim ary analysis I check the robustness o f results to  propensity score weights by checking th a t the  

principal findings are robust w ithou t w eights in m odel selection (§4 .2 ), estim ation o f PCCT cost effects (§4 .4  

and §4 .5), and evaluation o f patient- and service-level factor im pact on costs (§4 .6 ).
”  For a detailed explanation o f how this sample size was reached from  the start o f recru itm ent, see §4.1.
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The principal analysis is therefore performed on patients discharged alive (n=969), of 

whom 256 were seen by a PCCT in hospital (PC group) and 713 received usual care 

only (UC group).

Creating a propensity score for the principal sample: step-by-step
Project colleagues at the Icahn School of Medicine at Mount Sinai used the ‘PC4C’

dataset to write a detailed guide with the steps to calculate and evaluate propensity

scores for dichotomous treatment (Garrido et al., 2014).

I followed these steps in consultation with colleagues (Melissa M. Garrido, PhD , a 

statistician experienced in propensity score matching and calculation, and R. Sean 

Morrison, MD, a palliative care consultant experienced both in clinical practice and 

applied use of propensity scores in health services research) to create a propensity 

score for my principal sample as follows;

1. Choice of variables 

Variables should be included in the propensity score where researchers suspect they

are associated with treatment and the dependent variable.

In consultation with Morrison and Garrido I identified the covariates considered most 

likely to exhibit such an association. For economic evaluation of all patients 

discharged alive (n=969), I balanced the treatment and control groups for 33 

demographic, socio-economic, clinical and service covariates. These are given in 

Table 3.2.1.

The only covariates that Garrido, Morrison and I identified a priori as being important 

but are not included in the balanced propensity score are specific cancer diagnoses.

It was not possible to get propensity scores to balance for eight specific cancer 

diagnoses using a sub-sample with n=969. Instead we identified lymphoma as the
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most distinct in terms of clinical need and financial implication and included this as a 

propensity score covariate.

Table 3.2.1 Propensity score for principal sample (n=969); variables included with common 
support (steps 1 & 2, Garrido et al. (2014))

ESAS Physical: A t admission (mean)

Age: 55 to 75 ESAS Psychological: A t admission (mean)

Age: Over 75 ESAS Physical: A t consu lt/re f day (mean) ^

Gender: Female ESAS Psychol.: A t consu lt/re f day (mean) ^

Race: White CMSAS (Number)®: At admission (mean)

Race: Black CMSAS (Number)®: At consult/re f day (mean)'*

Living Will: Yes CMSAS (Severity)®: At admission (mean)

Proxy: Yes CMSAS (Severity)®: At consult/re f day (mean)'*

Insurance: Medicare only Morphine: Equivalent dose (mg)^*

Insurance: Medicaid (& Medicare) Pain: Somewhat ®

Education: High school ^ Pain: Quite a b it ®

Education: College ^ Pain: Very much ®

Visiting nurse services: Yes'° Fatigue: A little, somewhat or quite a b it ^

Home health aide: Total hours * Fatigue: Very much ^

Primary diagnosis: Lymphoma/myeloma ADL: Needs partia l assistance bathing

Complication(s): Yes'^ ADL: Needs partia l assist transferring from  chair

Comorbidities: Elixhauser to ta l (mean) ADL: Needs complete assistance with 1+ activity

References cases for binary variables: Age: under 55; Race: Other (neither white nor black); 
Insurance: third payer (neither Medicare nor Medicaid); Education: Elementary School; Diagnosis: 
Solid or gynaecological; Pain: A little or none; Fatigue: None.
 ̂Highest level attained.  ̂In two weeks prior to hospitalisation. ‘ Presence of a major/minor 

complication prior to consultation/reference day during the hospitalisation.For PC patients, the 
reference day was the day of consult; for DC patients, the reference day is the day they had the most 
similar symptom severity to PC patients. ® CMSAS (Number): Number of physical symptoms on the 
CMSAS; CMSAS (Severity): Number of physical symptoms multiplied by the mean severity of physical 
symptoms on the CMSAS.  ̂In week prior to hospitalisation. ®Taken at consult/reference day with 
'None' as the reference category, t  Data retransformed as a square root for calculating the 
propensity score.

94



2. Balance across groups

Stata command -pscore- confirms ‘common support’, i.e. the overlap between

subjects in treatment and comparison groups. In the event that common support is 

inadequate, researchers must adjust the covariates or functional form of covariates 

included. In the case of the propensity score for the principal sample (n=969), 

common support was achieved using those variables listed in Table 3.2.1.

3. Balance of covariates within blocks

Using Stata output from the -pscore- command in Step 2, standardised differences

for each covariate within each propensity score block have to be calculated by hand 

(using the formulae from, for example, Austin (2009), p. 3087).

For continuous variables the standardised difference is calculated as:

Where ^jc-cand Xuc3ire the sample means for each covariate in the palliative care 

(treatment) and usual care (control) groups respectively, and the entries are the 

corresponding variances.

For binary variables this is calculated as:

Where ppcar\6 puca'^e the means for each covariate in the treatment and control 

groups respectively.

d =
iXpc X yc )

d =
(.Pp c  V u c )

P p c i ^  ~  P p c )  +  Puc i^  Puc)
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There is no established definition of acceptable difference but some degree of 

imbalance Is expected at this stage; perfect balance is achieved only in RCTs with 

very large sample sizes (Austin, 2009). An additional consideration in evaluating 

standardised differences is that greater imbalance is expected in blocks in the tails of 

the distribution, and is of less concern than persistent differences in the central 

blocks (Garrido et al., 2014).

In consultation with Garrido and Morrison I used 25% as the guideline limit: if 

covariates are balanced (t/<=0.25) in 75% of cases then this was considered 

acceptable at this stage.

The -pscore- command in Step 2 balanced the principal sample divided into seven 

blocks. A summary of the balance of the 33 covariates within each of the seven 

blocks is given in Table 3.2.2. As expected, the imbalance in the extreme tails 

(particularly blocks 1, 2 and 6) is a little large but the balance in the central blocks is 

stronger and the overall balance (80% of covariates with d<=0.25) is acceptable.

Table 3.2.2 Propensity score for principal sample (n=969); checking standardised 
differences within blocks prior to weighting (step 3, Garrido et al. (2014))

Block 1 2 3 4 5 6 7 Total

% variables 
with d>0.25

33% 27% 15% 0% 21% 30% 12% 20%

4. Choice of matching and weighting strategies 

Having achieved a balanced propensity score, analysts must choose how to apply 

the score in comparison of groups.

The best known comparison strategy is matching, where each subject in the 

treatment group is matched to a subject in the comparison group with the nearest
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propensity score. These matches can be one-to-one or one-to-many as sample size 

and analyst judgement dictate.

Two recommended alternatives are kernel weighting and inverse-probability 

treatment weights (IPTW) (Garrido et al., 2014). With kernel weighting each subject 

in the treatment group is given a weighting of 1 and matched to a subject in the 

comparison group using a weighted average of the propensity score covariates.

With IPTW each subject in the treatment group is given a weight of the inverse of the 

propensity score, and each subject in the comparison group is given a weight of the 

inverse of one minus the propensity score.

Selection of a matching and weighting strategy should always be informed by 

comparing the performance of different approaches in balancing treatment and 

comparison groups with the data, which occurs in Step 5.

5. Balance of covariates after weighting

Using Stata output from the -pstest- command, mean standardised differences for 

the treatment and comparison groups can be compared both overall and for 

individual covariates.

The overall performance of one-to-one and one-to-three matching, and kernel and 

IPTW weighting is summarised in Table 3.2.3. All approaches preserve the sample 

size of 969 and reduce substantially the original sample bias. The best-performing 

approach is kernel matching, with mean bias of 1.8% after matching.
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Table 3.2.3 Propensity score for principal sample (n=969); comparing matching strategies 
on support and overall bias (steps 4 &  5, Garrido et al. (2014))

Sample type All (n=) PC(n=) UC(n=)

Mean  
standardised 
difference in 

covariates (%)

Median  
standardised 
difference in 

covariates {%)

Original sample 969 256 713 25.4 22.8
Calliper 1:1 969 256 713 5.0 3.9
Calliper 1:3 969 256 713 2.3 1.8
Kernel matching 969 256 713 1.8 1.3
IPTW 969 256 713 4.2 2.9

The performance of all five strategies for matching on individual covariates is given 

in Table 3.2.4. As in Step 3 there is no standardised definition of acceptable 

difference but after matching I applied a more stringent guideline for balance than 

previously: no more than 10% is an acceptable level of difference for each covariate. 

All instances where a difference exceeds 10% are highlighted in bold. Two 

approaches have all covariates within 10%: 1:3 matching and kernel weights. Kernel 

weights is the dominant strategy in Table 3.2.3 and has all variables within 10% in 

Table 3.2.4, and this is therefore identified as the preferred matching strategy.
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Table 3.2.4 Propensity score for principal sample (n=969); comparing matching strategies 
on standardised differences for each covariate (steps 4 & 5, Garrido et al. (2014))

Standardised differences

Original
sample

1:1
matching

1:3
matching

Kernel
weights

IPTW

Age: 55 to75 -9.7% -4.7% 2.1% 3.8% -15.5%
Age: Over 75 -1.8% 0.0% -4.1% -6.4% 0.5%
Gender: Female -5.2% 0.8% -0.3% -3.0% 2.5%
Race: White -14.7% -1.6% -1.1% 1.1% -11.2%
Race: Black 20.8% 7.8% 2.9% -0.6% -2.9%
Living Will: Yes -9.4% 0.0% 0.8% 0.1% -5.3%
Proxy: Yes -22.8% -7.1% -2.1% -1.9% 4.1%
Insurance: Medicare only 3.7% -4.0% -1.7% 0.0% -3.1%
Insurance: Medicaid 28.0% 6.9% 3.6% -0.9% 2.4%
Education: High school 32.8% 7.1% -1.1% 1.0% -1.6%
Education: College -35.5% -6.4% -1.6% -1.3% 2.9%
Visiting nurse services: Yes 7.4% 1.2% -1.2% -1.4% -5.2%
Home health aide: Total hour 2.2% 9.0% 2.1% 0.0% -5.6%
Primary diagnosis: Lymphoma -10.4% -6.0% -3.5% -0.6% 12.4%
Complication(s): Yes -15. 0% 2.1% 0.7% -1.8% -4.9%
Comorbidities: Elixhauser 38.1% 2.2% 3.4% 1.1% 3.7%
ADL: bathing 36.0% 2.6% 0.9% -1.0% -1.0%
ADL: chair 40.7% 7.1% 3.6% 2.3% 2.6%
ADL: 1+ activity 20.6% 7.4% 2.5% 0.9% -2.7%
ESAS Physical:/Adm/ss/on 62.6% -2.4% -3.9% -1.1% 1.4%
ESAS Psychological: Admission 12.4% -0.2% 1.1% 2.8% -6.4%
ESAS Physical: Consult/ref day 65.5% 12.7% 0.6% 0.7% -5.4%
ESAS Psychol.: Consult/ref day 23.7% -2.9% -7.0% -4.5% -0.3%
CMSAS #: Admission 49.7% -3.9% -5.1% -2.0% -5.8%
CMSAS#: Consult/ref day 31.9% 3.6% -2.3% -1.3% -16.2%
CMSAS Severity: Admission 56.3% -2.4% -4.5% -1.3% 2.6%
CMSAS Severity: Consult/ref 52.9% 12.7% 1.6% 1.5% -5.5%
Morphine: Equivalent (mg) 32.1% 3.3% 0.6% 4.8% -0.6%
Pain: Somewhat -8.1% -3.5% 3.1% 2.5% -5.4%
Pain: Quite a bit -9.7% -2.7% 1.5% -1.9% 0.1%
Pain: Very much -1.8% 14.8% -3.4% 3.1% -0.4%
Fatigue: Little,somewhat,q. a bit -5.2% -6.5% -1.6% -1.1% 0.2%
Fatigue: Very much -14.7% 10.0% 1.8% 1.7% -0.3%
For full description of each covariate see Table 3.2.1.
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6. Estimation and interpretation of cost effects

The primary analysis in this PhD thesis seeks to estimate the impact of PCCT 

interventions on selected economic variables and primarily total direct hospital costs.

For this purpose the average treatment effect (ATE) is the most appropriate measure 

of inferring a causal relationship between treatment and cost, a.k.a. mean 

incremental effect. The ATE represents the estimated impact on the dependent 

variable of moving a patient from the comparison group to the treatment group 

holding all other values constant^®; standard errors are adjusted for by bootstrap 

methods (1000 replications) (Abadie and Imbens, 2008).

Additional propensity scores
In §4 Results I perform multiple analyses on the ‘PC4C’ dataset where the sample is 

defined differently to the principal sample. For example, I pool patients discharged 

alive with those who died during hospitalisation, I trim the sample by LOS, I alter the 

definition of treatment, and I re-define the sample according to patient complexity.

On each occasion the sample was altered from the principal sample profile 

(nALL=969; nuc=713, npc=256) it was necessary to recalculate the propensity score to 

ensure that any sub-sample was balanced across treatment and comparison groups 

only according to the baseline characteristics of patients included in that analysis. 

Balancing all patients included in an analysis (but no other patients included in that

In economics it is not typical to refer to 'treatm ent effect' where cost is the dependent variable, although 
this is not unusual in the health services research literature. Since this is a PhD thesis in health economics, I 
follow the economics tradition: in my primary analysis, estimated causal impact of the intervention on costs is 
reported as an 'estimated incremental effect'. See also '15 Outcome data' in Appendix to §3.

Values held constant are all predictors in the regression other than the treatm ent variable. Unless otherwise 
stated, these predictors are all independent variables in Table 3.2.1 and fixed effects for each hospital site.
The list of predictors used in regressions is detailed in the respective Methods sections of §4 .2, §4 .3, §4 .4 , §4.5  
and §4 .6 .
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analysis) is essential to the accurate estimation of a counterfactual that is central to 

propensity score methodology (Rubin, 2007). Specifically, I calculated a new 

propensity score weight for each sub-sample (Green and Stuart, 2014).

For each additional propensity score I followed the step-by-step guide by Garrido et 

al. (2014) as above. I minimised differences between additional scores and the 

score for the principal sample to ensure comparability of results using different 

samples.

In steps 1-3 where possible I balanced treatment and comparison groups on the 

same fixed list of 33 covariates used for the principal sample (Table 3.2.1); where 

this exact specification did not balance I altered the list of 33 using clear strategies 

that targeted less important variables and minimised information loss. It is 

acceptable for different samples to be balanced on different sets of relevant 

propensity scores but preferable to minimise information loss by transforming 

variables or removing theoretically less important ones (Green and Stuart, 2014, 

Garrido et al., 2014).

Specifically, where the sub-sample would not balance according to the list of 33 

covariates in Table 3.2.1, I employed the following strategies (in order of preference):

I. Transformation: I transformed continuous variables, for example, 

balancing groups on the square root of raw data rather than the raw data 

itself;

II. Re-categorisation: instead of categorising age as three separate binary 

variables I employed it as a single continuous variable;
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III. Combination: I combined variables that were conceptually similar; for 

example, combining ‘living will’ and ‘proxy’ into a single variable ‘advance 

directive’, or summing variables that were taken at both admission and 

reference day (ESAS physical and psychological scores, CMSAS number 

and severity scores) into an overall variable for each;

IV. Removal: I removed the pain and fatigue dummy variables from the 

original 33 since these are indirectly included in the propensity score 

already via CMSAS inventories. While controlling for these factors 

specifically was optimal, Morrison, Garrido and I agreed that removing 

these variables was acceptable since information loss would be minimised 

by their inclusion through CMSAS.

In steps 4-5 I used kernel weighting in all cases. First, of the strategies put forward 

by Garrido et al. this approach consistently performed best in primary analyses.®” 

Second, consistency of weighting strategy improves the confidence with which 

results can be directly compared. In step 6 I use ATE in all cases on the same 

basis.

Throughout §4 Results I signal clearly on each occasion a new sub-sample has 

been created and indicate where an overview of the propensity score process for 

sub-samples can be found in a marked appendix.

“  I confirm ed tha t my choice o f weighting strategy for the principal sam ple is robust for o th er samples by 

comparing the  d iffe rent alternatives in Table 3 .2 .3  using the  samples in prim ary analyses in §4.4 and §4.5. 
Kernel weighting was always the  best perform ing for minimising bias and never suffered greater loss to  
m atching than the second best perform ing strategy on bias. Kernel w eighting is the re fo re  em ployed as the  

m atching strategy for all analyses in this thesis.
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Instrumental variable approach
It is optimal to supplement propensity score methods by using an instrumental 

variable (IV) to control for unobserved confounding in observational data (Penrod et 

al., 2009). An instrumental variable is one that is associated with variation in 

treatment but does not exogenously impact the dependent variable (Angrist et al., 

1996).

A common such instrument is identity of physician, provided physicians are randomly 

allocated to patients (Penrod et al., 2010). However, patients were not randomly 

assigned to physicians in the ‘PC4C’ study, and neither I nor any colleague has been 

able to identify a valid alternative instrument for use with this dataset. This is not 

unusual - a strong, valid IV is difficult to identify (Murray, 2006), and only Penrod et 

al. (2010) in previous PCCT studies have employed the IV method (see §2 

Literature Review).

The analysis in this thesis is therefore performed without an IV approach.

Summary
Propensity score weights are a well-established tool for balancing the distribution of 

covariates between treatment and comparison groups in observational data analysis. 

Using guidelines designed by ‘PC4C’ colleagues I calculated and validated 

propensity scores for the principal sample for economic evaluation: all patients for 

whom sufficient data were collected and who were discharged from hospital alive. I 

repeated this process for all sub-samples of patients used in this thesis. It was not 

possible to identify a valid instrumental variable for this dataset.
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3.2.2 Statistical analysis; modelling costs & estimating cost effects 

Background
Healthcare cost distributions typically exhibit features that pose well-known problems 

for statistical analysis (Jones et al., 2013a):

• Non-negativity: cost data are by definition never less than zero.

• Mass of zero-value observations: in data drawn from populations (not only 

recipients of healthcare) a large number of cost data-points will be zero.

• Positive sl<ew: a minority of patients may incur a disproportionately high level

of costs for the sample, skewing the distribution right.

• Heteroscedasticity: variability of costs is unequal across a range of values for

important predictors;

• Leptoi<urtosis: clustering of cost observations for a large number of patients

with similar care trajectories may result in high ‘peaked-ness’ of the 

distribution.

Each of these potentially undermines the assumptions on which routine statistical 

analyses are based. In the case of the ‘PC4C data, all are potential concerns 

except for the mass of zero-value observations (there is no-one in the sample who 

did not receive healthcare and so not accrue costs). Selection of modelling 

approach to the ‘PC4C’ data therefore requires careful consideration.

Standard linear regression (Ordinary Least Squares (OLS)) is sensitive to extreme 

outliers and so is generally not appropriate for healthcare cost data exhibiting 

skewness, leptokurtosis and heteroscedasticity (Jones, 2010). A rudimentary 

alternative is to convert skewed cost distributions, typically using log-transformation
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but also sometimes square root, to something approaching symmetry and then 

perform linear regression. However, these often exhibit poor performance, do not 

address heteroscedasticity and lead to a new problem; the dependent variable (log 

or square root of costs) no longer has real-world meaning or application, and 

retransformation of such output is not straightforward:

“Although [log-transformed] estimates may be more precise and robust [than 

using highly skewed distributions of untransformed costs], no one is interested 

in log model results on the log scale per se. Congress does not appropriate 

log dollars. First Bank will not cash a check for log dollars. Instead, the log 

scale results must be retransformed to the original scale so that one can 

comment on the average or total response to a covariate x. There is a very 

real danger that the log scale results may provide a very misleading, 

incomplete, and biased estimate o f the impact of covariates on the 

untransformed scale, which is usually the scale o f ultimate interest. ” - 

Manning (1998), p. 285.

These challenges have led health econometricians to develop nonlinear approaches 

to the analysis of health care cost data and the accurate estimation of $ effects.

Modelling health care costs
The best established model in the health economics literature is the generalised 

linear model (GLM) (Jones, 2010), and this is also the case specifically in economic 

studies of PCCTs (see §2 Literature Review). Since GLMs estimate effects using 

the raw cost scale they avoid the transformation problem, and also allow 

heteroscedasticity to be modelled given certain assumptions (Jones, 2010).
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There are two components to the GLM approach, each specified directly by the 

analyst.

First, a link function is specified describing how mean costs relate to the regressors. 

Of those provided in statistical software (for example, there are seven GLM link 

options in Stata version 12), three are typically considered suitable for analysing cost 

data: log, power and identity (Jones et al., 2013b, Blough et al., 1999, Manning et al., 

2005, Manning and Mullahy, 2001).

Second, a distributional family is specified to characterise the relationship between 

conditional mean and the conditional variance. The most common family 

distributions are Gaussian (constant variance), Poisson (variance proportional to 

mean), gamma (variance proportional to square of mean) and inverse Gaussian 

(variance proportional to cube of the mean) (Jones et al., 2013b, Blough et al., 1999, 

Manning et al., 2005, Manning and Mullahy, 2001).

Three link and four family options give a total of 12 possible specifications in using a 

GLM to analyse healthcare costs. Of these, the most common specification in the 

general health economic literature and the only specification in analyses of PCCTs is 

GLM (gamma, log) (Jones, 2010).

Non-linear alternatives to GLMs are increasingly visible in the literature (Jones et al., 

2013a). These include exponential conditional mean models (EGMs, Jones (2010)); 

generalised gamma models (GGMs, Manning et al. (2005)); extended estimation 

equations (EEEs, Basu and Rathouz (2005)); and Finite Mixture Models (FMMs, 

Conway and Deb (2005)).
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These and the better established options for modelling health care costs are 

summarised in Table 3.2.5.

Table 3.2.5 Summary of principal modelling approaches in analysis of health care costs

Model Notes

OLS on y
Simple regression model, the most common in orthodox statistics. Typically 
considered inappropriate for health cost data due to poor performance with 
skew, leptokurtosis, heteroscedasticity and non-negative values.

OLS on ln(y)
Costs (y) log-transformed to address distributional challenges. 
Retransforming logged outputs to generate a $-effect estimation is 
problematic. Alternative: OLS on (y)^0.5.

GLM

Dominant alternative to OLS in recent health economics literature. Avoids 
retransformation problem and allows heteroscedasticity to be modelled. 
Analyst specifies one of three link functions (log, identity, power) and four 
distributional families (Gaussian, Poisson, gamma, inverse Gaussian) to give 
12 possible specifications with health cost data.

ECM
Nonlinear specification of the conditional means addresses non-negativity 
and skewness. Basic approach is nonlinear least squares (NLS). Alternative: 
Poisson distribution, which is most common for count data.

GGM
Extension of ECM and hazard models commonly used for duration data, also 
addresses distributional issues. Basic approach assumed homoscedasticity. 
Alternative: extension allowing for heteroscedasticity.

EEE
Extension of GLM methods that estimates directly appropriate link function 
and family distribution.

FMM
Alternative approach modelling data assuming the presence of 
heterogeneous classes. Most commonly used for multi-modal distributions, 
e.g. with mass of zero-value observations.

I noted in §2 Literature Review that while the most robust recent PCCT cost studies 

all employ GLMs rather than simple linear regression, no study reports evaluating 

performance of different modelling approaches prior to selecting the GLM. 

Comparative performance of modelling options suggests that different models 

perform better according to different criteria and with different datasets, and that
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estimation of cost effects should not be performed without first assessing model 

performance with the relevant dataset (Garrido et al., 2012, Jones et al., 2013b).

Prior to undertaking primary analysis I must therefore compare performance of the 

modelling options with the ‘PC4C’ data.®^

Summary
The distributions of health care cost data typically pose problems in statistical 

analysis and cost-effect estimation. Various modelling approaches are available to 

analyse cost data, the most popular of which is GLM (gamma, log). Evaluation of 

different approaches suggests that no model is dominant and that alternatives 

should be compared on performance with a specific dataset prior to cost-effect 

estimation.

For the  results o f the  applied m odel comparisons w ith  'PC4C' data, see §4.2.
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3.3 Summary
The ‘PC4C’ study was a prospective, cohort study to evaluate the impact of PCCT 

interventions for patients admitted to hospital with advanced cancer. Clinical and 

administrative data including cost data from the hospital perspective were collected 

at five United States hospitals from 2007 to 2011. I accessed the data during an 

extended period of mentored research at Icahn School of Medicine at Mount Sinai, 

New York.

This thesis is intended to expand the existing evidence base on economic impact of 

PCCTs. My primary analysis will evaluate the causal relationship between PCCT 

treatment and hospital utilisation, based on a ‘non-inferiority’ assumption that 

outcomes are at least no worse for intervention group patients and comparison 

group patients. To address confounding, treatment and comparison groups will be 

balanced on a large number of baseline covariates using propensity scoring. In the 

context of cost data distributions which may be problematic for linear statistical 

approaches, multiple modelling methods will be compared prior to cost-effect 

estimation.

Specifically in the context of prior studies and my systematic literature review in the 

previous chapter, I have identified six objectives towards my aim.

Prior to primary analysis I must (i) assess and describe the characteristics of cost 

data, and (ii) compare model performance with the ‘PC4C’ cost data so as to 

maximise the accuracy of cost-effect estimates.

For my primary analysis I intend to examine (iii) controlling for LOS to account for 

unobserved baseline heterogeneity in cost-effect reporting, (iv) estimation of PCCT 

impact on cost using appropriate methods, including identification of patient- and/or
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system-level factors associated with that impact, (v) examination of the underlying 

source of any cost differences associated with treatment, and (vi) identification of 

patient- and/or system-level factors associated with hospital utilisation other than 

palliative care.
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Chapter 4: Results

Abstract
The previous two chapters have provided a detailed contextual basis for my original 

research.

In §2 Literature Review I assembled systematically and assessed critically the 

economic evidence on palliative care consultations team (PCCT) interventions. 

Published studies to date demonstrate a clear pattern of cost-saving effect, but these 

results have been derived using a narrow (and in some cases flawed) 

methodological framework. An important consideration is the consistent use of 

length of stay (LOS) to control for unobserved baseline heterogeneity, strategies that 

may introduce endogeneity into analysis and arbitrarily impact reported results. Also 

highlighted is the likely existence of cost-effect heterogeneity: most studies to date 

have focused exclusively on mean overall effects for their sample when there may 

be important differences of effect within the sample. Identifying factors in how and 

for whom treatment has a greater or lesser effect with a sample of patients with 

serious illness would constitute a substantial extension of the existing evidence base 

on palliative care programmes.

In §3 Materials and Methods I summarised the ‘Palliative Care for Cancer’ (‘PC4C’) 

study and my methodological approach consistent with items 2-12 in the STROBE 

guidelines (von Elm et al., 2007). I outlined the study design, patient recruitment and 

data collection by colleagues in assembling the ‘PC4C’ dataset, and summarised my 

methods in analysing this dataset, particularly with regard to propensity score 

matching to minimise bias. I also reviewed the importance of evaluating and 

selecting a model for cost-effect estimation that is both appropriate to the
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characteristics of health utilisation data and performs strongly on evaluative 

measures with the specific dataset.

In §3.1.2, informed by §2 Literature Review, I identified six objectives for my own 

primary research, which takes a cost analysis approach: an assessment of 

intervention impact on costs, assuming that outcomes for intervention patients are at 

least no worse than that comparator.

Prior to main analysis:

(i) Data overview: careful description of the cost data to establish their 

characteristics and consider appropriate modelling approaches;

(ii) Model evaluation and selection: comparative evaluation of different 

available modelling approaches to assess which models perform best with the 

study data.

In main analysis:

(iii) Comparative evaluation of methods using LOS to control for 

unobserved heterogeneity: consideration of the impact that controlling for 

LOS has on cost-effect estimates;

(iv)Cost-effect estimation: estimating PCCT impact on costs and other 

utilisation, including variations in effect according to system- or patient-level 

factors;

(v) Source of any observable cost effects: evaluating the underlying 

mechanism of any observed cost differences following treatment;

112



(vi)Other determinants of utilisation: identifying factors other than treatment 

that are driving hospital costs for patients with serious illness.

This chapter presents the results of my primary research, structured corresponding 

to these objectives and the STROBE guidelines.®^

Objective (i): In §4.1 I provide an overview of the ‘PC4C’ dataset, summarising the 

participants, descriptive data and cost data. I outline how the principal sample for 

economic evaluation (n=969) was reached and demonstrate balance between 

treatment and comparison groups using propensity score weights. I also show that 

the cost data exhibit characteristics typical for healthcare utilisation: right-hand skew, 

heavy tail, leptokurtosis and heteroscedasticity. Therefore prior to estimating cost 

effects, comparative evaluation of modelling alternatives is essential.

Objective (ii): I perform this comparative evaluation of modelling alternatives in §4.2. 

Following adapted versions of Click (2014) and Jones et al. (2013c) I compare linear 

and non-linear modelling approaches to analysing the ‘PC4C’ cost data. I conclude 

that the best performing model is a generalised linear model (GLM) with a gamma 

distribution and a log link, and that sensitivity analyses on primary results should be 

performed using ordinary least squares (OLS) to confirm the robustness of findings.

Objective (Hi): In §4.3 I apply multiple approaches visible in the prior literature to the 

‘PC4C’ data, controlling for LOS to examine impact on model performance and cost- 

effect estimates. I find that controlling for LOS has a substantial impact on cost- 

effect estimates and risks undermining scientific integrity by weakening key elements

§4.1  presents Item s 13-15 in the STROBE guidelines. All o th er sections in this chapter address a specific 

research question and are structured in the  Introduction, M ethods, Results and Discussion (IM RAD) form at. 
§4 .2 -§ 4 .6  the re fo re  each address STROBE item s 1 6 ,1 7 , 18 and 20 for the  relevant research question. For a 

detailed sum m ary o f how  this thesis is structured consistent w ith  STROBE, see Appendix to  §3.
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of the methodology and analysis. However, disregarding LOS controls without 

otherwise controlling for unobserved heterogeneity in the data may result in a failure 

to detect important associations (i.e. a type II error). A comparison of results 

suggests that a small number of long-stay patients masl< a cost-effect for the majority 

where LOS is not controlled for in any way. Deriving robust estimates therefore 

requires identifying this latent class using baseline data only, identifying the 

important relationships in the data while circumventing the weaknesses inherent to 

LOS controls.

Objectives (iv and v): Cost-effect estimates and their underlying mechanisms are 

presented in two parts.

First, I analyse the PCCT’s incremental effect on cost, incorporating time-to-consult 

following admission in §4.4. I find that a consultation within six days of hospital 

admission is associated with a cost-saving effect and that earlier consultation is 

associated with a larger cost-saving effect, and I identify the source of these cost- 

savings. A notable secondary finding is that prompt PCCT intervention following 

admission reduces LOS as well as intensity of hospital stay. No previous study has 

reported this association, possibly because a failure to specify the intervention 

accurately (by incorporating timing) has resulted in a failure to detect significant 

difference (i.e. a type II error). These results are consistent with a growing clinical 

evidence base that earlier palliative care has observable benefits. In identifying 

these associations, which are robust to multiple sensitivity analyses, I present results 

that are both reliable (since they do not employ LOS-control methods) and 

informative (improving understanding how PCCT impact on cost can be maximised, 

given assumptions about outcomes). A version of the analyses presented in §4.4 

has been published by the Journal of Clinical Oncology (May et al., 2015).
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Second, I analyse PCCT impact on cost according to patient multimorbidity in §4.5. I 

find that a consultation within 10 days of admission is significantly cost-saving for all 

patients with multimorbidity and that this cost-saving effect is larger for patients with 

higher numbers of comorbidities. Observed cost-savings again accrue primarily 

through reduced intensity of hospital stay and also (where the intervention is early) 

through reduced length of stay. The impact of time-to-consult on cost effect is also 

robust to the multimorbidity association: for any given sample defined by 

multimorbidity, earlier treatment has a larger effect; for any given definition of the 

intervention according to timing, the effect is greatest for the most complex patients. 

These results are robust to multiple sensitivity analyses and demonstrate a 

relationship between cost effect and multimorbidity for the first time. They have 

potentially important implications for the organisation of care in a context where 

prevalence of multimorbidity is growing rapidly, and the care provided to this group 

consistently yields high costs for poor outcomes.

Objective (vi): Having established methods to derive robust associations with 

hospital costs using this dataset, 1 perform a supplementary analysis in §4.6, 

examining which factors other than palliative care treatment are significantly 

associated with cost of hospital treatment. The majority of associations reflect the 

expected relationship between patient illness burden and cost of care. Also 

identified are associations between insurance status and education level, and cost of 

care, raising equity concerns about a relationship between higher socioeconomic 

status and higher utilisation during hospital stay.
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4.1 Overview of study data 

Introduction
This section provides an overview of the ‘PC4C’ study data, consistent with items 13- 

15 in the STROBE guidelines (von Elm et al., 2007).

I report details of the study participants (numbers of individuals at each stage of the 

study) and descriptive data (characteristics of included participants), and summarise 

primary and secondary cost data.

Additionally I examine the cost data for characteristics such as skew and 

heteroscedasticity, and consider the implications for estimating mean incremental 

effect on cost in subsequent sections.

Participants
A total of 5,939 patients were admitted to study sites with an advanced cancer 

diagnosis during the study period. Of these, 1,562 (26%) refused to participate and 

1,159 (20%) did not meet the eligibility criteria, meaning that 3,218 patients were 

enrolled in the study. There were 266 patients with missing treatment data and a 

further 1,626 patients for whom insufficient data was collected at baseline (to match 

for the propensity score) and/or on relevant outcomes (to include in analysis); high 

levels of attrition and missing data are a familiar challenge in studying populations 

with serious illness.®'*

Therefore, following data cleaning and matching, a sub-sample of 1,537 patients was 

identified for whom there were adequate data for matching and analysis (PC n=374, 

UC n=1163). PC patients were more likely than UC patients to be in the final

For a d e ta ile d  o v e rv ie w  o f  th is  PhD thesis  accord in g  to  th e  STROBE checklist, see  A p p en d ix  to  §3 .

^  For a m o re  d e ta ile d  discussion o f challenges in s tu d y  design w ith  serio usly-ill p o p u la tio n s , see § 3 .1 .3 .
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analytic sample (p<0.001). One site (‘Site 4') collected clinical, satisfaction and 

process data for all other parts of the ‘PC4C’ project but did not collect cost data.

Site 4 patients (n=513) and one additional patient for whom cost data were missing 

were therefore excluded from economic evaluation papers.

For the principal analysis throughout this thesis, patients from four sites with cost 

data who died during the hospitalisation (n=54f® were excluded. This method has 

become standard in large cost analysis of palliative care programmes using 

observational data (see §2 Literature Review). The rationales for this approach are 

that there is likely unobserved clinical heterogeneity between patients by discharge 

status as well as different treatment decisions and preferences, and distinct 

implications of discharge (Cassel et al., 2010). Additional sensitivity analysis pooling 

decedents with those discharged alive is performed in subsequent sections but the 

relative sub-sample sizes preclude giving those discharged alive (n=969) and those 

who died during hospitalisation (n=54) equal consideration throughout.®®

The final sub-sample for economic evaluation was therefore n=969 (PC n=256, UC 

n=713); this group had no missing data on any propensity score variable or cost 

data, and no patients were lost to matching. See Figure 4.1.1.

Patients w ho died during hospitalisation, n=51; data missing on survival, n=3.
The baseline characteristics o f the  decedents com pared to  those discharged alive are given in Appendix to  

§4.1 . There are no significant d ifferences on dem ographic, socioeconomic or diagnostic factors, but persistent 
differences on illness burden: the decedents sample had higher mean scores for com orbidities and sym ptom  

burden, and low er scores for activities o f daily living. It is also w orth  noting tha t this study has a high 'survival' 
rate com pared to  previous studies: 95%  fo r 'PC4C' patients com pared to  a m edian o f 70% in §2. W hile  this 

m ay be som ew hat a ttrib u tab le  to  reduced LOS for hospital patients in recent years, it also reflects that 
palliative care is increasingly provided 'upstream ' to patients w ho are not approaching end of life (personal 
com m unication , R.S. M orrison, February 2015).
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Figure 4.1.1 Participants - 'PC4C study
Admitted to sites with 
advanced cancer during 

study period

n=5,939

Insufficient data for 
matching

n=205

All enrolled

n=3,218

Palliative care 

n=579

Refused to participate 

n=l,562

Principal cost 
analysis sample

n=713

Final 'PC4C sample 

n=374

Insufficient data for 
matching

n= 1,210

Principal cost 
analysis sample

n=256

Data missing on 
palliative care 

treatment

n=266

Final 'PC4C sample 

n=l,163

Did not meet eligiblilty 
criteria

n=l,159

Patients eligible for cost 
analysis

n=288

Patients who died 
during hospitalisation

n=22

Patients who died 
during hospitalisation

n=32

Patients for whom cost 
data not collected

n=86

Usual care 

n=2,373

Patients eligible for cost 
analysis

n=735

Patients fo r whom cost 
data not collected

n=428



Descriptive data 

Unweighted data
Selected baseline socio-demographic and clinical characteristics are summarised in 

Table 4.1.1.

The sample population is majority female, white, and aged 55 to 75. A quarter 

received a palliative care consultation. Across four sites, two hospitals account for 

75% of patients.

An important observable difference between usual care (DC) and palliative care (PC) 

groups prior to matching or weighting is illness burden: palliative care patients have 

higher numbers of comorbidities, lower activity levels of daily living, and higher 

physical and psychological symptom assessment scores.

Additionally differences are observable on demographic and socioeconomic factors: 

palliative care patients are on average younger, with higher proportions of male 

patients, black patients, and patients on government insurance programmes.
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Table 4.1.1 Selected statistics of unweighted principal sample (n=969) at baseline

Usual Care 

(n=713)

Palliative Care 

(n=256)

All Patients 
(n=969)

Age <55 215 (30.2%) 91 (35.6%) 306 (31.6%)

55to75 416 (58.3%) 137 (53.5%) 553 (57.1%)

75< 82 (11.5%) 28 (10.9%) 110 (11.4%)

Gender Female 400 (56.1%) 137 (53.5%) 537 (55.4%)

Male 313 (43.9%) 119 (46.5%) 432 (44.6%)

Race White 490 (68.7%) 158 (61.7%) 648 (66.9%)

Black 170 (23.8%) 85 (33.2%) 255 (26.3%)

Other 53 (7.4%) 13 (5.1%) 66 (6.8%)

Insurance Medicare 129 (18.1%) 50 (19.5%) 179 (18.5%)

Medicaid 102 (14.3%) 65 (25.4%) 167 (17.2%)

Other 482 (67.6%) 141 (55.1%) 623 (64.3%)

Advance Directive Yes 429 (60.2%) 130 (50.8%) 559 (57.7%)

Primary Diagnosis Gl 159 (22.3%) 52 (20.3%) 211 (21.8%)

Lymphoma 61 (8.6%) 15 (5.9%) 76 (7.8%)

CNS 15 (2.1%) 2 (0.7%) 17 (1.8%)

Breast 67 (9.4%) 29 (11.3%) 96 (9.9%)

Gynaecological 94 (13.2%) 21 (8.2%) 115 (11.9%)

HCC 15 (2.1%) 6 (2.3%) 21 (2.2%)

Lung 84 (11.8%) 53 (20.7%) 137 (14.1%)

Other 218 (30.6%) 78 (30.5%) 296 (30.5%)

Comorbidities Elixhauser Total 3.22 3.96 3.41

Activity Level ADL-6 10.76 9.8 10.50

Symptoms ESAS Physical 1.45 1.97 1.59

ESAS Psych. 1.45 1.61 1.49

Site 1 95 (13.3%) 27 (10.5%) 122 (12.6%)

2 76 (10.7%) 30 (11.7%) 106 (10.9%)

3 293 (41.1%) 38 (14.8%) 331 (34.2%)

5 249 (34.9%) 161 (62.9%) 410 (42.3%)

Medicare: Patients with Medicare and no other insurance. Medicaid: Patients with Medicaid (and 
Medicare). This applies in all subsequent tables. For an overview o f insurance statuses, see Table 
3.2.1.
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Weighted data
Propensity score weightings were calculated for the principal sample, balancing the 

treatment and comparison groups on 33 baseline covariates associated as having an 

important association with the likelihood to receive palliative care.®^

The covariates encompass multiple key domains that may be associated with receipt 

of the intervention: demographic (e.g. age, race), socioeconomic (e.g. insurance 

status, education level), clinical (e.g. diagnosis, comorbidities) and system (e.g. 

home services accessed prior to hospital admission). A full list of the 33 included 

covariates, and the prevalence of each in the treatment and comparison groups 

following propensity score weighting, are given in Table 4.1.2. There is a 

demonstrable balance with 32 standardised differences no greater than 5% and all 

within the 10% rule of thumb for acceptable difference (Austin, 2009).

See § 3 .2 .1  for a detailed  discussion of propensity score w eight application in theory and a step-by-step  

explanation o f how  the  propensity score for the  principal sam ple (n=969) was reached in practice.
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Table 4.1.2 Weighted matched sample (n=969) by all 33 covariates in propensity score

Usual
Care

Palliative
Care

Standardised
difference

Age: 55 to75 51.6% 53.5% 3.8%

Age: Over 75 13.0% 10.9% -6.4%

Gender: Female 55.0% 53.5% -3.0%

Race: White 61.2% 61.7% 1.1%

Race: Black 33.5% 33.2% -0.6%

Living Will: Yes 40.2% 40.2% 0.1%

Proxy: Yes 45.9% 44.9% -1.9%

Insurance: Medicare 19.5% 19.5% 0.0%

Insurance: Medicaid 25.8% 25.4% -0.9%

Education: High school ® 55.0% 55.5% 1.0%
Education: College ^ 37.0% 36.3% -1.3%

Visiting nurse services: Yes^ 13.3% 12.9% -1.4%

Home health aide: Total hours t 0.25 0.25 0.0%

Primary diagnosis: Lymphoma/myeloma 6.1% 5.9% -0.6%

Complication(s): Yes'̂ 2.7% 2.3% -1.8%
Comorbidities: Elixhauser total (mean) 3.94 3.96 1.1%

ADL: Needs partial assistance bathing 37.9% 37.5% -1.0%

ADL: Needs partial assistance transferring from  chair 35.3% 36.3% 2.3%

ADL: Needs complete assistance with 1+ activity 14.6% 14.8% 0.9%

ESAS Physical: At admission (mean) 1.98 1.97 -1.1%

ESAS Psychological: At admission (mean) 1.57 1.61 2.8%
ESAS Physical: At consult/reference day (mean) ^ 1.82 1.82 0.7%
ESAS Psychol.: At consult/reference day (mean) ^ 1.43 1.37 -4.5%

CMSAS (Number) At admission (mean) 9.08 9.02 -2.0%

CMSAS (Number) At consult/reference day (mean) ^ 7.87 7.83 -1.3%

CMSAS (Severity) At admission (mean) 16.1 16.0 -1.3%

CMSAS (Severity) At consult/reference day (mean) 12.6 12.7 1.5%

Morphine: Equivalent dose (m g ft 3.1 3.3 4.8%
Pain: Somewhat ® 10.5% 11.3% 2.5%

Pain: Quite a bit^ 28.5% 27.7% -1.9%

Pain: Very much ^ 32.7% 34.0% 3.1%

Fatigue: A little, somewhat or quite a bit^ 37.2% 36.7% -1.1%
Fatigue: Very much ® 29.7% 30.5% 1.7%
For more details including reference cases, see Table 3.2.1. Highest leve attained. In two weeks
prior to hospitalisation. Presence of a major/minor complication. For PC patients, reference day 
was day of consult; for UC patients, reference day was day they had most similar symptom severity 
to PC patients. ® CMSAS (Number): # of physical symptoms; CMSAS (Severity): # of physical 
symptoms multiplied by the mean severity. ' In week prior to hospitalisation. ®Taken at 
consult/reference day with 'None' as the reference category. + Raw data square-root transformed.
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Cost data

Primary dependent variable
The summary statistics of direct cost (USD) of hospital stay, the primary dependent 

variable throughout this thesis, are presented in Table 4.1.3 and the full distributions 

for total costs are illustrated in Figure 4.1.2.

The costs exhibit significant positive skew (46.3, as opposed to 0 for normally 

distributed data) and high kurtosis (5, as opposed to 3 for normally distributed data). 

Specifically, the costs are skewed right with mean costs 1.35 times the median costs 

for the whole sample; mean costs are substantially higher than the median for both 

treatment and comparison groups. Distinct from a dataset drawn from a general 

population, there are no zero-cost patients in the sample.

Total cost distributions to the 50*  ̂percentile are similar in both treatment and 

comparison groups. In the higher percentiles, costs are higher and more skewed for 

palliative care than usual care, consistent with the higher illness burden observable 

on baseline statistics.

Heavily skewed data with only non-negative values present well-known challenges in 

health cost data analysis®®; two common approaches to adjustment are log 

transformation and square-root transformation (Jones, 2010). The distributions of 

hospital costs for all 969 patients following these transformations are provided in 

Figure 4.1.3 and Figure 4.1.4. It is clear that log-transformation does bring costs 

close to a normal distribution without fully accounting for skew (Figure 4.1.3) while 

square-root transformation does not have the desired effect (Figure 4.1.4).

For a m ore d eta iled  discussion of these challenges in theory, see §3 .2 .2 .
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Table 4.1.3 Summary statistics of total direct hospital costs ($) (n=969)

Total cost($)

Usual care 

(n=713)

Palliative care 

(n=2S6)

All

(n=969)

Mean 9550 11150 9973

Median 7379 7400 7400

Maximum 67075 136930 136930

75th Percentile 11791 12282 11849

25th Percentile 4943 4805 4903

Minimum 1311 1246 1246

Standard deviation 7558 13130 9379

Skewness®® 3.1 5.0 4.9

Kurtosis 17.1 38.9 46.3

Figure 4.1.2 Distribution of total direct hospital costs ($), by treatment group (n=969)

o
1  1 1-------------------------------------------------------------

0 50000 100000 150000
Total direct cost of hospital stay ($)

UC ----------------PC

Skewness and kurtosis statistics are not presented in $. Both statistics are taken from the Stata output from 
the command -summarize-. Skewness is a measure o f the lack o f symmetry of a d istribution (normal 
distribution has a skewness statistic o f 0), and kurtosis is a measure o f the 'peaked-ness' o f a distribution 
(normal distribution has a kurtosis statistic o f 3). The same presentation is adopted in subsequent tables.
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Figure 4.1.3 Distribution of log-transformed total direct hospital costs (n=969)

CD

CM

O

128 9 10 117
In (Direct cost of hospital stay)

Figure 4.1.4 Distribution of square-rooted total direct hospital costs (n=969)

o

o

o
400200 3001000

(Direct cost of hospital stay)''0.5
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Secondary dependent variables
Summary statistics of daily direct hospital costs (the ratio of total direct cost to LOS) 

are provided in Table 4.1.4. Distinct from the total cost summary, mean daily costs 

are similar across treatment groups at just over $1200 and with lower skew.

Table 4.1.4 Summary statistics of daily direct hospital costs ($) (n=969)

Daily cost ($)

Usual care 

(n=713)

Palliative care 

(n=256)

All

(n=969)

Mean 1242 1218 1236

Median 1073 1125 1087

Maximum 6125 5071 6125

75th Percentile 1454 1474 1462

25th Percentile 794 838 816

Minimum 328 311 311

Standard deviation 729 568 690

Skewness 2.9 1.8 2.8

Kurtosis 15.5 10.9 15.6

The apparent inconsistency between daily and total costs for treatment and 

comparison groups is attributable to a difference in LOS between the groups: LOS is 

longer in the PC group (9 versus 8 days, see Table 4.1.5). This is consistent with 

the higher illness burden of the PC group and makes daily cost a fundamentally 

different dependent variable to total cost in evaluating PCCT impact.
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Table 4.1.5 Summary statistics of LOS (days) (n=969)

Length of Stay (days)

Usual care 

(n=713)

Palliative care 

(n=256)

All

(n=969)

Mean 8.0 9.0 8.2

Median 6 7 7

25*^-75‘  ̂%ile 5-9 5-10 5-9

Standard deviation 5.0 7.5 5.8

In §3.1.6 (Table 3.1.1) I detailed how universal billing (UB) codes could be used to 

isolate and attribute costs to ‘major’ categories of utilisation. After reviewing the data 

(and consistent with previous studies; see §2 Literature Review), five ‘major’ 

categories are identified: room and board, intensive care unit (ICU), pharmacy, 

laboratory and imaging.

The mean direct hospital costs for each of the five ‘major’ categories are 

summarised for the principal sample in Table 4.1.6. Room and board is by far the 

largest category, accounting for a third of total cost. ICU costs have the most distinct 

distribution with less than a quarter of patients having non-zero costs while others 

exceed $12000 (greater than the mean total cost of stay for the whole sample). 

Pharmacy exhibits the biggest difference between groups, accounted for by one 

patient with very high costs.

Overall the five ‘major’ categories account for 69% (UC) and 75% (PC) of total cost 

of stay. Skewness is consistently observable across categories and treatment 

groups.

Total pharmacy costs= $125999. Total direct hospital costs=$136930, 19 times the median and roughly 
twice the next most expensive patient.
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Table 4 .1 .6  Summary statistics o f tota l direct hospital costs, by five 'major* sub-categories ($) (n=969)

M ean

M ean/T otal

M edian

M aximum

75th  %ile

25th %ile

M inimum

SD

Skew ness

Room & Board

UC

3216

33 .7%

2544

19372

3790

1848

296

2286

2.8

PC

3889

34 .9%

2811

36126

4465

2004

627

3512

4.2

ICU

UC

277

2 .9%

PC

288

2 .6%

11927 12829

Pharmacy

1019

6.0

1282

7.1

UC

1973

20 .7%

1065

24517

2264

542

58

2861

4.1

PC

2917

26 .2%

1508

125999

2659

743

36

8297

13.0

Labs

UC

558

5 .8%

393

5236

672

203

581

3.2

PC

466

4 .2%

237

6460

574

110

680

4.2

Imaging

UC

594

6 .2%

336

9581

747

81

865

4.1

PC

801

7 .2%

492

5920

953

185

'Major'
Categories

UC

6618

69 .3%

PC

8360

75 .0%

1001

2.6

SD: S ta n d a rd  deviation; ICU: In tensive  Care Unit; 'M ajo r '  C ategories  su m s  t h e  cos ts  o f  th e  five ca te g o rie s  de ta i led  in t h e  tab le .



Heteroscedasticity
In addition to skewness, a common characteristic of healtli cost data is 

heteroscedasticity, where the variability of the dependent variable (in this case, total 

direct hospital costs) varies across the range of values of predictors. This is a 

serious problem for analysing health costs as many regression approaches, 

including the most common ordinary least squares (OLS) assume the absence of 

heteroscedasticity.

A simple test for heteroscedasticity is to regress costs against relevant covariates, 

and graph the relationship between mean costs and variance at different percentiles 

of the distribution (Jones et al. (2013b), p. 39). In Figure 4.1.5 the relationship is 

graphed for a regression of costs against a binary treatment variable (did patients 

receive a palliative care consultation during their hospitalisation?), all propensity 

score covariates (Table 3.2.1) and fixed effects to control for site differences, with 

the distribution of the conditional mean of costs divided into 20 parts.

The picture is distorted somewhat by one extreme value on the far right of the graph, 

which reflects very large variance among the highest cost patients. Both with and 

without this outlier there is a clear pattern of increasing variance as the mean 

increases - a clear indication that analysis of these cost data must take into account 

heteroscedasticity.^^ A flexible modelling approach more appropriate to skewed, 

heteroscedastic data than ordinary OLS approaches, is therefore required to 

estimate PCCT cost effect with this data.

Stata provides form al tests for heteroscedasticity but these are not valid w ith  propensity score w eighted  
data. It was th e re fo re  not possible to  subject these data to a form al test but the in terp re ta tio n  of Figure 4 .1 .5  

appears s tra ightforw ard .
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Figure 4.1.5 Variance and mean total direct costs ($) for weighted OLS on relevant 
covariates (n=969, divided into 20 groups)

•  • •  
«» •

n------------------------------------------------------1------------------------------------------------------ 1-------------------------------------------------------r -
5000 10000 15000 20000

Mean total direct costs ($)

Summary
This section provides an overview of the ‘PC4C’ study data.

Following data cleaning and matching, and the removal of 54 patients^^ not 

discharged alive following hospitalisation, the principal sample for economic 

evaluation is n=969 (nuc=713, npc=256). There are clear observable differences 

between the treatment and comparison groups on baseline data, on both clinical and 

socio-demographic factors. The groups were balanced on 33 demographic, 

socioeconomic, clinical and system covariates using propensity score weights.

D ied d u rin g  h o sp ita lis a tio n , n=51; d a ta  m issing on su rv iva l, n=3 .
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Hospital costs and LOS also both show differences between usual and palliative 

care patients, consistent with a higher illness burden in the treatment group. Overall 

patients in the study incurred an average $9973 in total hospital costs with an 

average stay of 8.2 days.

Most significantly this section establishes that the primary dependent variable -  total 

direct hospital costs - exhibits characteristics typical for health utilisation data: right- 

hand skew, heavy tail, leptokurtosis and heteroscedasticity.

These raise well-known challenges in modelling costs. Specifically, a flexible 

modelling approach rather than a simple linear regression Is required in modelling 

costs and estimating cost effects. These challenges are the focus of the next 

section.
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4.2 Model evaluation and selection 

Introduction
The previous section summarised the ‘PC4C’ data, concluding that it exhibits 

characteristics familiar to health economists: right-hand skew, leptokurtosis and 

heteroscedasticity. A flexible modelling approach appropriate for data with these 

characteristics is therefore required.

Selection of the best modelling approach is not straightforward. It was demonstrated 

in §2 Literature Review that the dominant cost model in the economic evaluation of 

PCCTs is the generalised linear model (GLM) with a gamma distribution and a log 

link, but that no study to date in this field has reported comparative evaluation of 

model performance prior to estimating cost effect. In §3.2.2 I highlighted that GLM 

(gamma, log) is prominent in the wider literature for addressing health cost data, but 

also that alternative modelling approaches exist, and that different approaches may 

offer different strengths and weaknesses rather than one model being dominant.

The accuracy and reliability of effect estimates rely on sound model selection.

Alternatives to GLM (gamma, log) include GLMs with different distribution and/or 

links (Hill and Miller, 2010); exponential conditional mean models (ECMs, Jones 

(2010)); generalised gamma models (GGMs, Manning et al. (2005)); extended 

estimation equations (EEEs, Basu and Rathouz (2005)); and Finite Mixture Models 

(FMMs, Conway and Deb (2005)).^^ All such approaches offer potential solutions to 

the myriad challenges posed by statistical analysis of health cost data, but only 

through comparative analysis of performance can a model’s suitability to a specific 

dataset be judged (Jones, 2010, Garrido et al., 2012).

”  An overview  of each approach was previously provided in Table 3 .2 .5.
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The purpose of this section is to compare and evaluate the performance of different 

modelling approaches with the ‘PC4C’ data, and to use the results to select an 

appropriate model for estimating incremental effect of the PCCT intervention on 

hospital costs.

There are multiple tools available to evaluate model performance.

For GLMs specifically, the Modified Park Test for the appropriate family, Pregibon for 

the appropriate link, and Pearson and Hosmer-Lemeshow for bias are widely 

proposed (Glick, 2008, Deb et al., 2013). For the comparison of non-GLM 

approaches, Jones et al. (2013bf'' propose the three latter tests, as a goodness- 

of-fit test, and in-sample indicators of predictive accuracy Root Mean Squared Error 

(RMSE) and Mean Absolute Prediction Error (MAPE).

Jones et al. (2013b) also suggest out-of-sample testing using v-fold cross-validation. 

This entails dividing a sample of n subjects into groups of equal size v. For each 

group the model is estimated using the sub-sample of n-v and predictions are 

generated using the u observations. Repeating the process for each group (i.e. a 

total of niv times) generates fitted values for all observations, and these can be 

compared to the observed values. However, the propensity score research design of 

the ‘PC4G’ study precludes applying cross-validation methodology because for each 

occasion that v patients are removed from the sample, it is no longer guaranteed that 

treatment and comparison groups are balanced on propensity score covariates in the 

remaining n-v sub-sample.

Specifically, guidance for m odel evaluation and com parison is provided in 'Chapter 12: M odelling  health care 

costs' in Jones e t al. (2013b). Accom panying softw are and data resources for applied use o f the  guidance are 

accessed via Jones et al. (2013c).
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This restriction compounds a more general limitation in evaluating performance with 

a single observational dataset (n=969), namely that there is insufficient sample size 

to fit the distribution using Monte Carlo methods and out-of-sample testing per large- 

scale modelling of health care costs (Marazzi et al., 1998, Carey and Burgess, 1999, 

Burgess et al., 2012, Jones et al., 2013a).

I am therefore restricted to comparison and evaluation using seven in-sample 

measures, summarised in Table 4.2.1.
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Table 4.2.1 Tests for model comparison and evaluation, per Jones et al. (2013b, 2013c)

Measure Purpose; definition

Modified Park Test

(Manning and Mullahy, 2001, 

Park, 1966)

GLM Family; constructive diagnostic test, which 

recommends a GLM fam ily given a specific link. GLM only.

Pregibon link test

(Pregibon, 1980)

Goodness of link; assesses linearity o f response by testing 

tha t the square of the predicted values is itself not a 

significant predictor o f y.

Pearson correlation 

coefficient
Goodness of fit; checks for bias by testing correlation 

between residuals and predicted values.

Modified Hosrner-Lemeshow

(Hosmer and Lemeshow, 

2000)

Goodness of fit; checks for systematic bias by dividing the 

sample into deciles and regressing residuals against fitted  

values.

In-sample

Goodness of fit; to ta l variance observable in y tha t is 

explained by the model. Larger indicates greater model 

accuracy, although fo r nonlinear models, large values 

are rare, even fo r a model tha t fits the data well.

Root Mean Squared Error 
(RMSE)

In-sample

Goodness of fit; root o f mean squared difference between 

observed values and the regression line:

J  n

Smaller RMSE indicates greater model accuracy.

Mean Absolute Prediction 

Error (MAPE)

In-sample

Goodness of fit; absolute difference between observed 

values and the regression line:

l? = ia b s (y i_ y ^ )

n

Smaller MAPE indicates greater model accuracy.

y: dependent variable (total direct hospital costs)
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Methods 

Research question
Which modelling approach Is most appropriate for estimating mean Incremental 

PCCT effect on total direct hospital costs with the ‘PC4C’ data?

Evaluation and comparison
Model evaluation and comparison was performed In three stages.

First, a range of GLMs were subjected to the Modified Park, Pearson, Preglbon and 

Modified Hosmer-Lemeshow tests. The Modified Park recommends one of four 

families (Gaussian, Poisson, Gamma, Inverse Gaussian) given a specific link; there 

are three links applicable to these families (log. Identity and power). This gives 12 

prospective GLM specifications, which were run with and without propensity score 

weights to give 24 regressions in total. Tests were run using the -gimdiag- Stata 

programme (Glick, 2014).

Second, the best five performing GLMs were identified and subjected to the 

additional three tests in Table 4.2.1. Alternative models to GLMs were also run at 

this stage: ordinary least squares on untransformed, log-transformed and square- 

rooted costs; ECM -  NLS and ECM -  Poisson; GGMs with homoscedastic and 

heteroscedastic errors; EEE; and FMM (gamma). These reflect the range of models 

proposed by Jones et al. (2013b), minus one (Generalised beta) for which Stata 

code has not yet been published.^^ The 14 models were subjected to the six tests 

using a Stata package provided by Jones et al. (2013c), modified^® to suit my data.

”  Code for this m odel has not yet been validated for general use (personal com m unication, A M  Jones, 
Decem ber 2014).

O ut-of-sam ple tests excluded per §4 .2> ln troduction . Additionally, in the code published online Glick and 

Jones take slightly d iffe rent approaches to  the Preglbon test. The fo rm er specifies the  'robust' option and
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Third, the two best performing models were subjected to sensitivity analyses to 

ascertain if performance improved for models with a reduced number of covariates, 

and for samples with long-stay outliers and high-cost outliers removed at the 95'*̂  

percentile.

Variables
The primary independent variable was a binary treatment variable: was the patient 

seen by a PCCT during hospital admission? Additional predictors were identified 

according to propensity score weighting: all covariates (n=33) in the propensity score 

for the principal cost sample (see Table 3.2.1) were included as predictors. This is 

the desired specification because associations between the dependent variable and 

baseline covariates can be drawn from regression results if those covariates are 

balanced in the propensity score. Fixed site effects to control for hospital-specific 

differences were also included.

Results
The output of 12 GLMs for four tests, first without propensity score weights and then 

with, is provided in Table 4.2.2. All instances where a test was passed are 

highlighted in bold.

The best-performing models are all in the gamma and inverse Gaussian 

distributions. Of these six, five pass all four tests; that is, a p value >0.05 for the 

corresponding family in the Modified Park test, as well as for the other tests. These 

are: (gamma, log), (gamma, power'^O.S), and the three inverse Gaussian models. 

One model (gamma, identity) is the only model to pass exactly three tests (it does

allows for 30 iterations; the la tter specifies the 'd ifficult' option and allows for 100 iterations. For internal 
consistency in this thesis, I standardised all Pregibon tests to  the  'robust' option.
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not pass the Park test for A=2, the relevant family). None of the Gaussian or Poisson 

models pass the Park test and none passes more than two additional tests.

Table 4.2.2 Comparing GLM performance, per Glick (2014), (n=969)

Test M odified Park Pregibon Pearson M odified H-L

GLM N.

A (where p>0.05) 
A=0 (Gaussian) 
\=1 (Poisson) 
K-2 (Gamma) 
A=3 (iGaussian)

p value p value p value

W ithout weights

Gaussian, log None <0.01 <0.01 <0.01

Gaussian, identity 2 (0.44), 1 (0.05) <0.01 0.99 <0.01

Gaussian, power'^O.S 2 (0.15), 1 (0.15) <0.01 0.45 <0.01

Poisson, log 2 (0.50), 3 (0.17) <0.01 0.38 <0.01

Poisson, identity 3 (0.60), 2 (0.15) 0.02 0.37 0.06

Poisson, power''0.5 3 (0.39), 2 (0.27) <0.01 0.40 0.02

Gamma, log 3 (0.92), 2 (0.10) 0.19 0.43 0.30

Gamma, identity 3 (0.66) 0.22 0.45 0.52

Gamma, power^O.5 3 (0.90), 2 (0.06) 0.27 0.51 0.75

iGaussian, log 3 (0.87), 3 (0.05) 0.59 0.72 0.66

iGaussian, identity 3 (0.43) 0.88 0.95 0.92

iGaussian, power^O.5 3 (0.69) 0.77 0.77 0.66

W ith weights

Gaussian, log 0 (0.12) <0.01 <0.01 <0.01

Gaussian, identity 1 (0.43) 0.05 <0.01 <0.01

Gaussian, power''0.5 1 (0.53) <0.01 <0.01 <0.01

Poisson, log 2 (0.91) <0.01 <0.01 <0.01

Poisson, identity 3 (0.19), 2 (0.16) 0.23 0.01 <0.01

Poisson, power''0.5 2 (0.27), 3 (0.20) 0.13 <0.01 <0.01

Gamma, log 3 (0.90), 2 (0.07) 0.97 <0.01 0.09

Gamma, identity 3 (0.46) 0.56 <0.01 0.21

Gamma, power'^O.S 3 (0.76) 0.84 <0.01 0.22

iGaussian, log 3 (0.80) 0.19 <0.01 0.02

iGaussian, identity 3 (0.34) 0.38 <0.01 <0.01

iGaussian, power'^O.S 3 (0.54) 0.61 <0.01 <0.01

Model: principal sample (n=969); total direct costs regressed against treatment, 33 propensity score
covariates and fixed-effect site variables.
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Once propensity score weights are introduced, there is a noticeable reduction in 

performance. No model passes all four tests. The best performing is (gamma, log), 

which passes three tests and fails Pearson. The next best remain (gamma, 

power^O.5) and the three inverse Gaussian models, all of which pass two out of four 

tests.

These five GLMs are therefore the best performing both with and without weights 

and are carried forward to the second stage of analysis.

The results of six tests (all tests except Modified Parl<, which is relevant only for 

GLMs) against 11 models are given in Table 4.2.3 (without propensity score weights) 

and in Table 4.2.4 (with weights). All instances where a test passed are highlighted 

in bold; the best-performing models for the other evaluative statistics are also 

highlighted in bold.

In Table 4.2.3 the best performing model is GLM (gamma, log), which passes all 

three tests as well as delivering comparatively strong results in the goodness-of-fit 

analyses. This is the dominant GLM; of the alternatives, OLS ln(y), which passes all 

three tests, and ECM -  Poisson are the next strongest.

As in Table 4.2.2, there is a noticeable reduction in performance once propensity 

score weights are introduced, but Table 4.2.4 otherwise shows a similar pattern to 

Table 4.2.3.

OLS ln(y) now performs best, passing all three tests and with strong goodness of fit. 

It is the only model to pass the Pearson test.
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Among GLMs, (gamma, log) remains the dominant model. In addition to the results 

in Table 4.2.2, it has better performance across goodness-of-fit and prediction 

measures against other GLMs in all cases.

Table 4.2.3 Comparing model performance, per Jones et al. (2013b, 2013c) (no propensity 
score weights, n=969)

No weights Link Test 
p-value

Pearson
p-value

H-L
p-value

RMSE MAPE

Within
sample

Within
sample

OLS on y <0.01 -/- <0.01 0.07 9032 5404

OLS on ln(y) 0.68 0.41 0.43 0.05 9121 5278

OLS on y^O.5 0.05 0.64 <0.01 0.07 9058 5289

ECM -NLS DNC <0.01 <0.01 0.16 8750 5833

ECM -  Poisson-ML 0.07 0.38 <0.01 0.09 8951 5359

GG -  horn DNC DNC DNC DNC DNC DNC

GG -  het DNC DNC DNC DNC DNC DNC

GLM gamma, log 0.19 0.43 0.30 0.07 9020 5341

GLM gamma, power''0.5 0.27 0.51 0.75 0.07 9055 5345

GLM igaussian, log 0.59 0.72 0.66 0.06 9086 5369

GLM igaussian, identity 0.88 0.95 0.92 0.05 9123 5365

GLM igaussian, power^'O.S 0.77 0.77 0.67 0.06 9106 5369

EEE DNC DNC DNC DNC DNC DNC

FMM gamma 7- DNC <0.01 <0.01 125983 11760

Model: principal sannple (n=969); total direct costs regressed against treatment, 33 covariates and 
fixed-effect site variables. DNC: Did not converge/compute.
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Table 4.2.4 Comparing model performance, per Jones et al. (2013b, 2013c) (with 
propensity score weights, n=969)
Weights Link Test 

p-value
Pearson
p-value

H-L
p-value

RMSE MAPE

Within
sample

Within
sample

OLS on y 0.07 <0.01 <0.01 0.05 9217 5782

OLS on ln(y) 0.63 0.83 0.73 0.05 9138 5325

OLS on y''0.5 0.20 0.05 <0.01 0.06 9117 5503

ECM-NLS DNC <0.01 <0.01 0.17 9125 6156

ECM -  Poisson-ML 0.67 <0.01 <0.01 0.07 9075 5684

GG -  hom DNC DNC DNC DNC DNC DNC

GG -  het DNC DNC DNC DNC DNC DNC

GLM gamma, log 0.97 <0.01 0.09 0.05 9191 5679

GLM gamma, pow/er'^O.S 0.84 <0.01 0.23 0.05 9217 5700

GLM igaussian, log 0.19 <0.01 0.02 0.04 9451 5912

GLM igaussian, identity 0.38 <0.01 <0.01 0.03 9384 5941

GLM igaussian, power^'Q.S 0.61 <0.01 <0.01 0.04 9366 5860

EEE DNC DNC DNC DNC DNC DNC

FMM gamma -/- DNC <0.01 <0.01 130657 16661

Model: principal sample (n=969); total direct costs regressed against treatment, 33 covariates and 
fixed-effect site variables. DNC: Did not converge/compute.
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Three models (EEE and the two GGs) fail completely to deliver test outputs, with or 

without weights/^ There are difficulties with ECM -  NL and FMM, the former failing 

all tests and the latter failing to compute some scores and delivering very poor 

performance results in others.

The strongest two models are therefore identified as OLS ln(y) and GLM (gamma, 

log), although neither exhibits dominant performance in link tests, bias tests or 

goodness-of-fit measures, and performance demonstrably deteriorates with the 

addition of weights.

Two common strategies to improve performance are reducing the number of 

independent variables in a model (to guard against over-fitting) and removing outliers 

from the model (high-utilisation outliers may distort cost-effect estimates) (Mihaylova 

et al., 2011). Four new specifications were created according to number of 

covariates in the model (reduced from 33 to 16|9) and by trimming at the 95*  ̂

percentile long-stay patients (20 days<=LOS) and high-cost patients ($23,154<y).^® 

The results are given in Table 4.2.5.

Altering the number of covariates has little impact for either model. Removing long- 

stay and high-cost outliers notably improves the goodness of fit for both models, but 

the latter strategy reduces the performance of GLM (gamma, log) in the bias tests.

I also ran GGs and EEEs w ith  a weighted m odel incorporating a reduced 16 covariates but these also fail to  

produce an output.
For details of the  'reduced ' and 'm inim al' models, and samples w ith  'long stay' and 'high cost' patients  

rem oved, see Appendix to  §4.2.
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Table 4.2.5 Comparing model performance, per Jones et al. (2013b, 2013c), with # of covariates reduced or outliers removed (w/ith 
propensity score vy/eights)
Weights Link test 

p-value
Pearson
p-value

H-L 
p value

R" RMSE MAPE

Within
sample

Within
sample

OLS on ln(y)

'Full' model, per Table 4.2.4 0.63 0.83 0.73 0.05 9138 5325

'Reduced' model 0.40 0.99 0.59 0.04 9186 5363

'M inimal' model 0.48 0.87 0.59 0.03 9213 5396

Long stayers removed 0.19 0.83 0.99 0.09 5487 3959

High-cost removed 0.03 0.46 0.67 0.08 4567 3617

GLM gamma, log

'Full' model, per Table 4.2.4 0.97 <0.01 0.09 0.05 9191 5679

'Reduced' model 0.80 <0.01 0.04 0.04 9269 5641

'M inimal' model 0.39 <0.01 0.08 0.03 9252 5656

Long stayers removed 0.10 <0.01 0.20 0.09 5538 3983

High-cost removed <0.01 <0.01 <0.01 0.07 4635 3679

Full model: 969 patients; total direct costs regressed against treatment, 33 covariates and fixed-effects site variables.
'Reduced' model: 969 patients; tota l direct costs regressed against treatment, 16 covariates and fixed-effects site variables.
'Minimal' model: all 969 patients; tota l direct costs regressed against treatment, nine covariates and fixed-effects site variables.
Long stayers removed: 924 patients w ith L0s<=20 days; total direct costs regressed against 33 covariates and fixed-effects site variables.
High-cost removed: 920 patients w ith tota l direct costs<23153.96; total direct costs regressed against 33 covariates and fixed-effects site variables. 
For details of the 'reduced' and 'm inimal' models, and samples with 'long stay' and 'high cost' patients removed, see Appendix to §4.2



Discussion
Detailed comparative evaluation of model performance with the ‘PC4C’ data re

iterates the findings of previous research: no model is dominant, and selection is 

necessarily the result of trade-offs.

A comparison of 12 prospective GLMs establishes five with reasonable performance, 

of which (gamma, log) performs strongest (Table 4.2.2). Evaluation of these five 

GLMs alongside six other prospective modelling approaches yields a clear 

conclusion: GLM (gamma, log) and OLS ln(y) are the best performing models (Table 

4.2.3, Table 4.2.4).

Despite the comparatively strong performance, doubts about these two models 

remain. In particular, the introduction of propensity score weights appears to 

undermine performance and, as noted in §3.2.1, in the presence of unobserved 

confounding propensity score weights can exacerbate problems of uncontrolled 

heterogeneity (Brooks and Ohsfeldt, 2013). Reducing the number of covariates in 

the model does little for either GLM (gamma, log) or OLS ln(y); removing long-stay 

and high-cost outliers improves goodness of fit only (Table 4.2.5). While improved 

goodness of fit is a desirable quality in a model per se, achieving this through 

removing high-cost patients would require a strong justification, particularly as the 

removal of such outliers does not appear to improve the models on link, Pearson and 

Modified Hosmer-Lemeshow t e s t s .S i n c e  this is a single observational dataset it is 

not possible to use simulation to finesse fit to the distribution, a method that has 

been used in large-scale simulation datasets to justify trimming long-stay outliers 

(Marazzi et al., 1998).

The issue o f trim m ing  a sample by LOS outliers is given closer consideration in §4.3.
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These results highlight the need for judicious trade-offs in model selection. OLS out

performs GLM (gamma, log) once propensity score weights are introduced but log- 

transformed costs have well-known limitations as a dependent variable (see §3.2.2 ). 

Moreover, §4.1 highlighted the presence of heteroscedasticity in the data, which 

undermines the performance of linear regression approaches. Removing long-stay 

and high-cost outliers improves model performance in some cases but risks 

arbitrarily trimming the sample and consequently altering results (see §4.3). While 

propensity score weights demonstrably reduce model performance, they are intrinsic 

to the research design in minimising confounding.

In summary, OLS on log-transformed costs is the best-performing model on 

evaluative measures but there are basic concerns about the model’s capacity to 

deliver meaningful $ effect estimates and to cope with heteroscedasticity. GLM 

(gamma, log) is the best non-linear alternative but this does not pass all diagnostic 

tests. Checks will be necessary to ensure that derived results are not specific to 

model selection given that this model is inferior to alternatives on some measures. 

Additionally checks are necessary to ensure that derived results are not due to the 

use of propensity score weights, which can exacerbate problems in the presence of 

unobserved confounding.

Therefore I select GLM (gamma, log) with a treatment variable, 33 covariates and 

site effects, and propensity score weights, as the primary modelling approach for 

economic evaluation of the ‘PC4C’ data. Additionally I will perform sensitivity 

analyses using alternative approaches:

• Unweighted GLM (gamma, log), ensuring that the addition of propensity score 

weights are not determining reported results;
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• Weighted and unweighted OLS on untransformed costs, ensuring that model 

selection is not determining reported results.

These sensitivity analyses are applied to the primary analyses in §4.4 and §4.5 and 

presented In marked appendices. Where weighting and modelling alternatives 

provide substantively similar results to the primary analyses I can be increasingly 

confident that they are robust findings.

Conclusion
Comparative analysis of model performance for ‘PC4C’ data shows that the best- 

performing models are OLS ln(y) and GLM (gamma, log). Given the well-known 

limitations of linear models with skewed, heteroscedastic cost data, and the difficulty 

in retransforming log-dollar results into meaningful cost-effect estimates, GLM 

(gamma, log) was selected as the primary model for all subsequent analysis. 

Sensitivity analyses with this and other models, altering the specification by use of 

weights, will be performed where appropriate to check the robustness of primary 

analyses.
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4.3 Controlling for LOS in cost analysis 

Introduction
The previous section detailed model evaluation and selection for analysis of the 

‘PC4C’ data. A generalised linear model v\/ith a gamma distribution and a log link 

(GLM (gamma, log)) with propensity score weights was identified as the strongest 

option given data characteristics and model performance, with sensitivity analysis to 

be performed to confirm robustness of results in primary analysis.

This section addresses an additional methodological issue, raised in §2 Literature 

Review and observable in the health economics literature more widely, regarding 

use of length of stay (LOS) in cost analyses. The most robust cost analyses of 

PCCTs to date have a general methodological consistency, employing propensity 

scoring to match treatment and comparison groups to minimise bias, and the same 

regression model (GLM, (gamma, log)) to deal with skew, heteroscedasticity and 

accurate cost-effect estimation (Morrison et al., 2008, Penrod et al., 2010, Morrison 

et al., 2011a, Starks et al., 2013, Whitford et al., 2014, McCarthy et al., 2015).

However, §2.4 also highlighted that there are differences between these studies in 

approach to using LOS to control for unobserved heterogeneity, with three strategies 

variously employed:

I. LOS as a covariate, where LOS is used as an independent predictor in

regression analyses;

II. LOS as a sample parameter, where short- and long-stay patients are

removed from analysis ex ante',

III. LOS as a denominator in the dependent variable, where daily cost (the

ratio of total cost to LOS) is employed as a dependent variable.
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A review of these methods, their potential justifications and potential problems, is 

provided in Table 4.3.1.

Strategies that control for LOS reflect a tension between heterogeneity and 

endogeneity in analysis of observational data. Incorporating a nonlinear 

transformation of LOS as a covariate, or sample selection by LOS, can act as a 

proxy for otherwise unobserved factors that analysts would like to control for.

But LOS is both a predictor of treatment (long LOS is an indicator of palliative care 

need) and a determinant of costs (LOS and total cost are closely connected). 

Regressing or stratifying by LOS in economic evaluation of a programme is therefore 

at best sub-optimal, while daily cost is a dependent variable of limited practical value. 

Moreover, daily cost is a fundamentally different variable to total cost if LOS is 

systematically different between treatment and comparison groups, as is often the 

case with observational palliative care studies (and is the case with the ‘PC4C’ data 

-  see Table 4.1.4 and Table 4.1.5).

The purpose of this section is to examine in greater detail the impact of LOS-control 

methods on ‘PC4C’ data analysis, and their value in the context of these strengths 

(incorporating otherwise unobserved heterogeneity) and weaknesses (introducing 

endogeneity into analysis).
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Table 4.3.1 Summary of strategies in prior PCCT studies employing LOS to control for unobserved heterogeneity

Use of LOS Definition -  potential justifications Potential problems Examples*

1. Covariate LOS employed as an independent variable/predictor in 
regression analysis

Covariate intended to control for:
•  Unobserved heterogeneity, including clinical 

complexity;
•  Uneven accumulation of costs, proportionally more 

costs being accrued closer to  admission.

Use of LOS as a covariate risks introducing endogeneity 
into analysis, since LOS is not an independent predictor 
o f utilisation. Rather, it is associated with both 
treatment (long hospital stay suggests clinical 
complexity) and dependent variables (LOS and other 
utilisation data are typically closely correlated), thus 
undermining estimation of the causal relationship of 
interest (Amporfu, 2010).

Penrod et al. (2010) 

W hitford et al. (2014)

IL Sample 
parameter

Short- and/or long-stay outliers trimmed from sample

Sample parameter(s) intended to control for:
•  Unobserved heterogeneity, including clinical 

complexity;
•  Outliers skew/ing distribution of utilisation data such 

as LOS and cost, distorting and disguising effect 
estimates.

Defining a sample ex ante by a factor that is associated 
with both treatment and the dependent variable risks 
biasing results and obscuring true effect (Imbens, 2004, 
Garrido, 2014b). Where propensity score matching is 
used, ex ante trimming is antithetical to the research 
framework, which aims to estimate a counterfactual 
using baseline data (Rubin, 2007).

Morrison et al. (2008) 

Morrison et al. (2011a) 

Starks et al. (2013) 

W hitford et al. (2014) 

McCarthy et al. (2015)

IN. Dependent
variable
denominator

Daily cost (the ratio of total cost to LOS) employed as
primary dependent variable

Dependent variable denominator intended to:
•  Indirectly lim it impact o f unobserved heterogeneity 

by accounting for long LOS;
•  Reduce skew and leptokurtosis common to 

healthcare utilisation data distributions;
•  Address specific stakeholders, e.g. a hospital 

reimbursed at a fixed daily rate may prioritise daily 
cost over total cost.

Estimated effect on daily costs is of limited practical 
value because this is a ratio and not the overall costs 
accrued: a treatment that reduces daily cost by 10% but 
increases LOS by 50% is not necessarily delivering 
desirable outcomes for patients or payers. Per diem 
ratios change systematically with LOS and must be used 
carefully (Ishak et al., 2012). If LOS differs between 
treatment and comparison groups then daily cost (total 
cost/LOS) is a fundamentally different dependent 
variable to total cost.

Penrod et al. (2006) 

Ciemins et al. (2007) 

Hanson et al. (2008) 

Penrod et al. (2010)

*Examples in the table are from the PCCT literature, as reported in §2 Literature Review. Examples o f LOS controls in other domains can be cited, e.g. 

paediatric care (Kuo et al., 2012, Queen et al., 2014) and maternity services (Thompson et a!., 2003).
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Methods 

Research question
What is the effect of controlling for LOS in estimating PCCT impact on hospital 

costs?

LOS as a covariate
Where health economists have incorporated LOS as a predictor in modelling costs, 

they have generally done so following non-linear transformation: LOS log- 

transformed, squared, cubed, etc. (Penrod et al., 2010, Carey and Burgess, 1999).

I therefore estimated five GLMs with a gamma distribution and a log link, 

differentiated by the use of common nonlinear transformations of LOS as a 

covariate. I calculated the average change in total direct hospital costs for patients 

going from usual care to treatment, holding all other covariates at their original 

values. Bootstrapped standard errors (1000 replications) were calculated consistent 

with §3.2.2 (Abadie and Imbens, 2008).

The five models were specified as follows:

(i) gim cost pal_care varlist

(ii) gim cost pal_care varlist LOS'^2

(iii) gIm cost pal_care varlist L0S^^3

(iv) gim cost pal_care varlist LOSM

(V) gim cost pal_care varlist In(LOS)

Where cost is total direct hospital costs, pal_care is a binary variable denoting 

treatment or comparison, varlist is a fixed list of 33 demographic, clinical and system 

variables included in the principal propensity score (Table 4.1.2) plus fixed effects 

variables to account for site differences, and propensity score weights are applied to

150



all reg ress ions .T he  Akaike information criterion (AlC), a measure of model 

information loss where a lower score indicates superior performance (Burnham and 

Anderson, 2004), was calculated in Stata for each regression as an additional 

indicator of model performance.®^

LOS as a sample parameter
As summarised in §2 Literature Review and Table 4.3.1, previous large studies in 

this field have often trimmed the sample of short- and long-stay patients. Replicating 

the most common limits (7<=LOS<=30) is not an option due to the LOS statistics of 

the 'PC4C’ sample (see Table 4.3.2). Only 38% (n=367) of the principal sample for 

economic evaluation had 7<=LOS<=30.

Table 4.3.2 Distribution of length of stay, principal sample (n=969)

Percentile 1% 5% 10% 25% 50% 75% 90% 95% 99%

LOS (days) 3 4 4 5 7 9 14 20 32

To maximise sample size while investigating the impact of defining the sample by 

LOS, I trimmed according to LOS percentile. To create sub-samples without 

longest-stay outliers I removed patients who stayed longer than 25 days (97. 

percentile) and 20 days (95^  ̂percentile): to create a sub-sample without shortest- 

stay outliers I removed patients who stayed less than four days (2.5‘^5 ‘  ̂percentiles): 

and to create a sub-sample with both longest- and shortest-stay outliers removed I 

performed both strategies simultaneously.

M odel (i) is there fore  the same as th a t used in the  principal analyses in §4.2.
AlC was not used in §4.2 because it cannot be com pared fo r d ifferent m odelling approaches (e.g. GLM  

versus OLS). In this section, note th a t AlC values can only be com pared betw een  d ifferent regressions for the  

sam e sample o f patients; it is not possible to  com pare AlC values m eaningfully for regressions on d iffe rent sub
samples.
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This generates four sub-samples, summarised in Table 4.3.3. Balance across 

treatment and comparison groups for each of the four sub-samples was achieved 

using a sample-specific propensity score (see §3.2.1 for an overview of propensity 

score ‘stratification’: see Appendix to §4.3 for an overview of the LOS-trimmed sub

samples and the propensity score matching process).

Table 4.3.3 Sub-samples defined by LOS, following propensity score matching

Sample
parameter

UC
(n=)

PC
(n=)

All
(n=)

Notes

4<= LOS<=25 717 200 917 Sample trimmed at 2.5**̂  & 97.5^^ LOS percentile

LOS<=25 700 242 942 Sample trimmed at 97.5*^ LOS percentile

LOS<=20 686 238 924 Sample trimmed at 95‘*̂ LOS percentile

4<=L0S 713 229 942 Sample trimmed at 2.5*Vs*^ LOS percentile

For each sub-sample I re-ran GLMs (i) to (v), and estimated incremental effect.

LOS as a dependent variable denominator
Regressions were re-run with daily cost (the ratio of total direct hospital costs and 

LOS) as the dependent variable for the whole sample and four sub-samples. These 

were calculated using only Model (i) (no LOS as a covariate) since LOS is already 

implicitly incorporated in the dependent variable.

Results

LOS as a covariate
The estimated incremental effects for PCCT intervention on costs for the principal 

sample (n=969) are given in Table 4.3.4.

It is clear that whether (and how) LOS is incorporated into regression as a covariate 

has an important impact on results. For the model with no LOS as a covariate
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(Model i), the estimated effect is negligible: +$153, equivalent to a 1.6% Increase in 

total hospital costs, with a p value of 0.83. Once log-transformed LOS is added to 

the equation (Model v), the estimated effect is large and significant: -$981, a cost 

reduction of more than 10%, with a p value of 0.008.

Table 4.3.4 Estimated incremental effect on total direct costs ($) (n=969), by use of LOS as 
a covariate

Model
Estimated 

incremental effect
95% Confidence Interval 

(Standard error)
P

value

AlC
[Successful

replications/1000]

/i\
Mean +153 -1266 t o +1572 (724) 0.83 10554

v)
Median +147 -1198 to 1493 (687) 0.83 [1000]

i iw
Mean -10386 -28339 to +7568 (9160) 0.26 10446

III)
Median -1104 -1781 to -428 (345) 0.001 [1000]

Mean -121168 -1906604 to +1664269 (910954) 0.89 10487
(III)

Median -814 -1689 to +60 (446) 0.06 [1000]

(iv)
Mean -107998 -7788513 to +7572518 (3918702) 0.98 10518

Median -480 -1538 to +579 (540) 0.37 [1000]

(V)
Mean -981 -1701 to -261 (367) 0.008 10390

Median -735 -1281 to -188 (279) 0.008 [1000]

AlC: Akaike information criterion; replications: bootstrap replications/1000 (per §3.2.1).

Additionally it is clear that the other three models are of little practical use, producing 

implausible estimates and very large confidence intervals which imply an absence of 

predictive power: Model (ii) estimates a mean incremental effect on costs which is 

higher than mean costs, while (iii) and (iv) deliver estimates more than 10 times 

larger again.
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To estimate mean effect on total costs, this leaves Models (i) [LOS not included as a 

covariate] and (v) [In(LOS) included as a covariate]. The results from these two 

models offer no overlap or consistency; any decision of one over the other has a 

decisive impact on the results reported.

On the estimates presented, Model (v) is superior to (i). The 95% Cl is more efficient 

(narrower) and it has the superior AlC (information loss) score. However, given that 

the estimates are mutually incompatible, and that (v) raises endogeneity concerns, it 

is clear both that use of LOS as a covariate matters and that there is insufficient 

justification for model selection in Table 4.3.4.

I infer that models (ii), (iii) and (iv) are not delivering reasonable results due to high 

values in the LOS tail skewing the mean treatment estimation once squared, cubed, 

etc. The median estimates for (ii), (iii) and (iv) are more plausible, but of little 

practical use-just as payers do not reimburse for log-transformed means, nor do 

they for median estimates.

To examine the performance of models (ii), (iii) and (iv) once extreme LOS values 

have been mitigated, LOS was capped at the percentile (20 days): any LOS 

over 20 days was recoded as 20 and (ii) to (v) re-run.

The results are given in Table 4.3.5. They reiterate the point that use of LOS as a 

covariate matters. The results are more consistent than in Table 4.3.4 but still 

exhibit non-negligible differences. In particular the two best performing models with 

regard to Cl and AlC are Models (ii) and (v), but these offer markedly different 

incremental-effect estimates and levels of statistical significance. The median 

results are now more consistent with the mean for each model, with a consistent

154



pattern of higher mean estimate reflecting the right-hand skew of the cost 

distribution.

Table 4.3.5 Estimated incremental effect on total direct costs {$) (n=969), by use of LOS as 
a covariate, LOS recoded so if 20<LOS then L0s=20

Model
Estimated incremental 

effect
95% Confidence Interval 

(Standard error)
p value

AlC
[Successful

replications/1000]

ltl\
Mean -1597 -2366 to -829(392) <0.001 10405

III)
Median -1136 -1691 to -581(283) <0.001 [1000]

(iii)
Mean -1617 -2438 to -796 (419) <0.001 10418

Median -1203 -1817 to -588 (313) <0.001 [1000]

(iv)
Mean -1549 -2408 to -691 (438) <0.001 10428

Median -1187 -1847 to -527 (337) <0.001 [1000]

(V)
Mean -673 -1449 to +103 (396) 0.09 10398

Median -518 -1125 to +89 (310) 0.09 [1000]

LOS as a sample parameter
The estimated mean incremental effects on cost for different sub-samples defined by 

LOS are given in Table 4.3.6 (4<=LOS<=25), Table 4.3.7 (LOS<=25),

Table 4.3.8 (L0s<=20), and Table 4.3.9 (4<=L0S®^).

A number of clear patterns are discernible.

Defining sub-samples by LOS has an impact on results without LOS as a covariate:

To avoid repetition  of the  problem s caused by long-stay outliers in M odels (ii, iii, iv) in Table 4 .3 .4 , LOS was 

recoded as a covariate for Table 4 .3 .9  regressions so tha t it was never g reater than 20 (per Table 4 .3 .5).
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• Removing both short- and long-stay outliers increases estimated cost-saving 

effect somewhat, although this effect is not statistically significant (Model (i) in 

Table 4.3.6 compared to Model (i) in Table 4.3.4).

• Removing only late-stay outliers increases estimated cost-saving effect, and 

this effect is statistically significant where LOS<=20 (Model (i) in Table 4.3.7, 

Table 4.3.8 compared to Model (i) in Table 4.3.4).

• Removing only short-stay outliers decreases estimated cost-saving effect 

somewhat, although this effect is not statistically significant (Model (i) in Table 

4.3.9 compared to Model (i) in Table 4.3.4).

As in Table 4.3.4, the choice to introduce an LOS covariate into the regression 

generally has a direct impact on the cost-effect estimate and the statistical 

significance of that estimate:

• Model (i) delivers a markedly different cost-effect estimate to Models (ii) to (v) 

in Table 4.3.6, Table 4.3.7 and Table 4.3.9. There is consistency between 

Model (i) and other Models only in Table 4.3.8.

Models using an LOS covariate deliver similar estimates irrespective of specific LOS 

transformation or sub-sample:

• Models (ii) to (v) deliver consistent results of a statistically significant saving in 

the $1100-$1600 range in Table 4.3.6, Table 4.3.7 and Table 4.3.8, and (with 

one quasi-exception - Model iii) in Table 4.3.9.

Model performance is consistent irrespective of sub-sample:
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• There is a consistent pattern in terms of which models minimise AlC 

(information loss) and Cl width (efficiency). The descending order of 

performance is always (v), (ii), (ill), (iv), (i) for AlC; this pattern generally holds 

for Cl width also, with Model (i) consistently the weakest performing, and (v) 

and (ii) the strongest.

• All models produce 1000 completed replications in the bootstrap process prior 

to cost-effect estimation. There is no basis on which to favour any model or 

sub-sample on performance at this stage.

• Excluding Models (ii), (iii) and (iv) in Table 4.3.4 (which are corrected in Table 

4.3.5), there is a clear observable consistency in the mean and median cost- 

effect estimates for each specific model in each table. Therefore with those 

three exceptions there is no prima facie evidence that any Model is delivering 

cost-effect estimates that are sensitive to outliers.
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Table 4.3.6 Estimated incremental effect on total direct costs {$), by use of LOS as a
covariate, 4<=LOS<=25 (n=917)

Model Estimated incremental 
effect

95% Confidence Interval 
(Standard error)

p value
AlC

[Successful
replications/1000

/:\
Mean -438 -1483 to +607(533) 0.41 8887

Median -425 -1437 to +587(516) 0.41 [1000]

(ii)
Mean -1386 -2081 to -691(355) <0.001 8812

Median -1118 -1671 to -564(282) <0.001 [1000]

(iii)
Mean -1269 -2235 to -302 (493) <0.001 8824

Median -1063 -1925 to -201(440) <0.001 [1000]

(iv)
Mean -1136 -1925 to -346 (403) 0.005 8835

Median -974 -1637 t o -311 (338) 0.004 [1000]

(V)
Mean -1466 -2076 to -855(312) <0.001 8796

Median -1173 -1666 to -680(251) <0.001 [1000]

Table 4.3.7 Estimated incremental effect on total direct costs ($), by use of LOS as a 
covariate, LOS<=25 (n=942)

Model
Estimated incremental 

effect
95% Confidence Interval 

(Standard error) p value
AlC

[Successful
replications/1000

(i)
Mean -877 -1957 to +203 (551) 0.11 9868

Median -863 -1911 t o +184 (534) 0.11 [1000]

(ii)
Mean -1517 -2202 to -832 (349) <0.001 9782

Median -1218 -1764 to -672 (279) <0.001 [1000]

(iii)
Mean -1489 -2173 to -806 (349) <0.001 9797

Median -1239 -1800 to -679 (286) <0.001 [1000]

(iv)
Mean -1408 -2209 to -608 (408) 0.001 9809

Median -1198 -1868 to -527 (342) <0.001 [1000]

(V)
Mean -1060 -1653 to -467 (303) <0.001 9763

Median -862 -1347 to -376(248) 0.001 [1000]
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Table 4.3.8 Estimated incremental effect on total direct costs ($), by use of LOS as a 
covariate, L0s<=20 (n=924)

Model
Estimated incremental 

effect
95% Confidence Interval 

(Standard error)
p value

AlC
[Successful

replications/1000]

(i)
Mean -1141 -1983 to -299 (430) 0.008 9664

Median -1127 -1950 to -304 (420) 0.007 [1000]

(ii)
Mean -1595 -2227 to -964(322) <0.001 9599

Median -1301 -1814 to -789 (262) <0.001 [1000]

(iii)
Mean -1609 -3134 to -84(778) 0.04 9611

Median -1371 -2641 to -101 (648) 0.03 [1000]

(iv)
Mean -1565 -2282 to -849 (366) <0.001 9620

Median -1379 -1999 to -758(317) <0.001 [1000]

(V)
Mean -1148 -2228 to -68(551) 0.04 9583

Median -958 -1793 to -122 (426) 0.03 [1000]

Table 4.3.9 Estimated incremental effect on total direct costs ($), by use of LOS as a
covariate, 4<=L0S (n=942)

Model
Estimated incremental 

effect
95% Confidence Interval 

(Standard error)
p value

AlC
[Successful

replications/1000]

(i)
Mean +773 -1307 to +2853 (1061) 0.47 9485

Median +741 -1258 to +2740(1020) 0.47 [1000]

(ii)
Mean -1423 -2249 to -596 (422) 0.001 9354

Median -1017 -1613 to -420 (304) 0.001 [1000]

(iii)
Mean -1358 -2773 to +56 (722) 0.06 9364

Median -1014 -2141 to +113 (575) 0.08 [1000]

(iv)
Mean -1253 -2159 to -347 (462) 0.007 9373

Median -967 -1657 to -277 (352) 0.006 [1000]

(V)
Mean -1193 -2357 to -30 (594) 0.04 9348

Median -917 -1775 to -59 (438) 0.04 [1000]
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LOS as a dependent variable denominator
The estimated incremental effects on daily cost (total direct hospital costs/LOS) 

using Model (i) (no LOS covariate) only are given for the principal sample and the 

four sub-samples in Table 4.3.10.

There is a greater consistency, with a statistically significant cost-saving effect 

irrespective of sample or sub-sample. Nevertheless, the largest estimate of -$174 is 

over 50% larger than the smallest of -$110, providing further evidence that precise 

approach to LOS controls directly influences incremental-effect estimates derived. 

Mean and median estimates are much more similar in magnitude than for total direct 

costs, reflecting lower skew in the daily cost distribution.

Table 4.3.10 Estimated incremental effect on daily direct costs ($), by LOS-defined sub
sample

Sample
Estimated incremental 

effect
95% Confidence Interval 

(Standard error)
p value

Principal
(n=969)

Mean -110 -195 to -24 (43) 0.01

Median -115 -203 to -27 (45) 0.01

4<=LOS<=25
(n=917)

Mean -174 -249 to -98 (38) <0.001

Median -180 -257 t o -103 (39) <0.001

LOS<=25
(n=942)

Mean -138 -215 to -61 (39) <0.001

Median -144 -223 to -65 (40) <0.001

LOS<=20

(n=924)

Mean -155 -227 to -82 (37) <0.001

Median -163 -239 to -88 (38) <0.001

4<=L0S
(n=942)

Mean -141 -227 to -54 (44) 0.001

Median -145 -234 to -56 (45) 0.001

Discussion
Previous economic evaluations of in-hospital palliative care consultation have 

consistently used GLMs (gamma, log) to estimate incremental effect on total cost but
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with inconsistent use of LOS as a covariate in regression and/or as a sample 

parameter. Also commonplace is the consideration of daily cost, i.e. the ratio of total 

cost to LOS, as a primary dependent variable.

Comparison of incremental-effect estimates derived using these methods confirm the 

reservations raised in §2 Literature Review.

Use of LOS as a covariate and/or as a sample parameter, and use of daily cost as a 

primary dependent variable, all have a marked effect on both the magnitude and 

statistical significance of incremental-effect estimates. Simply, the approach chosen 

in incorporating LOS in analysis has a direct bearing on results. These 

inconsistencies guard against the arbitrary introduction of LOS-control strategies into 

analysis. There is also little established guidance on the best approach.

Nonetheless the results do suggest the presence of unobserved heterogeneity within 

the sample requiring consideration and further analysis.

First, model performance in minimising Cl width and AlC information loss is 

consistently strongest for models that incorporate an LOS transformation as a 

covariate: on Cl and AlC, Model (i - without LOS) is inferior to model (v -  In(LOS)) for 

the whole sample (Table 4.3.4) and performs worse than all other models for all sub

samples (Table 4.3.6, Table 4.3.7, Table 4.3.8 and Table 4.3.9).

Second, estimated incremental effect on daily cost is consistently statistically 

significant. Daily costs are a fundamentally different dependent variable to total 

costs if LOS is systematically different between treatment and comparison groups, 

as it is with the ‘PC4C’ data (Table 4.1.4 and Table 4.1.5). Prior to the application of 

weights, patients in the treatment group exhibit a higher illness burden (Table 4.1.1),
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and higher total costs (Table 4.1.3) than comparison patients, but equivalent daily 

costs (Table 4.1.4). Regressing total and daily costs against treatment and a fixed 

list of covariates therefore yields different results.

There are two principal explanations for this trend in the data. Most plausibly, 

palliative care patients’ higher illness burden is resulting in longer LOS than 

equivalent comparison patients, and this difference is not being fully picked up by the 

propensity scores; this is given added weight by the consideration that long LOS can 

be a trigger for palliative care. Alternatively it is possible that the difference is 

explained by palliative care extending LOS, although there is little evidence for this in 

the literature and the idea runs counter to the focus of palliative care on patient 

preferences and transition management. If the former explanation is accepted then 

unobserved heterogeneity is prevalent in the analysis of total costs.

Third, a comparison of Model (i) results (i.e. incremental-effect estimates not using 

LOS as a covariate) highlights demonstrable difference. The comparison in Table 

4.3.11 shows that for all patients there is very little association between treatment 

and cost. If the sample is trimmed of both short- and long-stay outliers there is a 

jump to an estimated cost-saving effect, although this is not statistically significant. If 

5% of longest-stay outliers are removed, a large and significant incremental effect is 

observable.
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Table 4.3.11 Estimated incremental effect on total direct costs ($), by LOS-defined sub
sample, Model (i) (no LOS as covariate)

Sample
Mean estimated incremental effect 

(95% Confidence Interval)
p value

Principal (n=969) [per Table 4.3.4] +153 (-1266 t o +1572) 0.83

4<=LOS<=25 (n=917) [per Table 4.3.6] -438 (-1483 to +607) 0.41

LOS<=25 (n=942) [per Table 4.3.7] -877 (-1957 to +203) 0.11

L0s<=20 (n=924) [per Table 4.3.8] -1141 (-1983 t o -299) 0.008

Two important conclusions can be drawn from the results in Table 4.3.11.

First, the specific points at which the sample is trimmed by LOS has a direct impact 

on the incremental effects estimated as well as the statistical significance of those 

effects. There is no effect estimate emerging using LOS as a sample parameter that 

could be confidently reported as robust to sensitivity analysis.

Second, there is a significant incremental effect on total cost for a large majority of 

patients but that this effect is being masked by a small latent class of long-stay 

patients. Propensity score weights are not fully reflecting the heterogeneity of 

patients but in Tables 4.3.4 to 4.3.9 this is picked up by the introduction into the 

regression analysis of LOS as a covariate.

This leaves the question of the best approach to estimating incremental effect on 

costs using the ‘PC4C’ data unanswered.

The various strategies summarised in this section remain fundamentally sub-optimal. 

Use of LOS as a covariate introduces unquantifiable endogeneity into the analysis. 

Use of LOS as a sample parameter arbitrarily removes patients, losing information
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and weakening power. This approach also undermines the fundamentals of the 

project research design (which emphasises calculation of a counter-factual on the 

basis of observed covariates) and has limited practical value for informing practice 

(since clinicians cannot predict LOS at admission). Use of LOS as a dependent 

variable denominator gives fundamentally different results and for a variable that is 

of limited practicable value.

However, the results in this section represent strong evidence of unobserved 

heterogeneity in the data. The approach that minimises endogeneity concerns 

would be to run Model (i) (no LOS covariate) on the principal sample (n=969) to 

estimate effect on total cost. But the result from this calculation (Table 4.3.4) 

suggests a negligible association between treatment and cost, while the results from 

almost all other approaches suggest the presence of a strong association.

Accepting the conclusion that there is a negligible association would therefore miss 

important relationships evident in the data and potentially increase the risk of a type 

II error. In particular it appears that a small number of long-stay patients are 

masking a cost effect for the majority: this effect becomes visible if LOS is controlled 

for as a covariate, if long-stay outliers are removed or if daily costs are used as a 

dependent variable.

It raises the question of how the latent heterogeneity suggested by results in this 

section can be meaningfully identified using input data rather than output. In 

particular, what defines long-stay patients (other than LOS) and can this be 

meaningfully identified using input/baseline data? Identifying the latent classes in 

this way would help to estimate effects on cost that are more robust (identifying 

heterogeneity of effect) while circumventing the methodological concerns inherent to 

LOS controls (avoiding the endogeneity problem and selection by outcome).
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Conclusion
If and how LOS is controlled for in analysis has a substantial effect on results.

Use of LOS-control strategies in estimating incremental effect on costs risks 

undermining scientific integrity by weakening key elements of the methodology and 

analysis. Employment of these strategies is inherently arbitrary and little clear 

guidance exists to inform selection.

Nonetheless a comparison of results using different strategies strongly suggests 

unobserved heterogeneity in the sample. In particular a small number of long-stay 

patients appear to be masking an effect for the majority where no LOS-control 

strategy is employed.

These results pose a challenge in estimating cost effects. Ideally analysis would 

identify the latent class(es) using input data rather than output, therefore generating 

meaningful and robust cost-effect estimates that pick up heterogeneity of effect 

while using baseline data only, thus circumventing the weaknesses inherent in LOS- 

control methods.
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4.4 PCCT impact on hospital costs by time-to-consult 

Introduction
The previous section compared different approaches to incorporating length of stay 

(LOS) in estimating palliative care impact on cost of hospitalisation.

Regression not employing any such strategy suggested no association between 

treatment and cost in the ‘PC4C’ dataset. Once LOS is introduced as a covariate, a 

sample parameter or a dependent variable denominator then a statistically- 

significant cost-saving association is generally visible.

These LOS-control strategies are necessarily sub-optimal since LOS is associated 

with treatment (long LOS is an indicator of palliative care need) and the dependent 

variable (LOS and total cost of hospital are very closely correlated). However, not 

employing LOS as a covariate or sample parameter suggests no association 

between treatment and cost, and accepting this result would be to miss important 

relationships observable in the data. In particular, a small, latent class of long-stay 

patients appears to be masking an effect for the majority.

The clear question arising from this analysis is: what other factors define long-stay, 

high-cost patients, and can these be meaningfully identified using baseline/input 

data? If it is possible to pick up what is distinct about this latent class without relying 

on utilisation data then it will be possible to estimate cost effects that are robust and 

reflect sample heterogeneity without relying on sub-optimal LOS controls.

One potential factor is time-to-consult following admission. By definition, longer-stay 

patients have a greater scope to receive their first consultation after more days in 

hospital. This has particular implications in economic evaluations since cost is a 

cumulative variable: each day that a patient is in hospital prior to consult they are
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accruing costs that will appear in the primary dependent variable while not being 

amenable to treatment.

Palliative care is increasingly available earlier in the care trajectory and studies in the 

clinical literature report observable benefits (Temel et al., 2010, Adelson et al., 2013, 

Bakitas et al., 2014, Zimmermann et al., 2014), but there is little evidence on whether 

earlier treatment has economic benefits. This section therefore examines the 

association between time-to-consult following hospital admission and PCCT impact 

on cost.

Methods 

Research question
What is the impact of the PCCT intervention on hospital costs, incorporating time-to- 

consult following admission?

Primary analysis
The sample of patients was the principal sample for 'PC4C’ economic evaluation 

(n=969) summarised in §4.1. Generalised linear models (GLMs) with a gamma 

distribution and a log link were performed consistent with §4.2 . The primary 

association of interest was mean incremental PCCT effect on hospital costs (the 

mean estimated USD effect of moving a patient from the usual care group to 

palliative care group holding all other values constant) using bootstrapped standard 

errors (1000 replications), per §3.2 .1, §3.2.2 and §4.3 .

Primary independent variable was a binary treatment variable: was the patient seen 

by a PCCT within a specified time period? The summary statistics of time-to-consult 

for the intervention group are given in Table 4.4.1. Time-to-consult is clustered 

within two days of admission: 77% of PC patients were seen by a PCCT by the end 

of their second day in hospital.
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Table 4,4.1 Time-to-consult following admission (days) for PC patients discharged alive 
(n=256)

Min.
25*”
%ile

Median
75*h

%ile
90*”
%ile

95*”
%ile

Max. Mean

Days to 
first PCCT

0 0 1 2 6 10 31 2.3

Discussions with R. Sean Morrison, MD and a provisional literature review 

suggested no firm clinical basis on which to define treatment according to timeliness. 

Instead I performed five separate analyses differentiated by timing-sensitive 

definitions of treatment according to the distribution in Table 4.4.1: being seen by a 

PCCT (i) at any time during hospitalisation; (ii) within 20 days of admission (97.5% of 

all PC patients); (iii) within 10 days of admission (95%), (iv) within six days of 

admission (90%) and (v) within two days of admission (75%). These five definitions 

are not clinically significant but they preserve the sample size and so ensure efficient 

use of the data.

Patients who received PCCT after the timing cut-off for each definition 

(97.5" /̂95*'^/90*'^/75‘ )̂ were dropped from the respective analysis. This gives five 

over-lapping treatment groups defined by timeliness of the patients’ first consults. 

There is one comparison group sub-sample for all four analyses (n=713). See Table 

4.4.2.
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Table 4.4.2 Summary of sub-samples, by treatment definition, patients discharged alive

Treatment defined 
as within UC

(n=)

U 
II

a. All
(n=)

Proportion 
seen by 

PCCT

Mean total 
direct cost 

($)

Median 
total direct 

cost($)

Mean
LOS

(days)
days of hospital 

admission 
(percentile)

Any time (100%) 713 256 969 26.4% 9973 7400 8.2

20 (97.5%) 713 249 962 25.9% 9721 7336 8.0

10 (95%) 713 244 957 25.5% 9603 7300 7.9

6 (90%) 713 231 944 24.4% 9509 7230 7.8

2 (75%) 713 197 910 21.7% 9406 7196 7.7

Balance across treated and comparison groups for each of the five definitions of 

treatment was achieved with sub-sample-specific propensity scores (see 

§3.2.1 >Additlonal propensity scores for an overview of propensity score 

‘stratification’: see Appendix to §4.4 (Appendix 4.4a) for an overview of the time-to- 

consult sub-samples and weighting processes).

This overlapping treatment sub-sample approach was taken for three reasons. First, 

stratifying the treatment group by specific treatment days creates smaller sub- 

samples; balance between treatment and comparison arms within these smaller 

samples is generally weaker.

Second, I am interested less in the point-estimate effect for a consultation on a 

specific day than in the general association between treatment timing and effect on 

cost; by creating overlapping sub-samples I leverage a greater proportion of the data 

to examine this association and avoid over-specification of treatment.

Third, the most prominent methodological alternative - interaction terms, used by 

McCarthy et al. (2015) and discussed in §2 Literature Review -  is sub-optimal
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because it requires stratification of the sample by LOS (which has an endogeneity 

problem, per §4.3) and assumes balance of propensity score covariates between the 

comparison group and all treatment groups defined by consult timing, an assumption 

which may not be valid.

In examining several different definitions of treatment according to timing and re

calculating the propensity score for each sub-sample, samples are always matched 

on baseline characteristics for a clearly defined intervention. All patients had the 

opportunity to receive treatment in all analyses because I am defining it as within x 

days of admission, not as specifically on the xth day.

Additional predictors were the 33 covariates included in the principal sample 

propensity score and summarised in Table 3.2.1, and fixed site effects for each 

hospital. Where propensity scores were balanced using a slightly different set of 

covariates, regressions were still performed with the list of 33 covariates to ensure 

direct comparability of effect estimates.®^ No LOS covariate was included in any 

regression.

Secondary analyses
I re-ran the primary analysis with secondary dependent variables: (i) length of stay; 

(ii) daily direct hospital costs (total cost/LOS), and (iii) total direct costs for major 

utilisation categories.

Additionally I analysed the descriptive cost data of intervention group patients 

according to time-to-consult in two ways: (iv) I calculated the costs accumulated in 

proportional and absolute terms by patients prior to their first consultation (i.e. those

A sensitivity analysis w here  only sample-specific covariates w ere  included in regressions produced very  

sim ilar results. A fixed list of covariates was em ployed to  m axim ise com parability  o f results.
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costs that are in the dependent variable but by definition not amenable to treatment), 

and (v) I compared the day-to-day cost trajectories of patients according to time-to- 

consult.

Confirmatory analyses^'*
To check the robustness of my primary analysis I performed confirmatory analyses 

on results, re-running analyses with (a) late-consult outliers moved to the control 

group (rather than being excluded from the analysis), (b) long-stay outliers removed 

from both treatment and comparison groups, and (c) patients who died during 

hospitalisation pooled with those discharged alive.

Finally, consistent with the conclusions of §4.2, I performed sensitivity on the model 

specification by re-running GLM regressions without propensity score weights, and 

with an OLS specification.

Results 

Primary analysis
Estimates of incremental PCCT effect on total cost taking into account time-to- 

consult are given in Table 4.4.3.

The results demonstrate a clear pattern: earlier treatment is associated with larger 

cost-saving effect. PCCT interventions within at least 6 days of admission had an 

estimated mean effect of -$1312 (95% Cl: -2568 to -56; p=0.04) compared to no 

intervention and within two days of -$2280 (95% Cl: -3438 to -1122; p<0.001). The 

magnitude of cost-saving implied is 14% of total hospital cost for a consult within six 

days and 24% for a consult within two days.

N ote: As an add itional analysis for tim e-to-consult I also a tte m p ted  to  m odel tre a tm e n t as a 'dose e ffect’ 
continuous variable. Due to  the distribution of consult tim ing (Table 4 .4 .1 ) it was not possible to  m odel or 

retransform  th e  tim ing to  achieve a normal distribution. The analysis the re fo re  produced no o utpu t and is not 
reported  further.
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The estimated effect of treatment at any time is negligible. Removing late-consult 

outliers from the sample precipitates a jump to a non-negligible cost-saving estimate; 

a small number of high-cost, late-consult patients are masking a cost effect for the 

majority in the ‘any time’ result.

Table 4.4.3 Estimated incremental effect on total direct costs ($), by treatment timing, 
patients discharged alive

Treatment defined as 
within davs of 
hospital admission 

(percentile)

UC

(n=)

PC
(n=)

All

(n=)
Estimated incremental effect 

(95% Cl)
P value Implied

saving*̂

Any time (100%) 713 256 969 +153 (-1266 to +1572) 0.83 (2%)

20 (97.5%) 713 249 962 -706 (-2007 to +596) 0.29 7%

10 (95%) 713 244 957 -927 (-2284 to +429) 0.18 10%

6 (90%) 713 231 944 -1312 (-2568 to -56) 0.04 14%

2 (75%) 713 197 910 -2280 (-3438 t o -1122) <0.001 24%

Secondary analyses
First, I re-ran the primary analysis with LOS as the dependent variable. The results 

are in Table 4.4.4. The same pattern is visible but the association between the 

intervention and the dependent variable is weaker in this case. The any-time 

treatment estimate suggests a small, non-significant increase in LOS; removing late- 

consult outliers changes the coefficient to negative and as treatment definition is 

tightened the estimated effect grows. Only for patients who were seen by a PCCT 

within two days is the effect statistically significant.

In hospital costs from  receiving tre a tm e n t com pared to  receiving usual care only. This is tru e  fo r all 
subsequent tables o f Increm ental effect on cost.



Table 4.4.4 Estimated incremental effect on length of stay (days), by treatment timing, 
patients discharged alive

Treatment defined as 
within davs of 
hospital admission 

(percentile)

UC

(n=)

U 
II

a. 
c

All

(n=)
Estimated incremental effect 

(95% Cl)
P

value
Implied

reduction®®

Any time (100%) 713 256 969 +0.6 (-0.3 to +1.5) 0.18 (8%)

20 (97.5%) 713 249 962 -0.1 (-0.9 to +0.7) 0.81 1%

10 (95%) 713 244 957 -0.3 (-1.0 to +0.4) 0.41 4%

6 (90%) 713 231 944 -0.5 (-1.3 to +0.2) 0.14 6%

2 (75%) 713 197 910 -1.0 (-1.7 to -0.2) 0.009 13%

Second, I re-ran the primary analysis with daily direct cost as the dependent 

variable. The results are given in Table 4.4.5.

Table 4.4.5 Estimated incremental effect on daily direct costs ($), by treatment timing, 
patients discharged alive

Treatment defined as 
within davs of 
hospital admission 

(percentile)

UC

(n=)

PC

(n=)

All

(n=)
Estimated incremental effect 

(95% Cl)
P value

Implied
saving

Any time (100%) 713 256 969 -110 (-195 to -24) 0.01 9%

20 (97.5%) 713 249 962 -117 (-200 to -33) 0.006 9%

10 (95%) 713 244 957 -117 (-209 to -26) 0.01 9%

6 (90%) 713 231 944 -122 (-207 to -37) 0.005 10%

2 (75%) 713 197 910 -161 (-248 to -75) <0.001 13%

Compared to Table 4.4.3 the estimated effect is consistently statistically significant 

irrespective of time-to-consult definition. Consultation at any time during

In to ta l length of hospital stay from  receiving trea tm en t com pared to  receiving usual care only. This is true  

fo r all subsequent tables o f increm ental effect on LOS.
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hospitalisation is estimated to reduce daily hospital costs by 9% (p<0.01) and 

estimates continue to show a statistically-significant 9-13% reduction with the largest 

saving for the earliest treatment.

Third, I analysed the underlying utilisation categories from which observed cost- 

savings are being drawn. In §2 Literature Review and §4.1 I highlighted that the 

five ‘major’ utilisation categories in previous studies and in the ‘PC4C’ data are room 

and board, ICU costs, pharmacy, laboratory and imaging. For room and board, 

pharmacy, laboratory and imaging I re-ran the primary analysis with direct costs 

attributable to each specific category as a dependent variable.

For ICU costs a different approach was required. ICU costs have a particular 

distribution with 89% of patients having a zero value (see Table 4.1.6). This results 

in the standard weighted GLM for all patients against ICU costs failing to converge 

and deliver a treatment estimate, and the sub-sample of patients with non-zero ICU 

costs is too small to calculate a new propensity score (n=111).

As a substitute I ran an unweighted GLM on this sub-sample with ICU costs as the 

dependent variable. The ICU estimates are therefore drawn from treatment and 

comparison groups that are not matched on observed covariates. Sensitivity 

analyses of the primary analysis show that unweighted regressions typically estimate 

a smaller cost-saving effect than weighted regressions because the weights 

compensate for the higher illness burden among palliative care patients.®^ The ICU 

sub-sample (n=111) demonstrates similar traits with PC patients having significantly 

longer length of stay and a trend towards higher symptom burden, though with few

For comparisons of weighted and unw eighted regressions, see Appendices 4 .4c  and 4.5c.
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significant associations in a small sample.®® All else being equal, therefore, the ICU 

results are potentially under-estimates of the cost-saving effect, but it is not possible 

to verify with a weighted analysis.

The results by utilisation category are given in Table 4.4.6. Laboratory costs are 

found to be significantly reduced for all definitions of treatment timing, and the 

magnitude of this effect is greater for earlier treatment (from 26% for the intervention 

at any time to 51% for an intervention within two days of admission). For other 

categories, statistically significant results are observable for pharmacy and ICU when 

the first consult was performed within two days of admission. Moreover for all 

categories coefficients and p values decrease with time-to-consult, i.e. earlier consult 

appears to be associated systematically with lower costs in all major cost categories.

There is one anomalous result in the top-left box: palliative care is associated with 

higher room and board costs when the intervention is defined as at any time. This 

result is not robust to sensitivity analysis (there is no significant association once 

timing-sensitive definitions of treatment are employed, and would not persist if high- 

utilization outliers were removed). I therefore infer that it is attributable to the 

inadequacy of the model where treatment is not timing-sensitive and LOS is not 

controlled for in any way.

For details, see Appendix 4 .4b .
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Table 4.4.6 Estimated incremental effect on total direct costs ($), 'major' utilisation categories, by treatment timing, patients discharged 

alive

Treatment defined as 
within days of 

admission (%ile)
Room and board icu“ Pharmacy Laboratory Imaging

All (100%)
+536 (+141 to +932) 

0.008

-255 (-1495 to +984) 

0.69

+180 (-259 to +619) 

0.42

-149 (-228 to -71) 

<0.001

-3 (-146 to +140) 

0.96

20 (97.5%)
+352 (-23 to +726) 

0.07

-696 (-1757 to +365) 

0.20

+56 (-400 to +513) 

0.81

-185 (-260 to -110) 

<0.001

-33 (-174 t o +109) 

0.65

10(95%)
+169 (-190 to +528) 

0.36

-625 (-1588 to +339) 

0.20

-162 (-538 to +214) 

0.40

-207 (-433 to -19) 

<0.001

-37 (-147 to +74) 

0.52

6 (90%)
+42 (-286 to +370) 

0.80

-842 (-1878 to +193) 

0.11

-253 (-1313 to +806) 

0.64

-228 (-303 to -154) 

<0.001

-73 (-206 to +61) 

0.28

2 (75%)
-144 (-1113 to +825) 

0.77

-1162 (-2133 to -191) 

0.02

-332 (-651 to -13) 

0.04

-285 (-525 to -45) 

0.02

-136 (-283 to +12) 

0.07

Legend: effect in $ (95%CI)

p value

ICU regression results generated  using an unw eighted, bootstrapped GLM. All o ther category results generated using a w eigh ted , bootstrapped GLM consistent w ith  the  

prim ary analysis. See tex t fo r details.



Fourth, I examined unadjusted cost data to further inform the findings from the 

regression. In particular, a later intervention by definition has diminished capacity to 

affect the dependent variable because my primary dependent variable is costs 

incurred during the hospitalisation. That is, those patients who wait longer before 

seeing a PCCT than the rest of the intervention group accrue a higher level of costs 

prior to treatment. Additionally, by definition later consults are associated with 

longer-stay patients, who have higher total costs than the rest of the group. I 

compared the absolute and proportional costs being incurred, by time-to-consult 

strata.

The results are given in Table 4.4.7. Costs prior to consult are greater when time-to- 

consult is greater in both absolute and proportional terms. In particular, the earliest 

consult patients (within two days) notably incur a minority of their costs (28%) prior to 

seeing a PCCT whereas all other strata incur a majority of their costs prior to a 

treatment, with the highest proportion (82%) attributable to the latest consults. There 

is also a clear association between time-to-consult and length of stay.
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Table 4.4.7 Utilisation summary, by time-to-consult, PC patients discharged alive (n=226^°)

t days to 
first peer

PC
(n=)

Mean LOS 
(days)

Mean total 
direct costs ($)

Mean total 
direct costs 
prior to first 

PCCT ($)

Proportion of 
costs incurred 
prior to first 

PCCT

20<t 5 36 55497 44814 82%

10<t<=20 4 33 33194 15831 60%

6<t<=10 9 15 17983 11775 67%

2<t<=6 31 10 13260 6755 59%

t<=2 177 7 8692 2072 29%

Fifth, it is possible that later consults are qualitatively different to earlier consults, 

leading to diminished impact on cost. For example, an earlier consult may focus on 

goals-of-care discussions and symptom management, but a later consult may focus 

more on discharge planning, limiting its influence on subsequent in-hospital 

treatment decisions.

Thus, I examined the average day-by-day cost trajectory for intervention group 

patients discharged alive, separated into ‘early’ treatment (within six days, where 

there is a significant association between treatment and total cost) and ‘later’ (after 

six days), in order to examine whether there were differences in cost trajectories 

across the groups. See Figure 4.4.1.

The strata follow a similar trajectory: in the five days following consult, costs fall by 

22% in the ‘earlier’ group and 18% in the ‘later’ group.

Day-specific cost data available only for th ree  sites (site 2 did not collect data in this w/ay). Day-to-day  

analysis in Table 4 .4 .7  and Figure 4 .4 .1  the re fo re  use n=226, all PC patients fo r sites 1, 3 and 5.
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Figure 4.4.1 Day-by-day direct cost trajectories of intervention patients, by time-to-consult
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Costs are also falling prior to palliative care treatment, as is typical over the course of 

length of stay. There is no evidence in the trajectories that later consults have less 

of an impact on cost once the consult has been performed.

Confirmatory analyses
I performed a series of additional analyses to confirm the robustness of the primary 

analysis.

First, it is possible that the late-consult patients excluded from the analysis as 

definition of treatment was tightened differ systematically from earlier-consult 

patients. If so, removing these patients may have a substantive impact on results.

To address this possibility, I re-ran the primary analysis with late-consult outliers re

categorised as controls. The results are given in Table 4.4.8.
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Table 4.4.8 Estimated incremental effect on total direct costs ($), by treatment timing, 
patients discharged alive; late-consult outliers moved to control group

Treatment defined as 
within davs of 
hospital admission 

(percentile)

UC
(n=)

PC
(n=)

All
(n=)

Estimated incremental effect 
(95% Cl)

P value Implied
saving

Any time (100%) 713 256 969 +153 (-1266 to  +1572) 0.83 (2%)

20 (97.5%) 719 249 968 -641 (-2001 to  +718) 0.36 6%

10 (95%) 725 242 967 -1263 (-2599 to  +73) 0.06 13%

6 (90%) 737 232 969 -1993 (-3309 to  -678) 0.003 20%

2 (75%) 772 197 969 -3262 (-4479 to  -2045) <0.001 32%

For two sub-samples one or two patients were not supported by the propensity score (see Appendix 
4.4a/Table 2); incremental-effect estimates were calculated using only patients supported by the 
relevant propensity score.

They are substantively similar to those in Table 4.4.3 with a clear association 

between earlier consult and cost-saving effect, and again this effect is found to be 

statistically significant where the first consult was within six days. The implied 

proportional saving with this method is larger for the earliest consults as a small 

number of high-cost outliers are being moved to the control group for these 

calculations instead of excluded.

Second, my method in trimming by time-to-consult is indirectly trimming the 

treatment group by LOS since late-consult outliers stay longer in hospital. If there 

are differences between short- and long-stayers that are not fully reflected in the 

propensity score weights then in trimming the treatment but not the comparison 

group by LOS I may be biasing my results towards incorrect rejection of the null 

hypothesis (i.e. a type I error).

To check the robustness of these results controlling for long LOS I re-ran the primary 

analysis, trimming the sample so that LOS was never greater than day of first
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palliative care consult for each definition of treatment: L0s<=20 where treatment is 

defined as within 20 days, L0s<=10 where treatment is defined as within 10 days, 

L0S<=6 where treatment is defined as within six days. The results are given in 

Table 4.4.9.

Table 4.4.9 Estimated incremental effect on total direct costs ($), by treatment timing, LOS 
outliers removed from both treatment & comparison arms

Treatment defined as 
within davs of 
hospital admission^^

UC
(n=)

PC
(n=)

All
(n=)

Estimated incremental effect 
(95% Cl)

P value
Implied
saving

20 days (and L0s<=20) 686 238 924 -1141 (-1983 to -299) 0.008 13%

10 days (and L0s<=10) 583 192 775 -1376 (-2047 to -705) <0.001 18%

6 days (and L0S<=6) 360 114 474 -1304 (-1950 to -659) <0.001 20%

These suggest the same relationship between earlier treatment and larger 

proportional cost-saving, confirming that the primary analysis does not reflect 

trimming of treatment group patients while keeping the comparison group constant. 

Indeed, estimated cost effect is larger and more often statistically significant using 

this method.

Third, a sensitivity analysis was performed to check the robustness of results once 

patients who died during admission (n=54)^^ are included. A repeat of the primary 

analysis on all patients irrespective of discharge status (n=1,021 following propensity 

score matching, see Appendix 4.4a) is given in Table 4.4.10. Again, results did not 

alter substantively, although any difference between survivors and decedents would 

likely be masked given the respective size of the sub-samples. The magnitude of

Patients w ho saw a consult w ith in  72 hours of discharge excluded as there  was insufficient tim e  for 

tre a tm e n t to  exert any im pact on cost.
Died during hospitalisation, n=51; data missing on survival, n=3.
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estimates is larger in tliis analysis, consistent with previous studies that cost effect is 

larger for decedents than survivors.

Table 4.4.10 Estimated incremental effect on total direct costs ($), by treatment timing, 
decedents pooled with patients discharged alive

Treatment defined as 
within davs of 
hospital admission

UC
(n=)

PC
(n=)

All
(n=)

Estimated incremental 
effect (95% Cl)

P value Implied
saving

Any time 735 286 1021 -56 (-1705 to +1592) 0.95 1%

20 735 279 1014 -816 (-242810 +796) 0.32 8%

10 735 270 1005 -1301 (-2821 to +218) 0.09 13%

6 735 254 989 -2309 (-3867 to -751) 0.004 23%

2 735 210 945 -3567 (-5200 to -1933) <0.001 36%

Finally, I performed sensitivity on the model specification by re-running the primary 

analysis without propensity score weights, and with an OLS specification (see 

Appendix 4.4c). The results are substantively similar and the weighted GLM results 

are therefore accepted as valid.

Discussion
The results in this section demonstrate that PCCT intervention within six days of 

hospital admission is associated with reduced hospital costs, and that earlier 

consultation is associated with larger effect on cost (Table 4.4.3). This pattern of 

results is robust in confirmatory analyses incorporating late-consult outliers as 

controls (Table 4.4.8), controlling for long LOS outliers (Table 4.4.9) and pooling 

decedents alongside patients discharged alive (Table 4.4.10), and in sensitivity 

analyses comparing results with different model selection (Appendix 4.4c).

Secondary analysis shows that the cost-savings are attributable to a combination of 

reduced LOS and reduced intensity of hospital stay. LOS is estimated to be reduced



by one day (13%) when the intervention was within two days of admission compared 

to usual care patients (Table 4.4.4). A PCCT intervention significantly reduces 

laboratory costs for all categories of treatment timing, and this is associated with 

time-to-consult (Table 4.4.6). Earlier consult also appears to reduce systematically 

the other major utilisation categories of room and board, ICU, pharmacy and 

imaging. For ICU and pharmacy the relationship is statistically significant when 

palliative care consult occurred within two days of admission.

The effect estimates for daily cost, which suggest a significant association between 

intervention and cost for all categories of timing (with earlier treatment exerting a 

larger effect) (Table 4.4.5), ought to be interpreted carefully. The fact that PCCT is 

estimated to significantly reduce daily cost irrespective of timing is due to the fact 

that LOS is higher among PC patients (Table 4.1.5); this means that daily costs 

between treatment and comparison groups are very similar (Table 4.1.4) while total 

costs are quite different (Table 4.1.3). The principal conclusion of this analysis -  that 

earlier intervention has larger effect -  is verified by the daily cost results but the 

differing levels of significance bear out the fact that daily cost is a fundamentally 

different variable to total cost.

Taking the secondary analyses together I infer that the cost-savings reported in the 

primary analysis are derived primarily from palliative care reducing intensiveness of 

treatment during hospitalisation, and also from some reduction in LOS if the 

intervention is provided early. These reductions are larger for an earlier intervention.

The significance of consult timing does not appear to be qualitative, for example with 

later consults reflecting different patterns of care or consultation team influence. A 

comparison of day-to-day cost trajectories for earlier and later consult patients shows
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no evidence of different effect on costs once the consult has been administered 

(Figure 4.4.1). Rather, the difference is structural: patients who receive a later 

consult have systematically accrued higher costs prior to consult than early-consult 

patients (Table 4.4.7). These costs are included in the dependent variable yet by 

definition are not amenable to treatment.

These results have a number of implications for both provision of care to patients 

with serious illness and for research in this field, contingent on the ‘non-inferiority’ 

assumption that outcomes from the intervention are at least as good as those from 

the comparator.®^

First, to maximise the cost-saving potential of palliative care and improve 

management of scarce resources, PCCTs should be involved in the care and 

decision-making of appropriate patients from an early stage of their hospitalisation. 

This is consistent with a growing body of clinical research suggesting that earlier 

palliative care access should be more widely implemented.

Second, there is substantial scope to realise currently untapped value from PCCT 

interventions. In the ‘PC4C’ study less than a quarter of patients with an advanced 

cancer diagnosis admitted to hospitals with well-established palliative care 

programmes were seen by a PCCT within six days of admission. This is not an 

issue of PCCT capacity at the study sites; instead it reflects a widespread tendency 

among primary physicians not to consult with palliative care teams concurrently with 

curative care (personal communication, R. S. Morrison, June 2013). My results

For details o f this assum ption in the w ider context o f econom ic evaluation and palliative care evidence, see 

§2.4>Form s o f econom ic evaluation  and subsequent sub-sections.
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provide further evidence that benefits would be realised through increased take-up of 

palliative care consultation services by primary physicians.

Third, analysis of the underlying causes of cost-savings suggests reduced resource- 

intensity and, for early palliative care, reduced LOS. Previous research has 

suggested mixed results on PCCT impact on LOS, in part due to inconsistent 

methodology (Cassel et al., 2010); the application of robust methods using a large 

primary dataset offer strong evidence that early treatment reduces hospital stay.

The sources of reduced utilisation are similar to those found in §2 Literature 

Review, where different studies found different categories to be significant, possibly 

reflecting different samples. For the ‘PC4C’ data incremental effect on major 

utilisation categories was found to be significant only for laboratory costs, plus 

pharmacy and ICU for an early intervention, but earlier treatment appears to be 

associated with lower costs across all major categories. Interpretation of the 

statistically significant associations therefore implies that the intervention reduces 

costs by reducing the numbers of tests and drugs to which patients are subjected, as 

well as minimising time in the ICU. But the systematic association between earlier 

interventions and lower imaging costs implies that this association might also be 

found to be significant with a larger sample size. The category for which the 

intervention has the weakest effect is room and board; even though an early 

intervention reduces LOS, a high proportion of room and board costs are incurred at 

admission, meaning that this category is not impacted in the same way.

For a discussion o f how future research can investigate fu rther how the PCCT intervention realises the causal 
effects reported in this thesis, see §5.3.3>Further evidence on how a PCCT operates would extend my results.
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Fourth, it appears a mis-specification to measure PCCT incremental effect on cost 

assuming homogeneity of effect irrespective of consult timing. As detailed in §2 

Literature Review, prior studies have not incorporated timing into analysis but have 

controlled for LOS. My results show not only that incremental effect varies by time- 

to-consult but that this is a structural issue relating to the cumulative nature of costs 

as a dependent variable. The assumption of homogenous incremental effect 

irrespective of timing will therefore typically be false, increasing the risk of a type II 

error; timing directly influences the proportion of the dependent variable that 

treatment can affect. Moreover, late-consult patients are systematically higher cost 

patients, meaning that where homogenous effect is assumed these patients have a 

larger impact on mean cost estimates even though their treatment is less likely to 

have a chance to affect the dependent variable. Patients who receive a consult late 

in their hospital stay are therefore less representative of the intervention studied and 

more influential on the incremental effect estimated than other patients. While this 

can be indirectly controlled for by employing LOS strategies it is both more rigorous 

and more useful to do so by incorporating timeliness explicitly in analyses.

Fifth, combined with §4.2 and §4.3, this section affirms reservations about research 

methods incorporating LOS to control for unobserved heterogeneity. Mean 

incremental estimates for the whole sample using such strategies, and mean 

incremental effect on daily cost would typically show significant associations 

between treatment and cost irrespective of timing -  conclusions that are not robust 

to sensitivity analysis. This section shows that by identifying a substantive source of 

heterogeneity that is connected to LOS but does not truncate the sample by 

outcome, results are attained that are both more robust (minimising endogeneity 

concerns and robust to sensitivity analyses) and more informative (revealing for the
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first time the clear and important association between intervention timing and cost 

effects, and thus the limits of the assumption of incremental effect homogeneity). To 

the extent that earlier consultation is associated with more complex patients, 

methods that incorporate timing may also be incorporating unobserved clinical 

complexity.

Conclusion
Timely PCCT intervention following admission reduces hospital costs and earlier 

intervention is associated with a larger cost-saving effect. These results are robust 

to sensitivity and confirmatory analyses, and have implications for the organisation of 

hospital care to patients with serious illness. In particular results obtained using 

these methods are more robust and reveal new and useful information for 

organisation of, and research on, these interventions.

187



4.5 PCCT impact on hospital costs by patient multimorbidity 

Introduction
In §4.3 I used the ‘PC4C’ data to demonstrate the sensitivity of incremental-effect 

estimates to length of stay (LOS) controls: the estimated impact of palliative care 

consultation teams (PCCTs) on hospital costs is substantively influenced by how the 

regression Is specified, which patients are included, and which dependent variable is 

prioritised.

In §4.4 I illustrated that these differences are (at least partly) attributable to 

heterogeneity of incremental effect within the sample. Rather than choosing 

between the different (often mutually exclusive) mean incremental-effect estimates 

observable for the whole sample in §4.3, and using LOS methods to control for 

unobserved factors, I argued that it is preferable to identify the latent classes within 

the sample when treatment does (or does not) have a significant effect using 

baseline data only. In particular, §4.4 showed that earlier consultation is strongly 

associated with a larger cost-saving effect, and (in contrast to estimates controlling 

for LOS) this result is robust to multiple sensitivity analyses.

Where there is significant incremental-effect heterogeneity within a sample, sub- 

sample-specific results providing evidence of where treatment is (and is not) 

effective are valuable for at least two reasons. First, they represent more reliable 

estimates than whole-sample estimates using LOS controls, which are sensitive to 

specification and potentially suffer endogeneity problems. Second, they can inform 

organisation and provision of care by identifying in more detail how scarce resources 

are best allocated.

The §4.4 results that time-to-consult is strongly associated with incremental effect on 

cost represents a service-level factor; the results stem from the way that care is
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delivered. Another potentially important source of incremental-effect heterogeneity is 

patient-level factors; cost-effect differences may also be observable according to 

whom they are delivered.

One potentially important patient-level factor is multimorbidity (the presence of more 

than one chronic condition). The relationship between multimorbidity and healthcare 

costs is well established: for example, among Medicare beneficiaries, the 36% of 

patients with four or more serious co-occurring conditions account for 74% of 

programme spending, while ttie 14% with six or more conditions account for 47% of 

the budget (Lochner et al., 2013). Health expenditure on serious chronic illness in 

high-income countries in general and in the United States in particular is projected to 

exhibit prodigious growth over the next two decades.®®

As demonstrated in §2 Literature Review, no study has examined PCCT cost effect 

by patient-level factors (with the quasi-exception of interaction terms in McCarthy et 

al. (2015)) and no study has focused on the association between treatment, cost and 

multimorbidity. Evidence on this relationship will therefore inform the organisation 

and provision of cost-effective care to patients with serious illness.

Prior to analysis there are two competing hypotheses on the direction the 

relationship will take. Specialist palliative care is by definition a complex intervention 

conceived primarily for patients with serious illness and functional impairment. 

Multiple chronic conditions work together synergistically (rather than additively) to 

increase difficulties with finding appropriate medications and treatment regimens that 

work for all conditions (Ritchie and Zulman, 2013), and so in the abstract one might

For a summary of these trends, see §1 Introduction.
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expect the intervention to have greatest effect where patient need is most complex. 

However, the analyses in §4.3 showed a lower incremental effect on cost for longer- 

stay patients. While this association has been shown to be substantively attributable 

to consultation timing in §4.4, it may also be attributable to a small number of highly 

complex patients who due to their needs are persistently high-utilisation irrespective 

of treatment choices, and for whom a cost effect will therefore never be observable.

Methods

Research question
What is the impact of the PCCT intervention on hospital costs, for samples defined 

by multimorbidity?

Primary analysis
To examine specifically patients with multimorbidity I extracted the number of 

baseline comorbidities on the Elixhauser scale (Elixhauser et al., 1998) from the 

principal sample (n=969). The summary statistics are given in Table 4.5.1.

Table 4.5.1 Summary statistics, number of comorbidities at baseline (n=969)

Baseline Number of Comorbidities 

(Elixliauser Total)

Usual care 

(n=713)

Palliative care 

(n=256)

All

(n=969)

Mean 3.2 4.0 3.4

Median 3 4 3

Maximum 11 10 11

75*  ̂Percentile 4 5 5

25**’ Percentile 2 3 2

Minimum 0 0 0
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There are 774 patients with multimorbidity (typically one or more serious conditions 

in addition to advanced cancer; for details see Appendix 4.5b) and this distribution 

allows me to create four overlapping sub-samples of sufficient size to support a 

propensity score: patients with 2<=Ellxhauser Total, 3<=Elixhauser Total, 

4<=Elixhauser Total, and 5<=Elixhauser Total.

Balance across treatment and comparison groups for each of the four sub-samples 

was achieved using a sample-specific propensity score (see §3.2 for an overview of 

propensity score ‘stratification’; see Appendix 4.5a for an overview of the 

multimorbidity sub-samples and their propensity score weights).

Overlapping sub-samples in which less complex patients are incrementally removed 

was chosen instead of mutually exclusive sub-samples (Ellxhauser Total=2, 

Ellxhauser Total=3, etc) for two reasons. First, the latter method entailed small 

sample sizes with a poorer balance across treatment and comparison groups. 

Second, I am interested less in a specific effect for patients with a specific number of 

comorbldltles than In the overall association between effect and complexity. This 

approach allows me to examine this relationship using more of the data and with 

sub-samples that are not over-specified.

Regression methods were consistent with those used In previous sections: 

generalised linear models (GLMs) with a gamma distribution and a log link 

estimating incremental effect on total direct hospital costs using bootstrapped 

standard errors (1000 replications).

Primary Independent variable was a binary treatment variable: was the patient seen 

by a PCCT within 10 days of admission? In the context of results in §4.4 this is a 

definition of treatment for which there is no statistically significant Impact on cost in
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the overall sample but from which the 12 PC patients with the latest consults are 

removed as particularly unrepresentative of the intervention and unhelpful in 

estimating incremental effect on costs.

Additional predictors were the 33 covariates included in the principal sample 

propensity score and summarised in Table 3.2.1, and fixed site effects for each 

hospital. Where propensity scores were balanced using a slightly different set of 

covariates, regressions were still performed with the list of 33 covariates to ensure 

direct comparability of cost-effect estimates. No LOS covariate was included in any 

regression.

Secondary analyses
I re-ran the primary analysis with secondary dependent variables: (i) length of stay, 

(ii) daily direct hospital costs (total cost/LOS), and (iii) direct total cost for major 

utilisation categories.

I also checked the robustness of the association between time-to-consult and cost 

effect (per §4.4) in the context of sub-samples defined by multimorbidity.

Confirmatory analyses
To check the robustness of my primary analysis I performed confirmatory analyses 

on results, re-running analyses with (a) late-consult outliers reclassified as controls 

(instead of excluded from analysis), and (b) patients who died during hospitalisation 

included alongside those discharged alive.

Finally, consistent with the findings of §4.2, I performed sensitivity analyses on the 

model specification by re-running regressions without propensity score weights, and 

with an OLS specification.
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Results 

Data summary
An overview of propensity score matching for the four sub-samples is given in 

Appendix 4.5a.

Summary unweighted utilisation data for the matched sub-samples are given in 

Table 4.5.2. As less complex patients are removed from the sample there is a 

systematic increase in the proportion of patients seen by a PCCT, in total direct 

costs and in length of stay (LOS).

Table 4.5.2 Summary of sub-samples, by Elixhauser total at baseline, PC within 10 days, 
patients discharged alive

Sample

U 
II

PC
(n=)

All
(n=)

Proportion 
seen by 

PCCT

Mean 
total cost

(S)

Median 
total cost 

($)

Mean LOS 
(days)

All [Table 4.4.2] 713 244 957 25.5% 9603 7300 7.9

2+ Comorbidities 553 221 774 28.6% 9688 7471 7.9

3+ Comorbidities 436 187 623 30.0% 9946 7698 8.1

4+ Comorbidities 296 136 432 31.5% 10444 8006 8.4

5+ Comorbidities 174 82 256 32.0% 11022 8448 9.0

For details on w hich co m o rb id ities  are  m ost p reva len t by sub-sam ple, see Appendix 4 .5 b .

Primary analysis
Estimates of incremental effect according to sub-sample are given in Table 4.5.3. 

There is a clear observable pattern; PCCT treatment is significantly associated with 

lower total hospital costs for patients with multimorbidity and the effect size grows 

larger for sub-samples of patients with more comorbidities.

For patients with two or more comorbidities the estimated effect is -$1273 (p=0.04; 

95% Cl: -2512 to -34), and as less complex patients are removed from the sample, 

mean incremental effect increases. For three or more comorbidities -$1546 (p=0.02;
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95% Cl: -2885 to -208); for four more comorbidities -$2113 (p=0.02; 95% Cl: -3870 

to -357); and for five or more comorbidities -$3050 (p=0.02; 95% Cl: -5679 to -422).

Tiiese effects are equivalent to 10%, 13%, 15%, 20% and 27% reductions in cost for 

usual care patients within each sub-sample.

Table 4.5.3 Estimated incremental effect (PC within 10 days) on total direct costs ($), by 
Elixhauser total, patients discharged alive

Sample
UC

(n=)
PC

(n=)
All

(n=)
Estimated incremental effect 

(95% Cl)
P

value

Implied
mean
saving

All [Table 4 .4 .3] 713 244 957 -927 (-2283 to +429) 0.18 10%

2+ Comorbidities 553 221 774 -1273 (-2513 to -34) 0.04 13%

3+ Comorbidities 436 187 623 -1546 (-2885 to -208) 0.02 15%

4+ Comorbidities 296 136 432 -2214 (-4067 to -361) 0.02 20%

5+ Comorbidities 174 82 256 -3050 (-5679 to -422) 0.02 27%

Secondary analyses
I re-ran the primary analysis with secondary dependent variables: (i) length of stay, 

(ii) daily direct hospital costs (total cost/LOS) and (iii) direct total cost for major 

utilisation categories.

The results for LOS are given in Table 4.5.4. The estimated magnitude of reduction 

in LOS grows for more complex samples but no result is statistically significant.^®

LOS is significantly reduced fo r these sub-samples w here  th e  first consult was w ith in  six days [data not 
shown]. For an overview  o f how  m ultim orbid ity  and tim e-to-consult factors In terac t in PCCT's increm ental 
effect on costs, see Figure 4 .5 .1 .
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Table 4.5.4 Estimated Incremental effect (PC within 10 days) on length of stay (days), by 
Elixhauser total, patients discharged alive

Sample

U 
II

PC
(n=)

All

(n=)
Estimated incremental effect 

(95% Cl)
P

value

Implied
mean
saving

All [Table 4.4.4] 713 244 957 -0.3 (-1.0 to +0.4) 0.41 4%

2+ Comorbidities 553 221 774 -0.5 (-1.2 to +0.2) 0.18 6%

3+ Comorbidities 436 187 623 -0.6 (-1.4 to +0.2) 0.14 7%

4+ Comorbidities 296 136 432 -0.6 (-1.7 to +0.5) 0.27 7%

5+ Comorbidities 174 82 256 -0.9 (-2.6 to +0.8) 0.30 10%

The results for daily cost effects are given in Table 4.5.5. There is a clear 

association between PCCT intervention within 10 days and reduced daily cost. 

Consistent with the results for total cost, this association is strongest for patients with 

larger numbers of comorbidities, although there is a small inconsistency for the 

3<=Elixhauser Total sub-sample.

Table 4.5.5 Estimated incremental effect (PC within 10 days) on daily direct costs ($), by 
Elixhauser total, patients discharged alive

Sample
UC

(n=)
PC

(n=)

All
(n=)

Estimated incremental effect 
(95% Cl)

P
value

Implied
mean
saving

All [Table 4.4.5] 713 244 957 -117 (-209 t o -26) 0.01 9%

2+ Comorbidities 553 221 774 -105 (197 to -14) 0.02 8%

3+ Comorbidities 436 187 623 -89 (-189 to +9) 0.08 7%

4+ Comorbidities 296 136 432 -149 (-266 to -32) 0.01 12%

5+ Comorbidities 174 82 256 -222 (-351 to -93) 0.001 18%

The results for major utilisation categories are given in Table 4.5.6. For pharmacy, 

laboratory and imaging the results follow a clear pattern consistent with §4.4 (Table 

4.4.6): there is a statistically significant association between treatment and reduced
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laboratory costs Irrespective of multlmorbidity sample. This effect and non

significant cost-reducing effects for pharmacy and imaging grow for patients with 

higher comorbidities, consistent with the primary analysis (Table 4.5.3).

This pattern is not replicated for room and board or ICU costs. In the former case, 

no result is close to significant with a slight increase in costs associated with 

treatment. In the latter case, there is a negative coefficient but no significant result 

and limited inference can be made given the unweighted nature of these 

regressions.
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Table 4.5.6 Estimated incremental effect (PC within 10 days) on total direct costs ($) for 'major' utilisation categories, by Eiixhauser total, 
patients discharged alive

Sample Room and board ICU*̂ Pharmacy Laboratory Imaging

All

[Table 4.4.6]

+169 (-190 to +528) 

0.36

-625 (-1588 to +339) 

0.20

-162 (-538 to +214) 

0.40

-207 (-433 to -19) 

<0.001

-37 (-147 to +74) 

0.52

2+ Comorbidities
+57 (-268 to +381) 

0.73

-742* (-1981 to +496) 

0.24

-140 (-532 to +253) 

0.49

-218 (-305 to -132) 

<0.001

-47 (-223 to +130) 

0.60

3+ Comorbidities
+61 (-295 to +416) 

0.74

-967* (-2777 to +844) 

0.30

-136 (-522 to +249) 

0.49

-238 (-331 to -146) 

<0.001

-137 (-302 to +27) 

0.10

4+ Comorbidities
+131 (-393 to +656) 

0.62

-1103# (-2261 to +56) 

0.06

-332 (-895 to +230) 

0.25

-307 (-426 to -187) 

<0.001

-236 (-470 to -3) 

0.04

5+ Comorbidities
+213 (-616 t o +1043) 

0.60

-869# (-2330 to +592) 

0.24

-351 (-1007 to +304) 

0.29

-257 (-472 to -43) 

0.02

-173 (-579 to +233) 

0.40

PC effect in $ (95%CI)
Legend:

p value

ICU regression results generated using an unw eighted GLM (see also Table 4 .4 .6  and Appendix 4.4c), bootstrapped w here  possible (denoted * )  but bootstrapping not 
viable for very small sample sizes (n<80; denoted #). All o th er category results generated using a w eighted, bootstrapped GLM consistent w ith  the  prim ary analysis, 

although (unlike prim ary analysis) not all 1000  replications are successful in all cases.
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Additionally I examined whether the association between time-to-consult and 

incremental effect observed in §4.4 is robust for patients with differing levels of 

multimorbidity. I created overlapping sub-samples defined both by number of 

comorbidities and by definitions of treatment according to time-to-consult.

The results are illustrated in Figure 4.5.1. They demonstrate that the associations 

emerging from the analyses in §4.4 and §4.5 are both robust. For any given sample 

defined by complexity, earlier treatment has greater effect; for any given definition of 

intervention according to timing, the incremental effect is largest for the most 

complex patients.

Figure 4.5.1 Implied cost-saving, by consult timing & Elixhauser total, patients d/c alive^^

N um ber of 
com orbidities
(E lixhauser scale)

2 <=n
S 20

3<=n

SP 15

 4<=n

2 4 6 8 10 12
Treatment defined as receiving first consult within x days of admission

Increm ental-effect estimates are all statistically significant where palliative care is defined as w ithin  
10 days or fewer.

It was not possible to  calculate propensity scores fo r the sub-sam ples w h ere  5<=Elixhauser Total a id  PC is 

defined as w ith in  less than 10 days; the  sample sizes are too small to  support sufficient variables in the score. 
This figure there fore  contains only th ree  m ultim orbid ity  sub-samples.



Confirmatory analyses
I performed a series of analyses to confirm the robustness of the primary analysis 

(Table 4.5.3).

First, I repeated my primary analysis with late consult outliers reclassified as controls 

instead of excluded from the analysis.

The results are given in Table 4.5.7. The same pattern of increased cost savings for 

patients with multimorbidity is clearly observable, although the magnitudes of 

estimated savings are larger.

Table 4.5.7 Estimated incremental effect (PC within 10 days) on total direct costs ($), by 
Elixhauser total, patients discharged alive; late-consult outliers moved to control group

Sample
UC

(n=)

PC

(n=)

All

(n=)
Estimated incremental effect 

(95% Cl)
P

value

Implied
mean
saving

All [Table 4.4.9] 725 242 967 -1263 (-2599 to +73) 0.06 13%

2+ Comorbidities 564 221 785 -1792 (-3130 to -453) 0.009 17%

3+ Comorbidities 447 187 634 -2020 (-3428 to -613) 0.005 19%

4+ Comorbidities 306 137 443 -2765 (-4605 to -924) 0.003 24%

5+ Comorbidities 182 82 264 -3871 (-6718 t o -1024) 0.008 30%

Second, a sensitivity analysis was performed to check the robustness of results with 

patients who died during admission (n=54f^ included. A repeat of the primary 

analysis on all patients with multimorbidity irrespective of discharge status is given in 

Table 4.5.8. Results did not alter substantively, but as noted previously any 

difference between survivors and decedents would likely be masked given the 

respective size of the sub-samples.

Died during hospitalisation, n=51; data missing on survival, n=3.

199



Table 4.5.8 Estimated incremental effect (PC within 10 days) on total direct costs ($), by 
Elixhauser total, decedents pooled with patients discharged alive

Sample
UC

(n=)

U 
II 

Q
. All

(n=)
Estimated incremental effect 

(95% Cl)
P

value

Implied
mean
saving

All [Table 4.4.10] 735 270 955 -1301 (-2821 to +218) 0.09 13%

2+ Comorbidities 573 251 824 -2048 (-3608 to -489) 0.01 20%

3+ Comorbidities 454 212 666 -1958 (-3771 t o -144) 0.03 19%

4+ Comorbidities 313 162 475 -3008 (-5345 to -671) 0.01 28%

5+ Comorbidities 187 99 286 -4392 (-7704 to -1080) <0.01 36%

Finally, I performed sensitivity analysis on the model specification by re-running 

primary analysis regressions without propensity score weights, and with an OLS 

specification. The results did not change substantively and the weighted GLM 

results are therefore accepted as valid (see Appendix 4.5c).

Discussion
The primary analysis in this section demonstrates that palliative care consultation 

within 10 days of hospital admission is significantly associated with reduced hospital 

costs for patients with multimorbidity (Table 4.5.3). Moreover the effect on cost is 

larger for patients with a higher number of comorbidities.

The findings are robust in confirmatory analysis incorporating late-consult outliers as 

controls (Table 4.5.7) and with patients pooled irrespective of discharge status 

(Table 4.5.5), and following sensitivity analysis employing alternative model 

selections (Appendix 4.5c).

Secondary analysis suggests that these savings are predominantly due to reduced 

resource use during hospital stay: mean effect on daily cost is consistently 

statistically significant (Table 4.5.5) while mean effect on LOS is negligible in either
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direction (Table 4.5.4).^°° The categorical sources of these cost-savings reveal 

diverse results (Table 4.5.6). Treatment is significantly associated with reducing 

laboratory costs for all multimorbidity sub-samples and the association is generally 

larger for more complex patients, consistent with §4 .4 . Incremental effect on 

pharmacy, imaging and ICU costs is generally larger for more complex patients but 

results are not statistically significant and the pattern is not systematically consistent 

as in §4 .4 , possibly due to the much larger variation in sub-sample sizes in §4.5 than 

in §4 .4 . There is no significant association between treatment cost and room and 

board cost, although the direction of the relationship is the opposite of the other 

findings, possibly reflecting increased complexity (and so LOS) among treatment 

group patients with high numbers of comorbidities that are not fully controlled for by 

propensity score weights.

The results reported in this section and in §4.4 remain clear when the two analytical 

approaches are combined (Figure 4.5.1). For any given sample defined by 

complexity, earlier treatment has a greater effect; for any given definition of the 

intervention according to timing, the incremental effect is largest for the most 

complex patients.

I am not aware of any previous study to examine this research question, and my 

results have a number of potentially important implications for provision and 

research, given the ‘non-inferiority’ assumption that outcomes from the intervention 

are at least as good as those from the comparator.^°^

Consistent w ith  §4 .4 , earlier consultation does reduce LOS significantly fo r these sub-sam ples [data not 
shown].

For details o f this assum ption in the w ider context of econom ic evaluation and palliative care evidence, see 

§ 2 .4> M o d e ls  o f econom ic eva lu atio n  and subsequent sub-sections.
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First, to maximise the potential financial benefits of palliative care, PCCTs should be 

involved in the care and decision-making of patients with multimorbidity -  and in 

particular those with high numbers of comorbidities. This is consistent with the prior 

hypothesis that specialist care is a complex intervention maximally effective for the 

most complex patients. Early palliative consultations for the sickest patients may 

help reverse the trend of more aggressive end-of-life care in the United States 

hospital system. Patterns of improved quality and reduced costs through 

coordinated, patient-centred palliative care are already evident in the literature (El- 

Jawahri et al., 2011, Higginson et al., 2003, Smith et al., 2014). My results show for 

the first time that the cost benefits are larger than previously understood for the most 

complex patients, and so the case for providing palliative care to this patient group is 

particularly strong.

Second, there are clear policy implications. The long-term viability of US 

government health programmes such as Medicaid and the overall national health 

system depends on reforming care to patients with serious illness in a way that 

reduces costs without compromising quality and access (Anderson, 2005, Smith and 

Hillner, 2011). These results further strengthen the case for increased palliative care 

provision for patients with serious illness through up-scaling the successful PCCT 

model, and designing of payment and financing mechanisms that reward value for 

money (Unroe and Meier, 2013).

Third, there are implications for workforce planning. There are demonstrable short-

and long-term gaps in the hospice and palliative care staff in the US (Bui, 2012,

Lupu, 2010, Quill and Abernethy, 2013). The projected level of future need is such

that not all patients will be seen by specialist consultants; rather, specialist staff are

and will remain a scarce resource to be allocated in the most effective way. PCCTs
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are most impactful where patient needs are most complex, so it is the most complex 

patients whose treatment by specialist palliative care should be prioritised.

Fourth, and consistent with §4.4, further cost-savings could be achieved within 

current levels of provision by increasing the number of patients seen by a palliative 

care team. In the ‘PC4C’ study less than 30% of patients with an advanced cancer 

diagnosis and multimorbidity admitted to hospitals with well-established palliative 

care programmes are seen by a PCCT within 10 days of admission. Yet, as already 

stated in §4.4, this is less an issue of limited PCCT capacity than of referral patterns 

among primary physicians for whom palliative care is an option not taken up. There 

is demonstrable scope for further cost-savings to be realised if more patients with 

multimorbidity were referred to a PCCT. Furthermore, these cost-savings are 

greatest when referral is made early in the hospitalisation.

Fifth, and consistent with §4.4, this section confirms the existence of cost-effect 

heterogeneity in the dataset. The results presented here emphasise the benefits of 

going beyond mean estimates for the whole sample. In identifying major patient 

groups for whom treatment cost effects are substantively different, I provide 

evidence that can further inform organisation and provision of care.

Finally, and consistent with §4.4, observed savings accrue through reduced intensity 

of hospital stay and (where the intervention is delivered early enough) reduced 

length of stay. My results on resource utilisation category sources are consistent 

with previous literature: palliative care appears to reduce spending for most major
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categories but the statistical significance of relationships varies by (sub-)sample.^°^ 

Interpretation of specific utilisation category effects in Table 4.5.6 is complicated by 

small sample sizes; there are 256 patients in the ‘5+ Comorbidities’ sub-sample and 

not all accrued hospital costs in all categories.

Conclusion
PCCT treatment during hospital admission for patients with multimorbidity is 

associated with a statistically significant cost-saving effect and this association is 

largest for the most complex patients. These results are robust to sensitivity and 

confirmatory analyses, and have implications for the organisation of hospital care to 

patients with serious illness, to policy and finance frameworks, and to research on 

these programmes.

For a discussion of how future research can investigate further how the PCCT intervention realises the  
causal effects reported in this thesis, see §5.3.3>Further evidence on how a PCCT operates would extend my 
results.
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4.6 Patient-level determinants of utilisation 

Introduction
The previous results sections have focused on the estimated effect of palliative care 

consultation teams (PCCTs) on hospital cost for patients with serious illness. Those 

analyses reflect the primary purpose of the ‘PC4C’ study and this PhD thesis, 

namely improving understanding of and evidence on the impact of the PCCT 

intervention.

Having established robust methodological approaches to cost analysis with the 

‘PC4C’ dataset in those previous sections, this section complements prior analyses 

by examining which factors other than palliative care treatment impact cost of 

hospital care for patients admitted to hospital with advanced cancer. Patterns and 

levels of resource utilisation in providing healthcare to patients with serious illness 

reflect not only treatment choices but a complex set of relationships between 

demographic, clinical and system factors (Groeneveld et al., 2013).

In particular patient-level variables may be strong predictors of utilisation (Tibi-Levy 

et al., 2006, Simoens et al., 2010). Patient-level factors previously identified as 

potentially significant drivers of resource use among seriously-ill patients include age 

(Shugarman et al., 2007), gender (Shugarman et al., 2008), ethnicity (Hanchate et 

al., 2009), socio-economic status (Hanratty et al., 2007), advance directive status 

(Kelley et al., 2011), insurance status (Kelley et al., 2011), comorbidities (Shugarman 

et al., 2007), cancer diagnosis (Walker et al., 2011) and functional status (Guerriere 

eta l., 2010).

Information on those factors which are strongly associated with utilisation can inform 

the provision of care, assisting the efficient allocation of resources and the 

consideration of equity concerns in patient access and use.

205



Methods

Research question
Which patient-level factors are significantly associated with hospital costs in) the 

‘PC4C’ dataset?

Regression analyses
Analysis in this section was performed in two parts.

First, I examined versions of the regressions used in primary analysis in §4.4 (Table 

4.4.3) and §4.5 (Table 4.5.3). Specifically, I regressed cost on a binary treatment 

variable, all covariates included in each sample-specific propensity score as well as 

fixed effects for each hospital site.^“  This approach varies from that used in 

previous regressions, which used as independent variables in all cases a set list of 

33 covariates included in the primary propensity score (Table 3.2.1) as well as fixed 

site effects.

The methods used in this section are distinct because only for variables included in 

each sample-specific propensity score (and so balanced across treatment and 

comparison groups) can the coefficient be reliably interpreted as its impact on the 

dependent variable, whereas a fixed list of predictors was preferable in estimating 

PCCT cost effect since the results are directly comparable.^'’"'

For each of the regressions in this section I calculated the marginal dy/dx, the 

discrete change from the base level, for each of the covariates. For binary variables, 

the marginal dy/dx is the estimated marginal increase in total cost associated with a

W h ere  sub-samples defined by tim e-to -consu lt or m ultim orbid ity  would not balance on th e  p referred  list of 
33 covariates, strategies w ere  em ployed to  balance tre a tm e n t and comparison groups w hile  m inimising  

in form ation  loss. See § 3 .2 .1> A d d ition al propensity  scores, Appendix 4 .4a  and Appendix 4 .5a.
I ran sensitivity analysis on th e  prim ary results in §4 .4  and §4 .5  to  confirm  that increm enta l-e ffec t estim ates  

are robust w hether a fixed list o f 33 covariates or only sam ple-specific propensity score covariates are included  

as predictors. Estimates exhibit negligible d ifference.
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move from the reference group holding all other covariates to their original values. 

For continuous variables, it’s the estimated cost effect associated with a one-unit 

increase in the variable. These calculations allow me to examine which patient 

factors are associated with hospital costs where treatment is controlled for, and there 

is balance across the treatment and comparison groups.

Second, I ran equivalent unweighted regressions separately on treatment and 

control groups. Unweighted regressions are useful in this context because they 

allow analysts to incorporate any variable in the dataset (and not just those in the 

propensity score). In particular, my methods to date have not incorporated specific 

cancer diagnoses (with the exception of lymphoma) due to sample size and 

propensity score balancing issues.

Given the established significance of diagnosis in driving utilisation, this is an 

important relationship to explore. An additional benefit of the unweighted 

regressions is that they serve as sensitivity analyses to the propensity score 

weighting itself, and the extent to which this is influencing results.

In this unweighted analysis I removed one very-high-cost outlier^”® who misleadingly 

skewed results and divided the remaining sample (n=968) into patients who were 

seen by a PCCT (n=255) and those who did not (n=713). I repeated the regression 

methods of the primary analysis in using the same generalised linear model (GLM) 

with a gamma distribution and a log link, and all covariates from Table 3.2.1 plus six 

additional diagnosis covariates (gastrointestinal (Gl), lymphoma, central nervous

See §3 .2 .1> Creating a propensity score for the principal sample: step-by-step>Step 1.
Total direct hospital costs=$136930,19 times the median and roughly twice the next most expensive 

patient.
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system (CNS), breast, gynaecological, hepatocellular carcinoma (HCC) and lung, 

with ‘other cancer diagnosis’ as the reference category).

Therefore in separate analyses of treatment and comparison groups I followed 

methods used in primary analysis in §4.4 and §4.5 except that no propensity score 

weights were applied and, where previously I controlled for the lymphoma diagnosis 

only, I instead controlled for seven diagnoses.

Results
The results of the weighted regressions, with treatment and comparison groups 

pooled and PCCT impact controlled for, are presented in Table 4.6.1 (with sensitivity 

analyses by timing and multimorbidity). The results of the unweighted regressions 

are given in Table 4.6.2 (usual care group, with sensitivity analyses by 

multimorbidity) and Table 4.6.3 (palliative care group, with sensitivity analyses by 

timing and multimorbidity).

In the weighted regressions (Table 4.6.1) there are five predictors which exhibit a 

consistent statistical relationship with costs (statistically significant relationship in the 

principal sample and multiple sensitivity analyses).

• Number of comorbidities: higher Elixhauser Total at baseline associated with 

higher cost;

• ESAS physical score: higher symptom distress at admission associated with 

lower cost;

• CMSAS score: higher number of physical symptoms at admission associated 

higher cost;
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• Education: College education associated with higher cost, elementary school 

education (but no further) with lower cost;

• Insurance: Medicare and Medicaid associated with lower cost.

In the unweighted regressions among usual care patients (Table 4.6.2) there are 

seven covariates which exhibit a consistent statistical relationship with costs 

(statistically significant relationship in the principal sample and more than one 

sensitivity analysis);

• HCC diagnosis: associated with lower costs;

• Lung diagnosis: associated with lower costs;

• Number of comorbidities: higher Elixhauser Total at baseline associated with 

higher cost;

• ESAS physical score: higher symptom distress at consultation associated with 

higher cost;

• ESAS psychological score: higher psychological distress at consultation 

associated with lower cost;

• CMSAS score: higher number of physical symptoms at consultation 

associated higher cost;

• CMSAS severity: higher severity of physical symptoms at consultation 

associated lower cost.

In the unweighted regressions among palliative care patients (Table 4.6.3) there are 

five covariates which exhibit a consistent statistical relationship with costs
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(statistically significant relationship in the principal sample and at least one timing 

sensitivity analysis):

• Visiting nurses services prior to admission: associated with lower cost;

• Gynaecological diagnosis: associated with higher costs;

• Lung diagnosis: associated with higher costs;

• Number of comorbidities: higher Elixhauser Total at baseline associated with

higher cost;

• CMSAS score: higher number of physical symptoms at admission associated 

higher cost.
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Table 4.6.1 Association b e tw een  patien t-level facto rs and to ta l direct costs ($) - w eighted regressions

Principal
sam ple

Tim e-to-consult sensitivity analysis M ultim orbidity  sensitivity analysis

n=969
PC within 
20 days 
n=962

PC within 
10 days 
n=956

PC within 
6 days 
n=944

PC within 
2 days 
n=910

2+
Comorbidities

n=744

3+
Comorbidities

n=623

4+
Comorbidities

n=433

5+
Comorbidities

n=256

dy/dx dy/dx dy/dx dy/dx dy/dx dy/dx dy/dx dy/dx dy/d
X

Age: 55 to75°

Age: Over 75°

Gender; Female

-1346 0.10 -1153 0.12

-17 0.99 556 0.62

485 0.47 367 0.56

-35

70

0.16

0.91

-1440 0.04 -1642 0.02 -1598 0.03 -1950 0.02

-149 0.88 -283 0.77 47 0.96 51 0.96

-96 0.87 119 0.83 18 0.98 27 0.97

-42

-330

0.33

0.66

-27

-555

0.57

0.57

Race: White -4379 0.20 -4439 0.20 -5006 0.19 -5439 0.18 -8890 0.09 -6986 0.21 -14263 0.18 -16656 0.29 5655 0.01

Race: Black -4766 0.07 -4715 0.09 -4729 0.11 -5127 0.09 -7681 0.04 -6317 0.14 -11747 0.12 -12166 0.19 6132 0.06

Living Will: Yes

Proxy: Yes

Insurance: Medicare

-1947 0.08 -1269 0.21 -1224 0.21 -1373 0.12

334 0.76 -466 0.63 -340 0.71 -367 0.67

-2094 0.01 -1389 0.07 -948 0.21 -883 0.22

-1644

-468

0.02

0.51

-1601

-878

0.02

0.20

-375 0.71

-1253 0.20

-391 0.63

-2289

391

0.02

0.73

-2939

1127

0.03

0.38

Insurance: M edicaid -1186 0.13 -1147 0.10 -1345 0.04 -1320 0.04 -1286 0.04 -637 0.37 -58 0.95 -409 0.71 1307 0.43

Education: Elementary -576 0.63 -1326 0.13 -1445 0.10 -1168 0.18 -1332 0.10 -1312 0.13 -1613 0.09 -2406 0.01 -4330 <0.01

Education: College 2253 0.01 1952 0.01 1237 0.10 1591 0.03 1270 0.06 942 0.16 987 0.20 747 0.43 102 0.93

Visiting nurse: Yes -808 0.50 -919 0.39 -575 0.60 -169 0.87 -373 0.71 -398 0.69 -153 0.91 236 0.88 -285 0.88

Home aide; Hours -147 0.72 -96 0.82 -192 0.63 -38 0.46 146 0.72 -17 0.76 -51 0.26 -10 0.89 -77 0.07

Diagnosis: Lymphoma 2404 0.12 1641 0.22 2007 0.16 2134 0.16 2691 0.11 1937 0.18 1777 0.29 4835 0.07 2220 0.32

Complication(s): Yes -415 0.82 -456 0.79 -187 0.92 -1530 0.23 -2430 0.04 899 0.67 1072 0.69 1428 0.64 -3891 0.02
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Comorbidity: Elixh'ser^

ADL: Bathing

886

-1177

<0.01

0.22

650

-745

<0.01

0.41

544

-96

<0.01

0.92

496

-35

<0.01

0.97

578

-459

<0.01

0.53

765

-734

<0.01

0.34

977

-311

<0.01

356 0.76

-1172

-3260

ADL: Chair 29 0.98 -323 0.72 -443 0.60 -496 0.52 -110 0.88 -37 0.96 -399

ADL: Complete assist 1+ 802 0.47 1359 0.22 913 0.40 -51 0.96 -46 0.96 1338 0.20 1397

ESAS Phy: Admission -4277 0.01 -439 0.68 -3177 0.02 -3529 0.01 -2525 0.04 -2898 0.03 -3020

ESAS Psy: Admission -312 0.44 -517 0.01 -633 0.08 -618 0.08 -329 0.30 -207 0.55 -115

ESAS Phy: Consult/ref 2753 0.13

ESAS Psy: Consult/ref -588 0.13

CMSAS ft: Admission 793 0.01

CMSAS #: Consult/ref 421 0.19

Severity: Admission 127 0.38

Severity: Consult/ref -328 0.11

3123 0.06 2857 0.08 2656 0.08 2060 0.19 3163

-269 0.45 -288 0.43 -549 0.09 -471 0.17 -617

877 <0.01 971 <0.01 868 <0.01 662 0.01 548

212 0.48 196 0.50 644 0.01 396 0.11 463

24 0.84 47 0.68 -45 0.65 51 0.65 100

-285 0.13 -266 0.15 -435 <0.01 -313 0.04 -472

Morphine: Dose (mg) 104 0.35

Pain: Somewhat^ 157 0.87

Pain: Quite a b i f 371 0.69

Pain: Very much^ 660 0.52

Fatigue: [Not v. m uch]' -29 0.97

Fatigue: Verymuch^ 524 0.58

156

99

331

641

342

563

0.14

0.92

0.71

0.47

0.66

0.51

138 0.16 14 0.11 116 0.14 0.74

224 0.81 -21 0.98 359 0.67 -143 0.87 168

-327 0.70 -16 0.98 -114 0.88 142 0.86 318

167 0.86 -62 0.94 717 0.39 543 0.52 502

-147 0.85 -104 0.89 -120 0.86 494 0.50 813

-231 0.78 -22 0.98 -158 0.82 137 0.86 393

For a full explanation of covariate selection and definition see Table 3.2.1. Only coefficients for those covariates that are in the sample-specific propensity 
score can be reliably interpreted as representing the effect on the dependent variable so only these are included in each regression. An overview/ o f how 
scores were calculated is given in §3.2.1>Additional propensity scores. The details of each propensity score are given in Appendix 4.4c and Appendix 4.5c. 
In this Table:  ̂Where 'Age over 75' is missing, 'Age 55 to  75'=Age as a continuous variable. Where Proxy is missing, Living Will=Advanced Directive (Living 
Will 1 Proxy).'  Where Elixhauser is missing, it was not included in the score.  ̂Where 'ESAS' and 'CMSAS' scores at ref/consult day are missing, the 
corresponding 'Admission' entry^the total at baseline and admission/reference day. ® Where Pain and Fatigue are missing, these were not included in the 
score.



Table 4.6.2 Association between patient-level factors and total direct costs ($) - unweighted regressions, comparison group

All Multim orbidity Sensitivity Analysis

n=713
2+ Comorbidities 

n=553
3+ Comorbidities 

n=436
4+ Comorbidities 

n=296
5+ Comorbidities 

n=174

dy/dx P dy/dx P dy/dx P dy/dx P dy/dx P

Age; 55 to75 400 0.53 728 0.33 578 0.54 -274 0.83 -1292 0.54

Age: Over 75 25 0.98 991 0.41 1202 0.43 25 0.99 155 0.96

Gender: Female -836 0.17 -1536 0.03 -1346 0.11 -1669 0.13 -2534 0.11

Race: White 1556 0.14 755 0.57 908 0.58 2921 0.23 2457 0.58

Race: Black 1278 0.33 397 0.79 193 0.92 2327 0.43 1433 0.77

Living Will: Yes -565 0.44 -764 0.38 -601 0.57 -1494 0.25 -1785 0.39

Proxy: Yes -1010 0.18 -1186 0.19 -2012 0.07 -2481 0.07 -316 0.88

Insurance: Medicare -640 0.39 -495 0.53 133 0.89 1630 0.21 -73 0.97

Insurance: Medicaid -522 0.52 -114 0.90 150 0.90 37 0.98 -431 0.83

Education: Elementary^ -1007 0.33 -1337 0.22 -1645 0.17 -2697 0.05 -529 0.82

Education: College ^ 154 0.80 205 0.76 121 0.88 897 0.40 1428 0.43

Visiting nurse: V'es*’ 521 0.59 225 0.84 715 0.60 10 1.00 -772 0.78

Home aide; Hours  ̂ t -402 0.13 -350 0.20 -319 0.28 -100 0.80 -347 0.49

Diagnosis: Gl 80 0.92 11 0.99 -102 0.92 -467 0.74 388 0.86

Diagnosis: Lymphoma 274 0.80 1097 0.41 1261 0.46 651 0.77 -51 0.99

Diagnosis: CNS 7957 0.02 8481 0.03 177 0.95 138 0.98 289 0.96

Diagnosis: Breast 539 0.63 1851 0.19 814 0.61 -1015 0.58 -2731 0.29

Diagnosis; Gynaecological -783 0.38 -95 0.93 -761 0.55 -1493 0.36 457 0.87

Diagnosis; HCC -3456 0.01 -4723 <0.01 -5379 <0.01 -5331 0.01 -7153 <0.01
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Diagnosis: Lung -2155 0.01 -2156 0.01 -2460 0.01 -4136 <0.01 -4501 0.01

Complication(s): Yes"̂ 527 0.69 282 0.85 -1035 0.50 -962 0.61 -1257 0.62

Comorbidities: Elixhauser 571 <0.01 848 <0.01 1029 <0.01 1243 <0.01 1426 0.03

ADL: Bathing -880 0.28 -1003 0.25 -1320 0.20 -1134 0.38 -543 0.78

ADL: Chair 756 0.41 834 0.41 1010 0.40 2509 0.13 4511 0.09

ADL: Complete assist 1+ 1235 0.34 1011 0.45 992 0.51 -1066 0.54 -318 0.91

ESAS Phy: Admission - IM 0.55 -2644 0.06 -3110 0.07 -4678 0.03 -7404 0.02

ESAS Psy: Admission 319 0.32 207 0.57 288 0.53 374 0.52 78 0.93

ESAS Phy: Consult/ref 4013 <0.01 3636 0.02 4755 0.01 5070 0.03 5706 0.11

ESAS Psy: Consult/ref -951 <0.01 -677 0.04 -937 0.02 -1724 <0.01 -2377 <0.01

CMSAS: Admission -251 0.27 -287 0.27 -170 0.60 -21 0.96 299 0.64

CMSAS: Consult/ref 369 0.01 284 0.12 578 0.02 769 0.03 767 0.12

Severity^: Admission 146 0.19 348 0.01 345 0.03 415 0.04 564 0.05

Severity®: Consult/ref -396 0.01 -359 0.03 -537 0.01 -583 0.03 -573 0.13

Morpliine: Dose (m g ft 79 0.41 108 0.31 113 0.39 35 0.84 210 0.42

Pain: Somewhat ® -608 0.43 -642 0.48 207 0.86 -1368 0.31 -67 0.98

Pain: Quite a bit^ -221 0.77 152 0.86 59 0.96 346 0.80 1102 0.59

Pain: Very much^ -7 0.99 -284 0.77 -570 0.63 -1348 0.35 856 0.75

Fatigue: [Not v. much]®^ -198 0.76 238 0.75 665 0.47 95 0.94 -794 0.65

Fatigue: Very much^ -1168 0.17 -672 0.49 -88 0.94 -398 0.79 -1807 0.41



Table 4.6.3 Association between patient-level factors and total direct costs ($) - unweighted regressions, treatment group

All Timing Sensitivity Analysis M/morbidity Sensitivity Analysis

n=256
PC within 10 days 

n=243

PC within 6 days 

n=231
Comorbidities<=2

n=234
Comorbidities<=4

n=149

dy/dx P dy/dx P dy/dx P dy/dx P dy/dx P

Age: 55 to75 -611 0.62 -998 0.31 -1489 0.10 -1531 0.21 -1630 0.37

Age: Over 75 2118 0.34 2195 0.21 2121 0.20 1674 0.43 -2695 0.25

Gender: Female 1405 0.24 755 0.41 163 0.85 1595 0.17 2231 0.18

Race: White -566 0.85 -254 0.91 151 0.94 2646 0.39 3746 0.54

Race: Black -1081 0.72 -236 0.92 119 0.96 2370 0.52 2207 0.77

Living Will: Yes -3716 0.02 -2294 0.07 -1877 0.11 -2789 0.10 -3633 0.16

Proxy: Yes 2570 0.15 1914 0.16 1270 0.32 1029 0.56 908 0.72

Insurance: Medicare -1418 0.32 801 0.52 1131 0.34 -1505 0.26 291 0.89

Insurance: Medicaid -1715 0.21 -860 0.42 -1082 0.27 -1491 0.27 -753 0.72

Education: Elementary^ 197 0.92 -782 0.59 -822 0.53 -158 0.93 485 0.86

Education: College ^ 2617 0.06 1030 0.30 961 0.29 2215 0.09 3371 0.09

Visiting nurse: V'es*’ -4173 <0.01 -2490 0.04 -2267 0.04 -3597 0.01 -4663 0.02

Home aide; Hours  ̂t -198 0.78 -326 0.55 -31 0.95 191 0.77 -189 0.85

Diagnosis: 61 678 0.68 1009 0.44 685 0.56 136 0.93 -548 0.79

Diagnosis: Lymphoma 6987 0.07 5192 0.07 4945 0.08 5311 0.15 3978 0.30

Diagnosis: CNS -3005 0.50 -3446 0.24 -3224 0.22 -2726 0.53 -9003 <0.01

Diagnosis: Breast 464 0.82 490 0.77 497 0.74 648 0.76 2522 0.50

Diagnosis: Gyn'cological 8255 0.04 5729 0.04 6912 0.02 5096 0.15 6050 0.26

Diagnosis: HCC -536 0.89 -2235 0.38 -1851 0.43 -2088 0.54 1213 0.89
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Diagnosis: Lung 4106 0.03 3767 0.01 2869 0.03 3004 0.09 1522 0.50

Complication(s): V'es'̂ 2562 0.59 5849 0.23 -1983 0.43 3029 0.52 12853 0.27

Comorbidities: Elixh'ser 934 <0.01 342 0.18 214 0.38 1256 <0.01 2388 <0.01

ADL: Bathing -2612 0.07 -195 0.87 578 0.60 -2561 0.07 -4172 0.04

ADL: Chair 2524 0.11 1537 0.21 567 0.61 1709 0.27 1826 0.40

ADL: Complete assist 1+ 2152 0.33 615 0.69 -312 0.82 1731 0.40 593 0.85

ESAS Phy: Admission -4716 0.11 -1124 0.63 -972 0.66 -2998 0.30 -3907 0.34

ESAS Psy: Admission -30 0.97 -397 0.46 -365 0.46 402 0.55 -24 0.98

ESAS Phy: Consult/ref 3998 0.29 2384 0.40 2704 0.31 3062 0.40 4456 0.37

ESAS Psy: Consult/ref -893 0.21 349 0.54 269 0.61 -1056 0.13 -2067 0.06

CMSAS: Admission 1183 0.02 1096 0.01 1221 <0.01 814 0.08 387 0.57

CMSAS: Consult/ref 497 0.40 -384 0.41 -465 0.28 644 0.28 1613 0.09

Severity®: Admission 27 0.92 -196 0.33 -235 0.20 -14 0.96 73 0.83

Severity®: Consult/ref -430 0.23 -59 0.83 -79 0.75 -449 0.21 -816 0.11

Morphine: Dose (m g ft 209 0.14 287 0.01 282 0.01 71 0.62 101 0.63

Pain: Somewhat^ 1690 0.45 2723 0.15 2009 0.24 962 0.64 3666 0.31

Pain: Quite a bit^ 591 0.71 903 0.46 791 0.48 269 0.86 -1172 0.58

Pain: Very much^ 2254 0.20 1543 0.23 993 0.40 2035 0.23 -1671 0.45

Fatigue: [Not v. much]®^ -706 0.58 -651 0.51 -1060 0.23 -393 0.76 13 0.99

Fatigue: Very much^ 1963 0.23 564 0.64 -57 0.96 1103 0.48 909 0.69



Discussion
In the results of the weighted regressions, two of the five observed associations 

(Elixhauser total and CMSAS score at admission) reflect a relationship between 

illness burden and cost of care that is neither unexpected nor obviously informative 

to future resource allocation. One clinical factor (ESAS physical score is inversely 

associated with costs) is unexpected.

The associations between Medicare and/or Medicaid and lower cost are consistent 

with previous studies suggesting that insurance status is a driver of utilisation (Kelley 

et al., 2011, Shugarman et al., 2008). And the association between a college 

education and higher cost (and/or an elementary school education and lower cost) 

suggests that socioeconomic status may be a driver of utilisation since education is a 

proxy for income and/or health literacy. However, care should be taken not to 

equate higher utilisation with higher quality of care, since the relationship is not 

straightforward (Khandelwal et al., 2014).

In the results of the unweighted regressions among usual care patients (Table 4.6.2), 

four of the associations follow previous research in affirming that utilisation differs by 

diagnosis: three specific cancer diagnoses exhibit significant relationships with cost. 

The additional associations are also clinical: number of comorbidities, symptom 

distress and number of symptoms are all associated with higher costs. Increased 

psychological distress however is associated with lower costs. And there is one 

counter-intuitive result: increased severity of symptom burden is associated with 

lower costs.

In the unweighted regressions among palliative care patients (Table 4.6.3), the 

number of comorbidities is again significant (the only covariate to be so in all three 

analyses in this section). Two diagnoses are associated with cost, including lung
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cancer, which has the reverse association in the treatment group than in the control 

group. Number of symptoms at admission has a strong association with cost of 

hospital stay. Visiting nurse services prior to admission are associated with lower 

costs, the only association in any table between the health service variables and cost 

of hospital stay.

These results have the following implications.

The majority of significant associations between patient-level factors and cost are 

clinical, and in particular covariates related to illness burden exhibit a predictable 

relationship with hospital costs in all three analyses. The strongest evidence is for a 

significant positive correlation between numbers of comorbidities on the Elixhauser 

index and costs; this relationship is visible in all weighted and unweighted 

regressions. While this result is not unexpected, it further emphasises the findings of 

the previous section that multimorbidity is a major driver of healthcare costs and that 

the appropriate treatment of a complex minority will be central to future finance of 

health care for people with serious i l l n e s s . I t  is not clear that the other clinical 

findings have major implications for future resource allocation, beyond reaffirming 

the point that sicker patients cost more and so, as the general population increases 

in illness burden, costs will increase also.

Once specific cancer diagnoses are introduced in the unweighted regressions, these 

often display significant associations with hospital costs. Planning and organisation 

of care requires ongoing efforts to understand the detailed resource requirements of

For a discussion of how future research can develop these findings further, see §5.3.3 >Future research can 
extend my findings on comorbidities, costs and incremental effect on costs.
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different diagnoses. Future studies of this population may also prefer to include 

specific diagnoses in propensity score matching if methods and sample size allow.

Equity concerns evident elsewhere in the literature -  for example as regards age, 

gender and race -  are generally not provided substantive supporting evidence in my 

results; there are few observable relationships between socioeconomic factors and 

cost. Two that do raise possible equity concerns are the associations between 

government insurance and lower cost, and education level and utilisation; both 

suggest that access to higher-cost care is associated with higher socioeconomic 

status.

Conclusion
The majority of strong associations between patient-level factors and cost are 

clinical: patients with a higher illness burden incur higher costs and, in unweighted 

regressions, some specific diagnoses are associated with utilisation. There are also 

equity of access concerns raised in respect of a strong association between patient’s 

socioeconomic status and hospital costs, but demographic equity issues such as 

race and gender visible elsewhere in the literature do not appear a concern in this 

study.
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5. Conclusions and recommendations

Abstract
This chapter is divided into three sections.

§5.1 Summary provides an overview of the principal findings from my PhD research.

§5.2 Limitations qualifies these conclusions in the context of the research’s 

limitations, both in respect of the ‘PC4C’ study design and my own approach to 

analysis.

§5.3 Implications details a series of recommendations for practice, policy and 

research arising from my results.
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5.1 Summary of the main conclusions
The aim of this thesis was to expand the existing evidence base on economic impact 

of palliative care consultation teams (PCCTs) through rigorous analysis of a new 

observational dataset (the Palliative Care for Cancer ('PC4C') study).

Specifically in the context of prior studies (§2 Literature Review) and the 'PC4C 

research design (§3 Materials & Methods), I identified four key objectives for my 

primary analysis;

• Comparative evaluation of methods using length of stay (LOS) to 

address unobserved heterogeneity: assessment of approaches which 

control for LOS in cost analysis of observational data,

• Cost-effect estimation: establish PCCT impact on hospital costs, including 

identification of patient- and/or system-level factors associated with this effect,

• Source of observable cost effects: examination of the underlying source of 

any cost differences associated with the PCCT intervention,

• Other determinants of utilisation: identification of patient- and/or system- 

level factors associated with hospital utilisation other than PCCT 

interventions.

Each of these objectives was addressed in §4 Results and I have drawn the 

following conclusions in respect of these aims:

5.1.1 Controlling for LOS in cost analysis of observational data undermines the 
validity of reported results (§4.3)
Using LOS to control for unobserved heterogeneity in cost analysis of observational 

data has been commonplace in previous economic studies of PCCT interventions. 

Investigators have variously defined their sample according to length of hospital stay,
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employed LOS as a covariate in regression, and/or used daily cost (total cost/LOS) 

as a primary dependent variable.

Each of these strategies is designed to address challenges in cost analysis of 

observational data. Including LOS as a covariate in regression, is intended to control 

for unobserved differences for which LOS may be a good proxy (e.g. clinical 

complexity, patient preferences). Employing daily cost as a dependent variable 

simplifies analysis by reducing skew and kurtosis of cost distributions. Removing 

short- and/or long-stay patients from the sample can in principle address both 

unobserved heterogeneity in the sample, and highly-skewed and leptokurtic cost 

distributions, by excluding outliers.

However using LOS in these ways may undermine both the internal and external 

validity of incremental cost-effect estimates. Defining a sample by a factor that is 

associated with both treatment (long hospital stay is associated with patient need) 

and the dependent variable (LOS and hospital costs are by definition very closely 

correlated) risks biasing results and distorting cost-effect estimates. Use of LOS as 

a covariate risks introducing endogeneity into analysis, undermining evaluation of the 

causal relationship of interest. Identifying daily hospital costs as the primary 

dependent variable focuses evaluation on a measure with little practical application.

These theoretical limitations were born out in empirical evaluation using the ‘PC4C’ 

data. Incremental-effect estimates were highly sensitive to different definitions of 

sample by LOS. For all samples irrespective of LOS, the introduction of LOS as a 

covariate in regression or as a denominator of total costs precipitated a large 

increase in the -incremental effect estimate and statistical significance of that 

estimate.
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Use of LOS-control strategies without appropriate sensitivity analyses would have 

potentially increased the risk of a type I error. Specifically, they would have 

increased the likelihood of concluding that palliative care consultation at anytime 

had a significant cost-saving effect, when my results show that this conclusion is not 

robust and misses important relationships in the data.

Consequently results using LOS-control strategies are both unreliable and not 

useful. As discussed in §3.2.2, Manning’s well-known maxim in modelling costs 

advises against log-transformation on grounds of practicality: “Congress does not 

appropriate log dollars. First Bank will not cash a check for log dollars.” This 

principle could be extended to controlling for LOS in estimating the impact of an 

intervention on costs of hospitalization: healthcare payers do not fund treatments for 

populations defined ex ante by LOS, and in the few instances where payers do so on 

the basis that treatments reduce the ratio of total cost to LOS during hospital stay, 

this reflects an inefficient payment system. Overall resource use for a sample 

defined at baseline is the best way to preserve the rigour and value of these types of 

analyses.

5.1.2 Earlier palliative care is associated with larger impact on cost (§4.4)
PCCT intervention within six days of hospital admission is shown to be associated

with a statistically significant cost-saving effect for patients admitted to hospital with 

advanced cancer. The observed differences are accrued through a combination of 

reduced resource-intensity and, for patients who receive a consult within two days of 

admission, shorter hospital stay.

Moreover, all of these relationships between palliative care intervention and hospital 

cost are sensitive to time-to-consult following admission: earlier consultation is

223



associated with larger total cost-savings, larger reductions in cost for major utilisation 

categories, and larger reductions in LOS.

Comparison of descriptive cost data for earlier and later consults suggests no 

evidence of difference in impact on costs once a first consult has been administered: 

proportional reduction in costs in the five days following consultation are very similar 

for earlier and later consults.

Rather, the differences occur due to the cumulative nature of cost data: patients who 

were seen by a consultation team later in their hospital stay have accumulated 

higher costs in proportional and absolute terms prior to receiving the intervention -  

costs that are included in the dependent variable but by definition are not amenable 

to treatment.

Pooling all PCCT patients under a single binary any-time treatment variable is 

therefore a misspecification that potentially increases risk of a type II error. 

Specifically, this approach (while not controlling for LOS) would have increased the 

likelihood of concluding that palliative care consultation has no association with cost, 

when my results show that this conclusion is not robust.

The impact on specific utilisation categories suggests that the intervention reduces 

the number of tests and pharmaceuticals that patients receive - reductions that if the 

‘non inferiority’ assumption is accepted might be classed as futile care. Where 

patients were admitted to the ICU these costs were reduced; imaging might also 

have been shown to be reduced with a larger sample size, and laboratory, 

pharmaceutical and imaging costs are typically correlated. Therefore it is possible 

that the intervention is reducing resource intensity in all major categories as a 

consequence of goals-of-care discussions. Only through more accurate (i.e. timing-
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sensitive) definition of the intervention is the systematic relationship between earlier 

treatment and reduced costs in all categories understood.

The results obtained in reaching this conclusion extend the evidence base on PCCT 

interventions by revealing new and useful information on the efficacy of these 

interventions, and using new and robust methods.

5.1.3 Palliative care is associated with larger impact on cost for patients with 
more comorbidities (§4.5)
PCCT intervention within ten days of hospital admission is shown to be associated 

with a statistically significant cost-saving effect for patients admitted to hospital with 

multiple comorbidities. The observed differences are accrued through reduced 

resource-intensity during hospital stay, and in particular lower laboratory costs. 

Where treatment is administered within six days, there are also significant reductions 

in LOS.

Furthermore, the relationship between treatment and hospital costs is sensitive to 

patient multimorbidity: palliative care is associated with larger cost-savings for 

patients with higher numbers of comorbidities. This implies that PCCT treatment is a 

complex intervention most effective for more complex patients.

The association between larger cost effect and patient multimorbidity is robust to 

time-to-consult (and vice versa): earlier treatment is associated with larger cost- 

saving effect for any sub-samples defined by number of patient comorbidities; and 

the estimated effect is largest for the most complex patients irrespective of how 

treatment is defined by time-to-consult.

For a discussion of how fu ture research can investigate further how the PCCT intervention realises the 
causal effects reported in this thesis, see §5.3.3>Further evidence on how a PCCT operates would extend my 
results.
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The results supporting this conclusion extend the evidence base on PCCT 

interventions by revealing new and useful information on the efficacy of these 

interventions: no study has previously examined how palliative care effect on cost 

varies by patient complexity.

5.1.4 Patient-level factors are important drivers of cost irrespective of 
treatment group (§4.6)
An examination of patient-level factors and their association with hospital costs 

reveals a number of potentially important relationships.

Most notably, the majority of factors exhibiting a significant association with cost are 

clinical: patient illness burden is a major driver of in-hospital utilisation irrespective of 

treatment decisions. And the number of comorbidities a patient has in particular has 

a large, statistically significant association with cost of hospitalization in all analyses. 

Given demographic trends and projected disease patterns in the 21 century, this 

association has potentially great significance for planning and funding of services.

Additionally there are important relationships with socio-economic factors. Both 

insurance programme and education level appear to be correlated with total hospital 

costs, raising questions about equity of access.

5.2 Limitations 

5.2.1 Unobserved heterogeneity
While measures have been taken to minimise confounding due to selection bias, 

there is likely unobserved heterogeneity between treated and comparison patients, 

including reasons contributing to time-to-consult following admission.

Furthermore it is possible for propensity score methods to exacerbate the effect on 

unobserved confounding in biasing results and disguising important relationships.
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Optimally an instrumental variable would be used in conjunction with propensity 

score matching to control for unobserved heterogeneity but it was not possible to 

identify a valid instrument within the ‘PC4C’ dataset.

To confirm the robustness of my findings I have therefore employed multiple 

sensitivity analyses to check that the main results are robust to different sub

samples, modelling approaches and use of propensity score weights.

One important 'known unknown’ of my analyses is patient and physician 

preferences. Included in the propensity score are binary variables for living will and 

proxy at baseline. While this is not an explicit inclusion of patient preference, I 

consider it a useful indicator since people who wish to restrict aggressive life- 

prolonging treatment are generally more likely to complete a living will and/or 

nominate a proxy. Additionally, my analyses include rich patient-reported data on 

many important potential confounders: psychological and physical symptoms, 

functional status, and formal health care use prior to the hospitalization.

Nevertheless, while my results provide strong evidence for increasing early palliative 

care access to patients with serious illness, and particularly those with multiple 

comorbidities, it is not known whether decisions not to pursue palliative care early 

following admission reflect explicit patient preferences or goals of care. This in turn 

raises questions about the circumstances under which any decision not to pursue 

early palliative care is rational given growing evidence that palliative care concurrent 

with curative care has benefits.

5.2.2 High attrition and loss to follow-up
The ‘PC4C’ study experienced significant attrition from recruitment to final sample.
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Of all 5,939 patients admitted to participating sites with an advanced cancer 

diagnosis during the study period, 26% refused to participate in the study and 20% 

failed to meet additional eligibility criteria. Of the 3,218 enrolled in the study, over 

half did not participate long enough for adequate data to be collected for matching 

and analysis.

High levels of data attrition and loss to follow-up are commonplace in studies of 

seriously-ill populations and end-of-life care. The most common reason for 

incomplete data among enrolled patients was that s/he became too ill to participate. 

My results can therefore only be generalised to patients admitted to hospital with 

advanced cancer and who were able to participate in follow-up interviews.

Of the 1,537 in the final ‘PC4C’ sample, 33% were lost because one site (‘Site 4’) 

failed to collect cost data. This error was only noticed at the end of the data 

collection period when project staff at Mount Sinai including myself analysed the final 

dataset. This has no obvious qualitative impact on results (there is no reason to 

think a priori that patients differ at Site 4 compared to other sites) but it does limit the 

sample size and power of my calculations.

5.2.3 Hospital costs perspective
Throughout this thesis, dependent variables are defined from the hospital 

perspective: cost and length of hospital stay. As summarised in §2.4, an economic 

evaluation in ideal conditions compares a treatment with a comparator on all relevant 

costs and consequences.

Therefore the hospital costs perspective is restricted in two important ways. First, it 

does not take account of consequences of treatment (e.g. pain and symptom 

management, patient and family satisfaction). All reductions in cost and LOS

228



associated with palliative care that have been presented in this thesis are positive 

outconnes only on the ‘non-inferiority’ assumption established in §2.4 that the 

consequences of treatment are at least no worse than usual care only.

Second, this thesis does not take account of costs after hospital discharge. One 

common concern of early hospital discharge is that it is not cost-saving but cost- 

shifting: patients leave hospital before they are ready, pushing the processes and 

costs of care onto formal outpatient services or informal networks. All reductions in 

cost and LOS reported in this thesis are positive outcomes only if reduced intensity 

and/or length of hospital stay do not impose equivalent (or larger) costs on formal 

and informal care systems outside of hospital.

Evaluating PCCT impact on both patient and family outcomes, and post-discharge 

utilisation are objectives of the ‘PC4C’ study, as presented in §3.1.2. Future 

research by colleagues on the study will therefore address the limitations to the 

hospital costs perspective I have taken.

In the context of this thesis I consider the assumptions on which these results are 

reported to be reasonable in the wider research and policy context. As detailed in 

§2.4, there is a substantial and growing evidence base suggesting that palliative care 

is at least as effective as usual care for these outcomes. And hospital costs 

represent a large proportion of costs for the United States^^° and all other health 

systems in high-income countries, and therefore represent a substantial and 

worthwhile dependent variable in their own right. Eleven of 12 previous economic

I also aim to participate in this research, including analyses that quantify the impact of PCCTs on cost, and 
patients and family outcomes. An overview of priority areas for my post-doctoral research is provided in 
§5.3.3.

35% of direct medical cancer costs are attributable to inpatient hospital stay; see §1> The growth of 
palllatlve care.
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analyses of PCCTs have taken a hospital perspective and my results make a 

substantial contribution to this literature.

5.2.4 Generalisability
The data were collected at hospitals with well-established palliative care 

programmes in the United States. It is not clear how generalisable the results are to 

new programmes, to patients with diagnoses other than cancer, or to programmes in 

other health systems.

Restricting eligibility to cancer patients has advantages and disadvantages to be 

considered In evaluating my results. The principal benefit is homogeneity: the 

pooling of patients with non-mallgnant conditions alongside advanced cancer would 

have introduced substantial new difference Into the sample that analysis would have 

to control for. This has to be weighed against the external validity of the study; as 

palliative care access for non-cancer patients continues to grow, and non-malignant 

chronic disease Is increasingly prevalent, my results have to be confirmed with that 

patient group before they can be considered applicable beyond persons with cancer.

The specific points at which treatment Is shown to be ‘early enough’ (within six days, 

see §4.4) to be significant may not be generalisable. Data in §4.4> Results> 

Secondary analyses suggests that the proportion of costs accrued prior to consult 

Is important to timeliness. The definition of how ‘early’ treatment has to be to be 

effective is therefore related to length of stay and may vary for other interventions, 

patient groups and settings. However, the fundamental association -  earlier 

treatment is associated with larger cost-saving effect -  should be robust in 

equivalent analyses.

Further discussion o f the  implications of my results in the  Irish context specifically fo llow  in §5 .3 .3 .
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5.3 Implications for practice, policy and research 

5.3.1 Practice

Early palliative care access for patients admitted to hospital with advanced 
cancer should be more widely implemented
The well-established cost-saving effect of PCCTs appears large (-25%, larger than 

estimated by most previous studies for patients discharged alive) if the consult 

occurs early in the hospitalisation (within two days of admission), but this effect may 

not be significant if the first consult occurs later.

Involvement of a specialist multidisciplinary PCCT in the treatment and transition 

decisions of this patient group from an early stage of hospitalisation will maximise 

increasingly scarce health care budgets. A growing literature suggests that early 

palliative care in general and treatment from PCCTs in particular also bring clinical 

benefits; there is no evidence that these cost-savings would be achieved through 

reduced health-related outcomes.^

Early palliative care access for patients admitted to hospital with advanced 
cancer and multimorbidity should be more widely implemented
On the same basis, PCCTs should be involved in the care of patients admitted to

hospital with multimorbidity -  and in particular patients with high numbers of 

comorbidities. Specialist palliative care is a complex intervention whose impact is 

greatest for the most complex patients (and with a larger cost-saving effect than 

suggested by previous studies which have reported mean effect for a whole sample). 

This research is the first to show that effect on cost is larger for patients with 

multimorbidity, and so the evidence for complex patients receiving palliative care 

during hospitalisation is particularly strong.

For an overview of the evidence on palliative care programmes to date, see §1. For an overview of how 
these results may be combined in future with appropriate outcomes from the 'PC4C' study, see §5.3.3>  
Further research w ith  the 'PC4C' data.
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The scope for further financial benefits through palliative care is substantial
Taken together, the previous two points suggest substantial scope to reduce the cost

of caring for patients with advanced cancer in United States hospitals. In the ‘PC4C’ 

principal sample for cost analysis (n=969), 232 patients (24%) were seen by a PCCT 

within six days of hospital admission; the equivalent figure for matched patients 

admitted with multimorbidity (n=774), was 214 (28%). Even among very seriously-ill 

patients with more than five comorbidities in addition to cancer (n=256), the 

proportion was not dissimilar (n=78; 30%). The potential for further value is also 

underlined by the association between patient illness burden and cost among usual 

care patients; while palliative care on average is being received by patients with a 

higher illness burden, the number of patients with multiple serious conditions who 

are not receiving palliative care but are accruing large hospital costs remains 

significant.

The minority take-up of palliative care was observed at large medical and cancer 

centers with well-established palliative care programmes. It does not predominantly 

reflect limited treatment capacity at the study hospitals but the treatment patterns of 

primary physicians for whom palliative care consultation is often not a priority. The 

full scope of costs and benefits through PCCT interventions will be more fully 

understood in future once the patient and family outcomes, and goals-of-care 

domains of the study are completed and reported. Even without those results, 

accepting the ‘non-inferiority’ assumption that key patient and family outcomes are at 

least as good and often better following PCCT interventions, the cost-saving effects 

identified in this thesis highlight substantial potential benefits in the provision of 

hospital care to patients with advanced cancer that are yet to be realised.
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5.3.2 Policy in the United States^^^

Increase and incentivise access to PCCT interventions for patients with 
advanced cancer
It is well-established that the sustainability of United States government health 

programmes Medicaid and Medicare, as well as the overall national health system, 

depends on controlling costs of care to patients with serious illness without 

compromising quality and access. Hospital costs constitute a significant proportion 

of this expenditure.

My analysis affirms and extends the previous literature on the cost-saving effect of 

PCCTs. Compared to usual care, early palliative care appears to reduce both 

intensity and length of hospital stay. While PCCTs in US hospitals have expanded 

substantially over the last two decades, access is not universal. Moreover, even in 

hospitals with well-established programmes most patients with serious illness do not 

receive palliative care. There is further scope to upscale the successful PCCT 

model in US hospitals by implementing payment mechanisms that incentivise and 

reward clinical and financial benefits in treating seriously-ill patients.

Workforce planning
Shortages of specialist palliative care staff in the US health system are well 

docum ented.^M oreover, projected levels of need over the next three decades are 

such that not all patients with serious illness will receive specialist-led care in all 

settings. Specialist palliative care clinicians will remain a scarce resource to be 

allocated judiciously. PCCTs should therefore be employed where they have the

Relevance of the findings beyond the United States are discussed in §5.3.3> Applying these findings to  the 
Irish context.

For a summary of these issues, see §4.5>Dlscussion.
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greatest impact: on my evidence, patients recently admitted to hospital and/or with 

multiple comorbidities are those who ought to be prioritised.

5.3.3 Research

Evaluations ofPCCT interventions should incorporate time-to-consult 
following admission in estimating incremental effect on cost
My results show that PCCT cost effect varies according to treatment timing and

furthermore that this is systematic: total costs are cumulative, meaning that later 

consults accrue a higher level of costs prior to consult -  costs that are included in the 

dependent variable but by definition are not amenable to treatment. This is 

exacerbated by the fact that later-consult patients are comparatively longer-stay 

patients and therefore comparatively high-cost. If cost effect is estimated using a 

binary any-time treatment variable for a sample including late-consult patients, those 

patients will have a disproportionately large impact on the magnitude of effect (due to 

high costs) despite having received an intervention that is less representative than 

average (being unable to impact costs to the same extent). Assuming homogenous 

cost effect irrespective of time-to-consult following hospital admission will therefore 

increase the risk of a type II error.

This recommendation is equally applicable for evaluating PCCT impact on LOS, as 

well as for any study of the impact of a binary treatment variable on a cumulative 

measure of utilisation where treatment can be administered after the utilisation is first 

accrued.

Incorporating time-to-consult could also contribute to understanding 
mechanisms of observed cost-savings
In §2 Literature Review I noted that previous studies suggested a clear pattern of 

cost-saving effect from PCCTs but without a consistent source of those savings.
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Different studies reported reductions in different ancillary cost categories but none 

reported any reduction in LOS.

My research is therefore the first to find a significant association between treatment 

and LOS for this intervention -  but only for consult within two days of admission (for 

all patients: within six days of admission for multimorbidity patients). Contrary to 

previous results, PCCTs may reduce LOS as well as resource-intensiveness if the 

intervention is provided early enough. Previous studies may have made a type II 

error in measuring PCCT impact on LOS without taking into account time-to-consult.

Where future studies incorporate time-to-consult in evaluating PCCTs they will 

examine more rigorously the extent to which observed cost-savings accrue through 

reduced intensiveness of hospital stay and through reduced length of hospital stay.

Evaluation of palliative care impact over a longer timeframe would 
complement my results with new and important evidence
The association between time-to-consult and PCCT impact on cost identified in this

thesis is consistent with a growing literature on the benefits of early palliative care.

Clinical studies have increasingly examined palliative interventions earlier in the care 

trajectory; for example, concurrent palliative care following diagnosis. Many such 

interventions are therefore concerned with the impact of palliative care on a new 

patient group: moving ‘upstream’ from the end-of-life phase where palliative care 

originated to those who are living with serious illness and functional impairment on a 

long-term basis.

The ‘PC4C’ study is somewhat ‘upstream’ of previous economic evaluations of 

PCCTs, since 95% of patients in the cost dataset were discharged alive compared to 

the 12 studies in §2 Literature Review, which had a median in-hospital survival rate
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of 70%. Even allowing for the trend towards shorter hospital stay, the ‘PC4C’ 

patients were not an ‘end-of-life’ cohort consistent with most previous studies.

Nonetheless the ‘PC4C’ patients are admitted to hospital with advanced cancer and 

in the large majority of cases at least one additional chronic condition, i.e. patients 

who are seriously ill with life-limiting conditions. This is not an ‘early’ palliative care 

intervention specifically integrated early in the disease trajectory, for example 

targeting patients who were recently diagnosed.

The implication of cost-effect heterogeneity by treatment timing is that cost-saving 

treatment earlier in the care trajectory could potentially impact costs (and other 

dependent variables) for longer and for a larger overall benefit. Equally, it will be 

valuable to track patient utilisation following discharge to evaluate if savings from 

hospital treatment continue to accrue.

The results in this thesis are drawn from a mean timeframe of less than nine days’ 

hospital stay yet the timing of treatment within those nine days has a substantial 

influence on cost effect. It stands to reason that in the context of long-term chronic 

illness studies taking a broader time perspective (treatment earlier in the trajectory 

and/or utilisation following discharge) could result in evidence of even more 

significant associations between treatment timing and cost.

Evaluations of PCCT interventions should investigate heterogeneity of 
incremental effect on cost in ways other than timing where possible
In addition to cost-effect heterogeneity by time-to-consult, this thesis identified a

larger cost-saving effect for patients with multimorbidity (and larger still for higher 

numbers of comorbidities).
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Unlike the tinning recommendation, this is not a question of research robustness. 

Mean cost-saving effect for all patients (as distinct from all patients with 

multimorbidity) will be a reasonable and valid primary association of interest in many 

health care evaluations, assuming the treatment has been correctly specified.

However, additional analyses on how and where treatment is (in)effective can inform 

organisation and provision of care by identifying in more detail how scarce resources 

are best allocated. Thus, the results in this thesis demonstrate that for the cost- 

saving potential of palliative care to be maximised, patients with complex needs 

should be prioritised.

Further research can explore both this specific association in other populations and 

settings, and other ways of identifying patients for whom palliative care is particularly 

(in)effective on cost and other dependent variables.

Future research can extend my findings on comorbidities, costs and PCCT 
impact on costs
Two key findings of this thesis are that number of comorbidities has a large and 

significant association with hospital costs, and that the PCCT intervention has a 

larger impact on costs for patients with higher numbers of comorbidities. The 

analyses as reported do not offer detailed information on specific comorbidities. 

These results require further investigation, particularly in the context of health 

spending in the US and other high-income countries being disproportionately driven 

by a minority of patients with multimorbidity.

In this thesis multimorbidity was measured using the Elixhauser index, a simple 

additive index in which a patient is awarded 1 in the presence (and 0 in the absence) 

of each of 31 comorbidities (Elixhauser et al., 1998). Thus, metastatic cancer and 

uncomplicated diabetes are afforded the same significance in the Elixhauser index.
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It has previously been shown that the Elixhauser index can be modified by weighting 

each individual comorbidity according to its association with hospital death, 

delivering a new index that more accurately reflects disease burden in research on 

morbidity (van Walraven et al., 2009).

It seems plausible that a similar modification could be pursued for research in the 

economic domain, weighting specific comorbidities according to their association 

with costs, providing better information on those conditions that are most associated 

with high costs as well as delivering a more accurate reflection of disease burden, 

and thus improving accuracy of cost modelling. In principle an indicative index per 

van Walraven et al. might be generated using the ‘PC4C’ data. But to follow van 

Walraven et al. and deliver a robust, generalisable index, it will likely be preferable to 

employ a large administrative dataset which allows derivation and validation 

techniques. Having established that cost effect varies by the number of 

comorbidities, it would also be very informative to identify the comorbidities for which 

PCCTs have the largest cost-saving effect, but this will require a larger dataset than 

that collected by the ‘PC4C’ project.

An important subsequent extension to such work on the association between specific 

comorbidities, costs and cost effects will be to understand which combinations of 

comorbidities are significant in this context. As noted in §4.5, chronic conditions 

work together synergistically (rather than additively), complicating the identification of 

appropriate medications and treatment regimens. If it is beneficial to develop a more 

nuanced approach that distinguishes between metastatic cancer and uncomplicated 

diabetes, then it may be more beneficial still to distinguish between the combinations 

and permutations of the 31 diseases in the Elixhauser index.
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My findings in §4.5 and §4.6 therefore represent only a first step. As demographic 

change and changing patterns of disease move health services research into an era 

of multimorbidity, further evidence on these issues will be essential to the planning 

and provision of cost-effective care to patients with multiple chronic illnesses.

Clinical research should investigate if associations between timing and patient 
complexity impact patient and family outcomes
The core findings of this thesis contribute new evidence on PCCT impact on cost. It 

is not clear the extent to which the same associations between incremental effect on 

cost, and timing and patient complexity are also evident in non-utilisation outcomes.

As described in §5.2.3 and below, this work is important to confirm the ‘non

inferiority’ assumption that observed cost-savings are not achieved at the expense of 

patient or family outcomes. Additionally it is plausible that both associations will also 

be observable with patient and family outcomes, further strengthening understanding 

of the impact of PCCT interventions.

These results could also be used in moving beyond hospital perspective in economic 

evaluation of these interventions and towards analysis incorporating both costs and 

consequences.

Further evidence on patient-level factors associated with propensity to treat 
would extend my findings
Patient-level factors are found to be associated with both propensity to treat (patients 

with a higher illness burden receive palliative care) and with hospital costs (illness 

burden is positively correlated with utilisation). Yet a majority of patients admitted 

with advanced cancer to large cancer centers with well-established palliative care 

teams did not receive palliative care.
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Taken together these results suggest that reforming treatment of patients with 

serious illness to incorporate palliative care requires further evidence on the reasons 

for low levels of referral. In particular does minority take-up of palliative care reflect 

patient and physician preferences, and are these preferences rational and consistent 

with the evidence on palliative care as a concurrent treatment option with curative 

care?

Additionally, equity concerns highlighted elsewhere in the literature, notably that 

access to higher-cost care is associated with higher socioeconomic status, are also 

substantiated by my analyses. Understanding the socioeconomic barriers to care 

access may in turn improve care to these patients. Such analyses should not 

assume that utilisation equates to good outcomes (since patient experience may be 

better where treatment intensity is lower, for example where futile care is reduced).

If access is shown to be restricted according to socioeconomic status, it is then 

worthwhile examining the extent to which this reduced access has negative 

consequences for patient health and quality of life.

Further evidence on how a PCCT operates would extend my results
In addition to information deficits over referral processes outlined above, there is also

scope for improved understanding on another element of clinical practice in this 

thesis: the PCCT itself.

The formal guidelines for teams and the goals of the intervention are clear.^^^ 

Through a standardised protocol, PCCTs supplement standard care through expert 

pain and symptom management, goals-of-care discussions, and transition 

management. The original results in this thesis supplement and strengthen previous

For a more detailed review of these guidelines and goals, see §3.1.4>lntervention.
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studies reporting iiospital cost-savings from PCCTs, and the evidence bases are 

increasingly well established on both poor outcomes for seriously-ill patients from 

standard care, and improved patient and family outcomes from palliative care.^^®

However, the mechanisms by which PCCTs realise causal effects have not been the 

subject of much detailed analysis. Reported improvements in pain and symptom 

management are inferred to follow the designated expertise of palliative care 

clinicians. In terms of quality of life and satisfaction, the inference is that patient- 

centred goals-of-care discussions consider both the advantages and disadvantages 

of high-intensity treatments, including their likelihood of success, and where patients 

and their families take a more active role in treatment choices they often prefer to 

emphasise quality of life over expensive interventions with limited evidence of 

efficacy. Reduced utilisation is also inferred to result from these choices.

In practice, the work of PCCTs is patient-centred and will vary substantively across 

diverse domains including expert opioid-prescribing, skilled co-ordination of care, 

administrative assistance in facilitating discharge, and bereavement counselling.

And it was shown in §2.4 that while the general pattern of PCCT impact is consistent 

- better or equal patient outcomes, and lower hospital costs - the specific outcomes 

affected are not so consistent. Some outcome studies have found, for example, 

improved pain and symptom scores but not improved satisfaction (and vice versa), 

while cost studies have found, for example, reduced pharmacy costs but not reduced 

laboratory costs (and vice versa). My original results (Table 4.4.6) show that an 

early consultation is associated with significantly lower pharmacy and laboratory

A detailed  review  of cost analyses o f PCCTs was provided in §2. For an overview  of the 'high costs, poor 

outcom es' paradigm  in care o f people w ith  serious illness, see § l>E stab lish ed  public health  p rio rity . For a 

review  o f the  prior evidence on patient and fam ily outcom es, see § 2 .4>  Evidence o f in te rven tio n  efficacy.
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costs, reaffirming the assumption in tlie literature that patient-centred treatment 

choices result in fewer drugs and tests than usual care.

Some variability in the PCCT cost literature more generally may be due to sub- 

optimal methods employed previously; once intervention timing is incorporated, an 

earlier intervention appears to reduce systematically costs in all major utilisation 

categories. It is also plausible that some of the variability in affected categories is 

due to variability in PCCT practice or patient population: while the guidelines and the 

goals are standardised, the emphasis and detail of how the intervention is delivered 

may vary according to which activities are considered by team members to be most 

appropriate and beneficial for specific patient groups.

The question of ‘what is a palliative care consultation?’ is therefore one meriting 

further investigation through primary research.

Investigators may be able to observe incremental effects for complex patients 
with small sample sizes
Nearly 6,000 patients were admitted to the ‘PC4C’ sites with an advanced cancer 

diagnosis during the study period. The principal sample size for economic 

evaluation includes less than 20% of these patients and reflects all who gave 

consent and for whom adequate data were collected.

Despite this attrition a number of important relationships are identified with high 

statistical significance. In particular it is noticeable that associations between 

treatment within 10 days and cost are discernible for patients with five or more 

comorbidities, where n=256. For tighter definitions of treatment (within fewer than 10 

days) the sample size was typically too small to balance a robust propensity score. 

Nevertheless, it is both positive and informative to learn that sample sizes as small
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as 250 for complex patients can be matched and that significant relationships for a 

sample of this size can be discerned.

Cost analyses of observational data should avoid controlling for unobserved 
heterogeneity using LOS
Removing short- and long-stay patients prior to analysis is sub-optimal on a number 

of counts. First, previous use has been inherently arbitrary, reducing sample size 

and power without evidence-based justification. Second, results from LOS-defined 

samples have limited implications for practice and policy since LOS is not known at 

admission; LOS-dependent evidence cannot be used to inform treatment decisions. 

Third, it has limited scope as a long-term approach in health services research as 

hospital LOS is reduced in health systems worldwide, meaning that those patients 

who do stay (for example) seven to 30 days in hospital will increasingly constitute a 

distinct minority with complex needs. Fourth, sample selection by outcome prior to 

matching on baseline characteristics undermines research design with observational 

data.

The use of LOS as a covariate risks introducing endogeneity into analysis since it is 

related to both likelihood to receive treatment (in the case of patients with serious 

illness, long hospital stay suggests palliative care need) and the dependent variable 

(LOS and total cost are by definition closely correlated). In regressing cost on LOS, 

analysts undermine the strength of their evaluation of the causal relationship of 

interest (that of treatment on cost).

Identifying daily hospital costs as primary dependent variable is unwise because it is 

merely a ratio and does not represent the overall resource use of a hospitalisation. 

Moreover, if there are differences in LOS between treatment and comparison groups 

then daily cost is not synonymous with total cost and must be interpreted carefully.
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To avoid misleading incremental-effect estimates, LOS controls should be 

r e s i s t e d .W h e re  it is considered that controlling for LOS is necessary and 

worthwhile, any incremental-effect estimates should be checked through multiple 

sensitivity analyses.

Investigators designing studies using observational methods need new 
approaches to unobserved heterogeneity
The corollary of my conclusions that LOS-control strategies are weak controls for 

unobserved heterogeneity and that unobserved heterogeneity exists in established 

methods in this field, is that future studies must find new ways to address this 

challenge.

As outlined in §2.4 and §3.2.2, an instrumental variable approach may address many 

of these concerns where it is possible to identify one. Where a strong, valid 

instrument cannot be identified, multiple sensitivity analyses must be performed to 

check the robustness of results.

A priority area for data collection in future is patient and physician preferences.

These would address the single biggest missing domain of the ‘PC4C’ study.

Further research with the ‘PC4C’ data will extend and strengthen my results
These results represent one group of outputs from the ‘PC4C’ study. One of my

aims in post-doctoral research is to extend these findings by incorporating additional 

study data as they become available.

Additionally, previous studies have m atched patients in the  propensity score according to  LOS. This is m ore  

serious than the  o ther concerns raised here, a fundam entally  flaw ed m ethodology th a t must be avoided in all 
circumstances. For details, see §2 .4>  Sam ple defin ition  by LOS.
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My first priority will be to incorporate treatment effects on patient and family 

outcomes in a cost-consequence an a lys is .P o ten tia l cost-savings highlighted by 

cost analysis of an intervention only imply potential efficiency gains on a 'non- 

inferiority' assumption: the outcomes for patients and their families must be at least 

as good following the intervention than they would have been following the 

alternative. In this thesis, the assumption was based on a consistent pattern of 

positive outcomes in evaluations of PCCTs with no evidence of negative outcomes, 

but it will be possible to validate the assumption using ‘PC4C’ data in future.

Specifically, discharge data will be made available on the ESAS and CMSAS 

symptom scales whose baseline data were included in the propensity scoring and 

regression analyses. These scales are divided into physical (pain, lack of energy, 

lack of appetite, dry mouth, weight loss, drowsiness, shortness of breath, 

constipation, difficulty sleeping, difficulty concentrating, nausea) and psychological 

(worry, sadness, nervousness) sub-scales. Additionally, measures of patient 

experience with transition management (CTM); family satisfaction for all patients 

irrespective of discharge status (FAMCARE); and surveys of bereaved relatives for 

patients who died in hospital (ABFMI) will be made available.

The precise nature of cost-consequence analysis to be employed is yet to be 

determined. Conceptual debate on outcome measurement in palliative care 

economics notwithstanding, detailed preference data have not been collected for the 

'PC4C’ patients, meaning that it will not be possible to perform a weighted synthesis

For more detail on the background to these issues, see §2.4>Forms of economic evaluation and §2.4> 
Outcom e measurement in economic evaluation of palliative care.

For context on how these data fit into the schema of the 'PC4C' project and my primary analyses, see §3.1.6  
Variables.
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of ESAS, CMSAS, CTM, FAMCARE and ABFMI measures into a single QALY-type 

measure. Rather, a simplified approach, perhaps calculating cost-effectiveness 

planes for selected patient and family outcome measures, will be pursued.

Additional domains for which data have been collected include processes and goals 

of care (providing more detail on how and why the PCCT intervention delivers 

benefits), and post-discharge utilisation data (to track the size and persistence of 

cost-saving effect following hospitalisation).

Such research will further strengthen the evidence on the PCCT intervention for 

advanced cancer patients as policy and clinical responses are urgently sought to 

improve quality and curb costs to this patient group.

Applying these findings to the Irish context
The applicability of these findings to other health systems and settings is unclear.

In-hospital palliative care consultation models are predominantly seen in high- 

income countries, including Ireland, but there are substantial differences in care 

provision between these c o u n t r i e s . F o r  example, US utilisation patterns in treating 

patients with serious illness may be higher than in Ireland, meaning lower scope in 

Ireland for cost-savings through interventions that reduce futile care.

However the relationship between timing and cost should in principle be robust since 

total hospital costs is a cumulative variable in all settings, and so a cost-saving 

treatment should have a greater effect if delivered earlier irrespective of local 

conditions. And the growing prevalence (and associated cost) of multimorbidity is a

For an overview of the system-specific pressures in the United States, notably towards high-intensity 
treatm ent and pharmaceutical cost growth, see §l>Established public health priority. For an overview of how 
incentives differ between the United States and Europe, and how this influences the development of palliative 
care programmes, see §2.4>Total versus direct costs as a dependent variable.
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universal problem in contemporary health care internationally, suggesting scope for 

complex interventions such as palliative care to exert significant impact on outcomes 

for complex patients.

The premise of the HRB Economics of Cancer Fellowship which funded my PhD 

research was that I gain substantive experience of health economics evaluation in 

the United States with a view to applying this expertise in Ireland in a post-doctoral 

context. I believe that the analyses presented in this PhD thesis represent a 

substantial addition to the evidence base and research methodology of this field.

Having accomplished this, my priority is to test the results derived here and 

associated recommendations in the Irish context. I hope that my future projects will 

address the impact of timely palliative care for patients with serious illness and 

multimorbidity in Ireland. In addition to testing my principal conclusions above I will 

seek to expand the scope of such evaluations to incorporate broader time horizons 

and patient/family perspectives, as well as analysing the impact of palliative care 

programmes beyond the hospital at a time when the future of care for people living 

with serious illness will be increasingly focused on the community setting.
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Appendices

Appendix to §2.2: Search terms used and results returned in identifying 
systematic reviews througli systematic database search (Figure 2.2.1)
The purpose of Appendix 2.2 is to detail the search terms used and results returned

in identifying systematic reviews for the meta-review in §2 (Figure 2.2.1). The 

search terms used to identify relevant reviews of palliative care interventions are 

detailed in the tables that follow.

The four database searches returned 483, 63, 3 and 29 papers respectively -  hence 

(483+63+3+29=) 578 papers were considered in Figure 2.2.1.

In all tables below * indicates a truncation; where “cost*” is searched, results are 

returned for any word beginning with “cost”; cost, costs, costing, etc.

Appendix 2 .2 /T ab le  1 M e ta -re v iew  search fo r systematic reviews: PubM ed search strategy

Step Subject heading or search term Studies returned

1
econom ic*[Title/Abstract] OR cost*[Title/Abstract] OR 
financ*[Title/Abstract] OR utiiization[Tltle/Abstract]

669816

2
palliative care[Title/Abstract] OR hospice care[Tltle/Abstract] OR 
term inal care[Title/Abstract] OR end of life care[Title/Abstract]

22651

3 2 AND 3 2073

4
"palliative care/economics"[MeSH Terms] OR "terminal 
care/econom ics"[MeSH Terms] OR "palliative care/utilization"[IVieSH  

Terms]
1928

5 3 OR 4 3572

6 review[Title] OR "review"[Publication Type] 2069557

7 "1980 /01 /01"[D a te  - Publication] : "2015 /02 /28"[D ate  - Publication] 19061471

8 English[Language] 20253149

9 5 AND 6 AND 7 AND 8 AND 9 483

Last search; March 25‘^ 2015.
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Appendix 2 .2 /Tab ie  2 M eta -rev iew  search fo r systematic reviews: CINAHL search strategy

Step Subject heading or search term Studies returned

1
MH cost savings OR MH cost benefit analysis OR M H ( costs and cost 
analysis ) OR MH Economics OR MH cost control OR MH health care 
costs OR MH health resource utilization OR MH health facility costs

60482

2
MH hospice OR M H palliative care OR M H term inal care OR M H  

critical illness
31782

3 1 A N D 2 773

4 AB cost* OR AB econom * OR AB finan* 79569

5 AB palliative OR AB term inal OR AB end of life OR AB hospice 19883

6 4 AND 5 1388

7 3 OR 6 2015

8 I I  review OR AB review 155600

9 8 AND 7 228

10
9 AND [Limiters: Published before 31 /0 2 /2 0 1 5 ; English Language; 

Age Groups: All Adult; Publication type: Journal article]
63

Last search: March 25'^ 2015.

Appendix 2 .2 /Tab le  3 M eta -rev iew  search for systematic reviews: EconLit search strategy

Step Subject heading or search term Studies returned

1
AB palliative care OR AB term inal care OR AB end o f life care OR AB 
hospice care

67

2 I I  Review or AB Review 72464

3 1 A N D 2 4

4
3 AND [Limiters - Published Date: 19800101-20150231; Publication 
Type: Journal Article]

3

Last search: March 25'^ 2015.

Appendix 2 .2 /T ab le  4 M eta -rev iew  search for systematic reviews: AM ED search strategy

Step Subject heading or search term Studies returned

1 Tl cost* or AB cost* 4932

2 Tl palliative care or AB palliative care 6299

3 Tl review or AB review 15531

4 1 AND 2 AND 3 29

5 4 AND [Limiter: Published before 31 /0 2 /2 0 1 5 ] 29

Last search: March 25‘^ 2015.
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Appendix to §2.3: Search terms used and results returned in identifying 
studies for the literature review through systematic database search 
(Figure 2.3.1b)
The purpose of Appendix 2.3 is to detail the search terms used and results returned 

in identifying studies for the literature review through systematic database search in 

§2 (Figure 2.3.1b). The search terms used to identify relevant reviews of palliative 

care interventions are detailed in the tables that follow.

The four database searches returned 395, 188, 18 and 5 papers respectively -  

hence (395+188+18+5=) 606 papers were considered in Figure 2.3.1b.

Appendix 2.3/Table 1 Database search fo r economic studies of PCCTs (2012-2015): PubMed search
strategy

Step Subject heading or search term tt of studies returned

1
"palliative care"[Title/Abstract] OR "end of life care"[Title/Abstract] 
OR hospice[Title/Abstract] OR "term inal care"[Title/Abstract]

26821

2
cost*[Title/Abstract] OR economic*[Title/Abstract] OR 
financial[Title/Abstract]

553059

3
"palliative care"[MeSH Terms] OR "hospice care"[MeSH Terms] OR 
"term inal care"[MeSH Terms]

75410

4

"cost benefit analysis"[MeSH Terms] OR "cost savings"[MeSH Terms] 
OR "cost control"[MeSH Terms] OR "economics"[MeSH Terms] OR 
"health care costs"[MeSH Terms] OR "health resources"[MeSH 
Terms] OR "health services/economics"[!VieSH Terms] OR "hospital 
costs"[MeSH Terms] OR "costs and cost analysis" [MeSH Terms]

526481

5 1 AND2 2034

6 1 AND4 2568

7 3 AND 2 2708

8 3 AND4 4596

9
"palliative care/economics"[MeSH Terms] OR "palliative 
care/utilization"[MeSH Terms] OR "terminal care/economics"[MeSH 
Terms] OR "critical illness/economics"[MeSH Terms]

2067

10 5 OR 6 OR 7 OR 8 OR 9 7903

11 hospital*[Title/Abstract] OR consult*[Title/Abstract] 953061

12
"2012/01/01"[Date - Publication] : "2015/02/28"[Date - Publication] 
AND "english"[Language] AND "journal article"[Publication Type]

2877442

13 10 AND 11 AND 12 395
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Last search: 31*' March, 2015.

Appendix 2.3/Table 2 Database search for economic studies of PCCTs (2012-2015): CINAHL search 
strategy

Step Subject heading or search term # of studies returned

1
MH cost savings OR MH cost benefit analysis OR MH ( costs and cost 
analysis ) OR MH Economics OR MH cost control OR MH health care 
costs OR MH health resource utilization OR MH health facility costs

60482

2
MH hospice OR MH palliative care OR MH terminal care OR MH 
critical illness

31782

3 1AND2 773

4 AB cost* OR AB econom* OR AB finan* 79569

5 AB palliative OR AB terminal OR AB end of life OR AB hospice 19883

6 4 AND 5 1388

7 3 OR 6 2015

8
7 AND [Limiters: Published betw/een 01/01/2012 and 31/02/2015; 
English Language; Age Groups: All Adult; Publication type: Journal 
article]

188

Last search: 30'^ March, 2015.

Appendix 2.3/Table 3 Database search for economic studies of PCCTs (2012-2015): Econlit search 
strategy

Step Subject heading or search term ft of studies returned

1
AB palliative care OR AB terminal care OR AB end o f life care OR AB 
hospice care

67

2
1 AND [Limiters - Published Date: 20120101-20150231; Publication 
Type: Journal Article]

18

Last search: 30*'̂  March, 2015.

Appendix 2.3/Table 4 Database search for economic studies of PCCTs (2012-2015): AMED search 
strategy

Step Subject heading or search term # of studies returned

1 I I  cost* or AB cost* 4932

2 Tl palliative care or AB palliative care 6299

3 I I  hospital or AB hospital 9124

4 1 AND 2 AND 3 75

5 4 AND [Limiter: Published Date: 20120101-20150231] 5

Last search: 30"' March, 2015.
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Appendix to §3: STROBE checklist for my primary analysis

Appendix 3/Table 1 STROBE checklist of items for reports of observational studies

Item
No

Notes

Title and abstract 1 Provided at the beginning of the thesis.

Introduction

Background/rationale 2 Broad policy and research context provided in §1. State of the 
science in economic evaluation of PCCT intervention established in 
§2. Specific context for 'PC4C' study and my primary research given 
in §3.1.1.

Objectives 3 See §3.1.2

Methods

Study design 4 See §3.1.3

Setting 5 See §3.1.4

Participants 6 (a) For eligibility criteria, and the sources and methods of 
recruitment, see §3.1.5.
(b) For matching process and criteria, see §3.2.1 and Table 3.2.1. For 
number of exposed and unexposed, see §4.1 and Figure 4.1.1.

Variables 7 See §3.1.6

Data sources 8 See §3.1.7

Bias 9 See §3.2.1

Study size 10 See §3.1.8

Quantitative variables 11 See §3.1.9

Statistical methods 12 (a) For those used to control for confounding, see §3.2.1. For those 
used to model costs and estimate PCCT impact on outcomes of 
interest, see §3.2.2 and §4.2.
All analyses are performed within this framework. Additional 
section-specific context is provided in the respective Methods sub
sections within §4.2, §4.3, §4.4, §4.5 and §4.6.

(b) For an overview of those used to control for confounding in 
subgroups, see §3.2.1>Additional propensity scores. The details of 
sub-sample-specific propensity scores are provided in Appendices, 
clearly labelled within §4.3, §4.4, §4.5 and §4.6.

Where interactions between patient-level factors and cost are 
examined, methods are explained in §4.6>Methods.

(c) Where patient was missing cost data or baseline data required to 
calculate the propensity score, s/he was excluded. Where survival 
data were missing, patients were categorised as dying during 
hospitalisation. See §4.1 and Figure 4.1.1.

(d) Loss to follow-up not applicable in this study, which examines one
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hospitalisation per patient.

(e) Multiple confirmatory/sensitivity analyses are detailed and 
reported in the respective Methods and Results sub-sections w ithin , 
§4.3, §4.4, §4.5 and §4.6.

Results

Participants 13 See §4.1>Participants and Figure 4.1.1.

Descriptive data 14 (a) For characteristics of study participants (e.g. demographic, 
clinical, social) and information on exposures and potential 
confounders, see §4.1>Descriptive data, and Table 4.1.1 and Table 
4.1.2. For characteristics o f sub-samples, see relevant Appendices.

(b) In principal sample (n=969) there are no participants w ith missin 
data for any variable of interest.

Outcome data^^^ 15 See §4.1>Cost data, and Table 4.1.3, Table 4.1.4, Table 4.1.5, and 
Table 4.1.6.

Main results 16 A preliminary analysis establishing appropriate economic modelling 
techniques is reported in §4.2. The main analysis o f the thesis is the 
presented in §4.3, §4.4, §4.5 and §4.6.

Primary analyses are detailed and reported in the respective Results 
sub-sections within §4.2, §4.3, §4.4, §4.5 and §4.6.

Other analyses 17 Secondary analyses are detailed and reported in the respective 
Results sub-sections w ithin §4.3, §4.4, §4.5 and §4.6.

Discussion

Key results 18 Main results and secondary results are considered in the respective 
Discussion sub-sections w ith in §4.3, §4.4, §4.5 and §4.6.

Limitations 19 See §5.2

Interpretation 20 Interpretation of the primary analysis results are considered in the 
respective Discussion sub-sections w ithin §4.3, §4.4, §4.5 and §4.6. 

An overall interpretation of primary results is provided in §5.1. i, 

A summary o f implications fo r future practice, policy and research i; 
provided in §5.3.

Generalisability 21 See §5.2

Costs are not typically categorised as outcomes in economic evaluation, which distinguishes between costs 
and consequences (see §2.4>Forms of economic evaluation). However, in the health services research 
literature from which the STROBE guidelines originate, costs are readily understood as an outcome (of 
interest). Since this is a PhD thesis in health economics, I follow the economics tradition in the main text; costs 
are referred to as a dependent variable (of interest) rather than as an outcome, and the phrase 'outcome of 
interest' is used only in general conceptual discussion (e.g. §3.2.1 Bias & confounding: propensity score 
methods). For the purposes of the STROBE checklist (and in papers originating from the thesis but published 
in non-economics journals), costs may be categorised as an outcome: they are the primary dependent variable 
on which the causal effect of the intervention is estimated.
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Other information

Funding 22 'PC4C' study funded by NCI & NINR (National Institutes o f Health, 
2006). Economics o f Cancer fellowship funded by HRB and NCI 
(Health Research Board, 2011). Sponsors had no role in study design; 
in data collection, analysis and in terpretation; or in w riting  or 
submission o f the thesis. See also §1 and §3.1.

Note; I did consider including a checklist for economic evaluations. However, the equivalent 
list for health economics is that of Drummond and Jefferson (1996). Their checklist is 
concerned with a series of issues that are not applicable to my thesis (including measuring 
benefits and time horizon issues) and does not include issues that are fundamental to my 
thesis, including baseline heterogeneity and heterogeneity of incremental effect. I therefore 
concluded that the STROBE checklist was adequate to illustrate the format of my enquiry.
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Appendix to §4.1: Overview of patients not discharged alive
In all primary analyses In §4 Results, patients are separated by discharge status

due to a possible heterogeneity p r ob l em .S inc e  there are insufficient patients in 

the decedent group to support a propensity score, the survivor group (n=969) is the 

principal sample throughout the thesis with sensitivity analysis performed where 

patients are pooled irrespective of discharge status (n=1,023).

In §4.1 I provided an overview of how the principal sample was reached. The 

purpose of Appendix 4.1 is to provide an equivalent overview of patients who were 

not discharged alive.

A comparison of samples by discharge status according to selected baseline 

statistics is provided in Appendix 4.1/Table 1, corresponding to Table 4.1.1 in the 

main document.

Appendix 4.1/Table 1 shows that there are no significant demographic or socio

economic differences between patients discharged alive and those who died during 

hospitalisation.

The most substantive differences relate to illness burden: patients who died had 

more comorbidities, lower activities of daily living and higher physical symptom 

scores. Additionally there were fewer patients in the decedent group with the 

primary diagnosis of ‘other’ cancer.

Separating by discharge status is standard practice in this field but sensitivity analyses fo llow ing pooling 

irrespective o f discharge status have not been standard. See §2 .4 , §3 .2 .1>P rop ens ity  score m ethods  app lied , 
and §4.1.

Patients coded as dying in hospital, n=51; patients w ith  missing survival data, n=3.
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Appendix 4.1/Table 1 Selected statistics of unweighted samples, by discharge status

Discharged Alive 
(n=969)

Died in Hospital 
(n=54*)

t-test

(p-value)

Age <55 306 (31.6%) 11 (20.3%) 0.08

55W75 553 (57.1%) 36 (66.7%) 0.17

75< 110 (11.4%) 7 (13.0%) 0.72

Gender Female 537 (55.4%) 28 (51.9%) 0.61

Male 432 (44.6%) 26 (48.1%)

Race White 648 (66.9%) 32 (59.3%) 0.25

Black 255 (26.3%) 19 (35.2%) 0.15

Other 66 (6.8%) 3 (5.6%) 0.72

Insurance Medicare 179 (18.5%) 12 (22.2%) 0.49

Medicaid 167 (17.2%) 7 (13.0%) 0.42

Other 623 (64.3%) 35 (64.8%) 0.94

Adv. Directive Yes 559 (57.7%) 27 (50%) 0.27

Diagnosis Gl 211 (21.8%) 17 (31.5%) 0.10

Lymphoma 76 (7.8%) 3 (5.6%) 0.54

CNS 17 (1.8%) 0 (0.0%) 0.33

Breast 96 (9.9%) 8 (14.8%) 0.25

Gynaecological 115 (11.9%) 6 (11.1%) 0.87

HCC 21 (2.2%) 2 (3.7%) 0.46

Lung 137 (14.1%) 9 (16.7%) 0.61

Other 296 (30.5%) 9 (16.7%) 0.03

Comorbidities Elixhauser Tot. 3.41 5.00 <0.01

Activity Level ADL-6 10.50 8.83 <0.01

Symptoms ESAS Physical 1.59 2.00 <0.01

ESAS Psych. 1.49 1.60 0.55

Site 1 122 (12.6%) 4 (7.4%) 0.36

2 106 (10.9%) 8 (14.8%) 0.28

3 331 (34.2%) 17 (31.5%) 0.69

5 410 (42.3%) 25 (46.3%) 0.57

* 51 patients were recorded as dying during hospitalisation; three had nnissing survival data.
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Appendix to §4.2: Details of models with covariates reduced &high- 
utilisation outliers removed
In §4.2 I compared performance of different modelling approaches in estimating the 

incremental effect of the PCCT intervention on direct cost of hospital stay for the 

principal sample (n=969). This was done employing the following independent 

predictors (in addition to treatment): the 33 covariates included in the principal 

sample propensity score (Table 3.2.1) and fixed effects for each site.

In Table 4.2.5 I compared the impact on model performance of (I) reducing the 

number of covariates in the model to those considered most important for estimating 

incremental effect, and (ii) removing long-stay and high-cost outliers from the sample 

(since these distributions are heavily right-skewed, complicating analysis of the 

dependent variable).

The purpose of Appendix 4.2 is to detail these models and samples.

Models with fewer covariates
Details of the predictors employed in the ‘reduced’ and ‘minimal’ models in Table 

4.2.5 are provided in Appendix 4.2/Table 1.
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Appendix 4 .2 /T a b le  1 Predictors included in models w ith  reduced tf o f covariates (per Table 4 .2 .5)

Predictors included in the 'Reduced' model: Predictors included in the 'Minimal' model:

Age Elixhauser Total Age Fixed site effects

Gender ESAS Phys. scoret Gender

Race: W hite ESAS Psych, scoret Race: W hite

Race: Black CMSAS Number t Race: Black

Advance directive CMSAS Severityt Advance directive

Insurance: Medicare M orph ine dose Insurance: Medicare

Insurance: Medicaid Home health aide Insurance: Medicaid

Diagnosis: Lymphoma Fixed site effects Elixhauser Total

Visiting nurse services Diagnosis: Cancer type

For a detailed explanation o f these variables, see Table 3.2.1.
+ These scores are the sum o f scores taken at baseline/admission and at consult/re ference day.

Models with high-utilisation outliers removed
For the primary sample (n=969) in this thesis, propensity scores were calculated to 

balance the treatment and comparison groups on observed confounders (see 

§3.2.1 >Propensity score methods -  applied). Where the treatment and/or 

comparison group is redefined - for example, the removal of high-utilisation outliers 

as in §4.2- a new sample-specific propensity score was calculated (see 

§3.2.1 >Additional propensity scores).

Overviews of the matched samples without the 5% of longest-stay patients 

(L0s<=20) and without the 5% of highest cost patients (Total direct costs<23153.96) 

are provided in Appendix 4.2/Table 2. In all cases balance was checked before 

matching (step 3, per Table 3.2.2 for the principal sample) and after matching (step 

5, per Table 4.1.2 for the principal sample). Following matching, treatment and 

comparison groups were balanced on all covariates to within the 10% guideline 

highlighted by Garrido et al. (2014). No patient was lost to matching in either 

sample.
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Appendix 4 .2 /T ab le  2 Sum mary of propensity score matching fo r sub-samples in Table 4 .2 .5

Sub-sample

Discharged 
alive &

Steps 1 &  2:

Included covariates differ from  the 33 used to  
balance primary sample in Table 3.2.1?

Step 5: Patients supported 
(UC/PC/AII) and patients lost to  
matching (LTM)

UC
(n=)

PC
(n=)

All
(n=)

LTM

(n=)

L0s<=20 No difference 686 238 924 0

Total direct 
costs<23153.96

Age re-categorised as a continuous variable; 
advance directive (=1 if living w/ill=l | proxy=l) 
replaces living will and proxy.

683 236 919 0

270



Appendix to §4.3: Summary of propensity scores
For the primary sample (n=969) in this thesis, propensity scores were calculated to 

balance the treatment and comparison groups on observed confounders (see 

§3.2.1 >Propensity score methods -  applied). Where the treatment and/or 

comparison group is redefined - for example, by patient length of stay as in §4.3 - a 

new sample-specific propensity score was calculated (see §3.2.1 >Additional 

propensity scores).

Overviews of the matched samples without short- and/or long-stay outliers are 

provided in Appendix 4.3/Table 1. In all cases balance was checked before 

matching (step 3, per Table 3.2.2 for the principal sample) and after matching (step 

5, per Table 4.1.2 for the principal sample). Following matching, treatment and 

comparison groups were balanced on all covariates to within the 10% guideline 

highlighted by Garrido et al. (2014). Two patients were lost to matching in each 

sample: no alternative matching strategy (steps 4 &5, per Table 3.2.3 for the 

principal sample) reduced this loss to matching without a marked increase in bias 

between groups.

Appendix 4.3/Table 1 Summary of propensity score matching for sub-samples in Table 4.3.3

Sub-sample

Discharged 
alive &

Steps 1 & 2;

Included covariates differ from the 33 used to 
balance primary sample in Table 3.2.1?

Step 5: Patients supported 
(UC/PC/AII) and patients lost to 
matching (LTM)

U 
II

PC
(n=)

All

(n=)

LTM

(n=)

4<=LOS<=25 No difference 700 217 917 2

LOS<=25
Advance directive (=1 if living w/ill=l j proxy^l) 
replaces living w ill and proxy.

700 242 942 2

4<=L0S
Advance directive (=1 if living w ill= l j proxy=l) 
replaces living w ill and proxy.

713 229 942 2

* Equivalent figures for L0s<=20 sample were previously provided in Appendix 4.2/Table 2.
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Appendix to §4.4: Summary of propensity scores; overview of ICU sub
sample; results of sensitivity analyses

Appendix 4.4a
For the primary sample (n=969) in this thesis, propensity scores were calculated to 

balance the treatment and comparison groups on observed confounders (see 

§3.2.1 >Propensity score methods -  applied). Where the treatment and/or 

comparison group is redefined - for example, by intervention timing as in §4.4 - a 

new sample-specific propensity score was calculated (see §3.2.1 >Additional 

propensity scores).

Overviews of the matched samples for the main and secondary analyses in §4.4 

(Table 4.4.3, Table 4.4.4, Table 4.4.5, Table 4.4.6) are provided in Appendix 

4.4a/Table 1. Equivalent tables for sensitivity analyses with late-consult outliers re

categorised as controls (Table 4.4.8), trimming both treatment and comparison arms 

by LOS (Table 4.4.9) and pooling all patients irrespective of discharge status (Table 

4.4.10) are given in subsequent tables.

In all cases balance was checked before matching (step 3, per Table 3.2.2 for the 

principal sample) and after matching (step 5, per Table 4.1.2 for the principal 

sample). Following matching, treatment and comparison groups were balanced on 

all covariates to within the 10% guideline highlighted by Garrido et al. (2014). No 

more than four patients were lost to matching in any sample; no alternative matching 

strategy (steps 4 & 5, per Table 3.2.3 for the principal sample) reduced loss to 

matching without a marked increase in bias between groups.
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Appendix 4.4a/Table 1 Summary of propensity score matching for sub-samples in Table 4.4.3, 
Table 4.4.4, Table 4.4.5, Table 4.4.6

Sub-sample

Discharged 
alive & 
intervention 
defined as 
within

Steps 1 & 2:

Included covariates differ fronn the 33 used to 
balance primary sample in Table 3.2.1?

Step 5: Patients supported 
(UC/PC/AII) and patients lost to 
matching (LTM)

UC
(n=)

U 
II

All

(n=)

LTM

(n=)

20 days
ESAS & CMSAS scores summed from admission 
and reference day creating one overall variable 
for each.

713 249 962 0

10 days
Binary age variables converted to  a single 
continuous variable.

713 244 957 0

6 days No difference 713 231 944 1

2 days
Advance directive (=1 if living w ill= l | proxy=l) 
replaces living will and proxy.

713 197 910 0

Appendix 4.4a/Table 2 Summary of propensity score matching for sub-samples in Table 4.4.8

Sub-sample

D/C alive, 
intervention 
defined as 
within
& late-consult 
outliers controls

Steps 1 & 2:

Included covariates differ from the 33 used to 
balance primary sample in Table 3.2.1?

Step 5: Patients supported 
(UC/PC/AII) and patients lost to 
matching (LTM)

UC
(n=)

PC
(n=)

All

(n=)

LTM

(n=)

20 days Pain and fatigue variables excluded. 719 249 968 1

10 days No difference 725 242 967 2

6 days No difference 737 232 969 0

2 days No difference 772 197 969 0

Appendix 4.4a/Table 3 Summary of propensity score matching for sub-samples in Table 4.4.9

Sub-sample

D/C alive, 
intervention 
defined as 
within 
& LOS<

Steps 1 & 2:

Included covariates differ from the 33 used to 
balance primary sample in Table 3.2.1?

Step 5: Patients supported 
(UC/PC/AII) and patients lost to 
matching (LTM)

UC
(n=)

PC
(n=)

All

(n=)

LTM

(n=)

10 days No difference 583 192 775 4

6 days No difference 360 114 474 0

* Equivalent figures for L0s<=20 sample were previously provided in Appendix 4.2/Table 2.
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Appendix 4 .4a /Tab le  4 Summary o f propensity score matching fo r sub-samples in Table 4 .4 .10

Sub-sample

All patients  
irrespective o f 
d /c  status & 
intervention  
defined as 
within

Steps 1 & 2:

Included covariates differ from  the 33 used to  
balance primary sample in Table 3.2.1?

Step 5: Patients supported 
(UC/PC/AII) and patients lost to  
matching (LTM)

UC
(n=)

U 
II 

0. 
c

All

(n=)

LTM

(n=)

A nytim e No difference 735 286 1021 2

20 days No difference 735 279 1014 2

10 days
ESAS & CMSAS scores summed from admission 
and reference day creating one overall variable 
for each.

735 270 1005 2

6 days No difference 735 254 989 1

2 days
ESAS & CMSAS scores summed from admission 
and reference day creating one overall variable 
for each.

735 210 945 1
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Appendix 4.4b
In §4.4>Secondary analyses I examined the underling source of observed cost- 

savings by utilisation category (see Table 4.4.6). As detailed in the text it was not 

possible to repeat primary analysis methods with intensive care unit (ICU) costs as a 

dependent variable due to their unusual distribution: 11 % (n=111) had non-zero ICU 

costs, an insufficient number to calculate a propensity score. Instead, regressions 

were run on an unmatched sample.

The purpose of Appendix 4.4b is to summarise the characteristics of this unmatched 

sample, in comparison to the principal sample (n=969) and separated by treatment 

group. These data are provided in Appendix 4.4b/Table 1.

The only statistically significant difference between ICU and non-ICU patients is that 

the former had higher comorbidities on the Elixhauser scale.

Among ICU patients only there are differences between palliative and usual care 

groups on advance directives, insurance programme and race. PC patients stayed 

significantly longer in hospital compared to UC patients in the ICU. There are no 

significant differences on illness burden but on balance the PC patients exhibit 

higher burden with (slightly) higher comorbidities and (noticeably) higher symptom 

scores. The UC patients have higher activities of daily living, which is not consistent 

with other samples in this thesis.

Given that PC patients in the ICU stayed significantly longer and had at least as 

large an illness burden, the estimated effect from an unweighted regression reported 

in Table 4.4.7 is taken to be indicative of the relationship; all else being equal the 

estimate might be larger in a weighted regression.
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Appendix 4.4b/Table 1 Patients with non-zero ICU costs (n = lll)  compared to  non-ICU patients (n=858) and separated by treatm ent group
Non-ICU
(n=858)

ICU
(n = lll)

t-test
(p-value)

ICU Usual Care 
(n=85)

ICU Palliative 
Care(n=26)

t-test
(p-value)

Age <55 31 .7% 30 .6% 0.82 27 .1% 42 .3% 0.14

55to75 57 .0% 57 .7% 0.89 61 .2% 46 .2% 0.18

75< 11 .3% 11.7% 0.90 11 .8% 11 .5% 0.98

Gender Female 56 .2% 49 .5% 0.19 44 .7% 65 .4% 0.07

Male 43 .8% 50 .5% 55 .3% 34 .6%

Race White 66 .2% 72 .1% 0.22 77.6% 53.8% 0.02

Black 26 .6% 24 .3% 0.61 18.8% 42.3% 0.01

Other 7 .2% 3 .6% 0.15 3 .5% 3 .8% 0.94

Insurance Medicare 17 .8% 23 .4% 0.15 24 .7% 19 .2% 0.57

Medicaid 17 .5% 15 .3% 0.57 10.6% 30.8% 0.01

Other 64 .7% 61 .3% 0.48 64 .7% 50 .0% 0.18

Adv. Directive Yes 57 .9% 55 .9% 0.68 61.2% 38.5% 0.04

Diagnosis Solid 79 .5% 86 .5% 0.08 85 .9% 88 .5% 0.74

Lymphoma 8 .0% 6 .3% 0.52 7 .1% 3 .8% 0.56

Gynaecological 12 .5% 7 .2% 0.11 7 .1% 7 .7% 0.91

Comorbidities Elixhauser 3.3 4.2 <0.01 4.1 4.3 0.68

Activity Level ADL-6 10.5 10.4 0.66 10.6 9.7 0.09

Symptoms ESAS Physical 1.6 1.5 0.18 1.4 1.7 0.08

ESAS Psych. 1.5 1.5 0.86 1.5 1.5 0.86

CMSAS # 7.9 7.4 0.18 7.1 8.3 0.11

CMSAS Sev'rity 12.3 10.8 0.15 10.1 13.1 0.15

LOS Days 7.8 11.8 <0.01 10.9 14.8 0.04
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Appendix 4.4c
The purpose of Appendix 4.4c is to detail sensitivity analyses performed on the 

primary analysis in §4.4. The analyses are intended to check the robustness of the 

main results in two aspects specifically.

First, the model comparison selection process in §4.2 concluded with the selection of 

generalised linear model (GLM) with a gamma distribution and a log link for primary 

analysis of the data on the basis of its comparatively strong performance in 

evaluation tests and its strength in providing a reliable mean incremental effect 

estimate in $ form. However, the selection was not straightforward: GLM (gamma, 

log) was the dominant GLM specification but did not dominate non-GLM models in 

evaluation; it failed one test (Pearson) with propensity score weights (Table 4.2.4) 

and other non-GLM models had better in-sample accuracy on some measures. In 

particular, the In(OLS) approach performed better in evaluation once weights were 

added but this method has well known limitations of its own, detailed in 

§3.2.2>Background. Consequently I wanted to check my primary results with a 

standard OLS; I am conscious that the point estimates for incremental effect are 

unlikely to be accurate but want to ensure that the patterns observed in my main 

analysis are not due to model specification only.

Second, in the presence of unobserved confounding, it is possible for the impact of 

unobserved variables to worsen when using a propensity score approach (Brooks 

and Ohsfeldt, 2013). Consequently it is advisable to check results without weights 

for robustness.
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With respect to these concerns, Appendix 4.4c/Table 1 presents results that repeat 

the Table 4.4.3 analysis with OLS on untransformed costs, with and without weights, 

and GLM (gamma, log) without weights.

These sensitivity analyses confirm the robustness of the results reported in Table 

4.4.3: earlier palliative care consult is associated with larger cost-saving effect for a 

variety of modelling approaches, with and without propensity score weights.

For both models the unweighted estimates are lower than the equivalent result with 

weighted regressions, which is expected as weights balance the treatment and 

comparison groups {inter alia) on the higher illness burden of palliative care patients 

(see Table 4.1.1, Table 4.1.2).

The point estimates for effect vary by model, which is also expected. The OLS on 

untransformed costs has lower estimates than the GLM and much larger, less 

efficient confidence intervals, affirming the model’s unsuitability for estimating cost 

effects with skewed, leptokurtic data.^^''

Therefore I am confident that the incremental-effect estimates produced in the 

primary analysis are robust to model selection and propensity score use (the strong 

observable association between timing and estimated effect on cost is persistent in 

all cases). Additionally I take my primary results to be more meaningful than those 

presented in Appendix 4.4c/Table 1 because (a) propensity score weights are 

important to account for confounding between treatment and comparison groups.

Equivalent regressions on log-transform ed costs using a smearing factor to  re -convert estim ates to  USD find  
larger increm ental effects than the GLM used in prim ary analysis, fu rth er affirm ing the  unreliab ility  o f OLS 

approaches [data not shown],
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and (b) GLM (gamma, log) is a more accurate and efficient estimator of incremental 

effect on cost than OLS approaches.

See also Appendix 4.5c, where the same patterns were observable and the same conclusions drawn for 
m ultim orbid ity analyses.
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Appendix 4.4c/Table 1 Sensitivity analysis on Table 4.4.3 results, checking robustness to  model selection and propensity score weights (see §4.2)

Treatment 
defined as 

within 
days

UC
(n=)

PC
(n=)

OLS on untransform ed costs GLM (gamma, log)

Unweighted W eighted Unweighted

of hospital 
admission 

(%ile)

$ Effect 

(95% Cl)
P

value
%

Saving
$ Effect 

(95% Cl)
P

value
%

Saving
$ Effect 

(95% Cl)
P

value
%

Saving

Any time 
(100%)

713 256 +1201 
(-786 to  +3188)

0.24 (12%) +917 
(-946 to  +2780)

0.34 (10%)
+730 

(-789 to  +2249)
0.35 (8%)

20

(97.5%)
713 249 +276 

(-1705 to  +2257) 0.79 (3%)
-124 

(-1988 to  +1739)
0.90 1%

+69
(-1401 to  +1540) 0.93 1%

10

(95%)
713 243

-300 
(-2119 to  +1519)

0.75 3% -629 
(-2262 to  +1004)

0.45 7% -383 
(-1732 to  +967)

0.58 4%

6

(90%)
713 231

-641 
(-2514 t o +1232) 0.50 7%

-746 
(-2754 to  +1262)

0.47 8%
-748 

(-2175 to  +679)
0.30 8%

2

(75%)
713 197 -1293 

(-3435 to  +850)
0.24 14% -1399 

(-3212 to  +414)
0.13 15%

-1442 
(-2888 to  +4)

0.05 15%

$ effect=Mean estim ated incremental effect in USD; % saving=lmplled mean saving.
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Appendix to §4.5: Summary of propensity scores; overview of 
m ultimorbidity sub-samples; results of sensitivity analyses

Appendix 4.5a
For the primary sample (n=969) in this thesis, propensity scores were calculated to 

balance the treatment and comparison groups on observed confounders (see 

§3.2.1 >Propensity score methods -  applied). Where the treatment and/or 

comparison group is redefined - for example, by patient multimorbidity as in §4.5 - a 

new sample-specific propensity score was calculated (see §3.2.1 >Additional 

propensity scores).

Overviews of the matched samples for the main and secondary analyses in §4.5 

(Table 4.5.3, Table 4.5.4, Table 4.5.5, Table 4.5.6) are provided in Appendix 

4.5a/Table 1. Equivalent tables for sensitivity analyses with late-consult outliers re

categorised as controls (Table 4.5.7) and pooling all patients irrespective of 

discharge status (Table 4.5.8) are given in Appendix 4.5a/Table 2 and Appendix 

4.5a/Table 3 respectively.

In all cases balance was checked before matching (step 3, per Table 3.2.2 for the 

principal sample) and after matching (step 5, per Table 4.1.2 for the principal 

sample). Following matching, treatment and comparison groups were balanced on 

all covariates to within the 10% guideline highlighted by Garrido et al. (2014). Where 

there was loss to matching, no alternative matching strategy (steps 4 and 5, per 

Table 3.2.3 for the principal sample) reduced this loss to matching without a marked 

increase in bias between groups.
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Appendix 4 .5a /T ab le  1 Summary of propensity score matching for sub-samples in Table 4 .5 .3 , 
Table 4.5 .4 , Table 4 .5 .5 , Table 4.5 .6

Sub-sample

Discharged 
alive, PC within  
10 days &

Steps 1 & 2:

Included covariates differ from  the 33 used to  
balance primary sample in Table 3.2.1?

Step 5: Patients supported 
(AII/UC/PC) and patients lost to  

matching (LTM)

UC
(n=)

PC
(n=)

All

(n=)

LTM

(n=)

2+
Comorbidities

Pain and fatigue variables excluded.
553 221 774 3

3+
Comorbidities

No difference
436 187 623 1

4+
Comorbidities

Advance directive (=1 if living w ill= l | proxy=l) 
replaces living will and proxy. Age re
categorised as continuous. No Elixhauser total 
(considered appropriate for this sample where  
distribution o f Elixhauser total is very narrow). 
No pain and fatigue dummy variables.

296 136 432 4

5+
Comorbidities

Advance directive (=1 if living w ill= l | proxy=l) 
replaces living will and proxy. Age re
categorised as continuous. ESAS & CMSAS 
scores summed from  admission and reference 
day creating one overall variable for each. No 
pain and fatigue dum my variables.

174 82 256 2

282



Appendix 4 .5a /Tab le  2 Sum m ary o f propensity score matching for sub-samples in Table 4.5 .7

Sub-sample

Discharged  
alive, PC within 
10 days, late- 
consult outliers 
controls &

Steps 1 &  2:

Included covariates differ from  the 33 used to 
balance primary sample in Table 3.2.1?

Step 5: Patients supported 
(All/UC/PC) and patients lost to 
matching (LTM)

UC
(n=)

PC
(n=)

All

(n=)

LTM

(n=)

2+
Comorbidities

Advance directive (=1 if living w ill= l | proxy=l) 
replaces living will and proxy.

564 221 785 3

3+
Comorbidities

No difference
447 187 634 1

4+
Comorbidities

No difference
306 137 443 3

5+
Comorbidities

Advance directive (=1 if living w ill= l | proxy=l) 
replaces living will and proxy. Age re
categorised as continuous. ESAS & CMSAS 
scores summed from  admission and reference 
day creating one overall variable for each. No 
pain and fatigue dum m y variables.

182 82 264 2
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Appendix 4 .5a /Tab le  3 Sum mary o f propensity score matching fo r sub-samples in Table 4 .5 .8

Sub-sample

All patients 
irrespective o f  
discharge 
status, PC 
within 10 days 
&

Steps 1 8i 2:

Included covariates differ from  the 33 used to  
balance primary sample in Table 3.2.1?

Step 5: Patients supported 
(AII/UC/PC) and patients lost to  
matching (LTM)

UC
(n=)

PC
(n=)

All

(n=)

LTM

(n=)

2+
Comorbidities

ESAS & CMSAS scores summed from admission 
and reference day creating one overall variable 
for each. No pain and fatigue dum my variables.

573 251 824 0

3+
Comorbidities

No pain and fatigue dum my variables.
454 212 666 1

4+
Comorbidities

Advance directive (=1 if living w ill= l | proxy=l) 
replaces living w/ill and proxy. No pain and 
fatigue dummy variables.

313 162 475 2

5+
Comorbidities

Advance directive (=1 if living w/ill=l | proxy=l) 
replaces living w/ill and proxy. Age re
categorised as continuous. No Elixhauser total 
(considered appropriate for this sample where  
distribution of Elixhauser total is very narrow). 
ESAS & CMSAS scores summed from admission 
and reference day creating one overall variable 
for each. No pain and fatigue dum my variables.

187 99 286 4
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Appendix 4.5b
The primary analysis in §4.5 stratified the sample according to number of patient 

comorbidities and these sub-samples were presented in Appendix 4.5a.

The prevalence of specific comorbidities within these sub-samples in Appendix 

4.5b/Table 1.

In over 95% of cases in the matched multimorbidity group (739 out of 774 patients), 

at least one recorded comorbidity is a cancer diagnosis (Elixhauser groups 17-19). 

However, some cancer diagnoses that made patients eligible for the ‘PC4C’ study 

are not recorded on the Elixhauser index, e.g. myeloma. Therefore in the 

multimorbidity sample there are a small number of patients (n=35) who had multiple 

non-cancer comorbidities and an advanced cancer, but for whom the cancer 

diagnosis is not reflected in their Elixhauser score.

In addition to cancer, the most prevalent comorbidities are hypertension and 

fluid/electrolyte disorders, which affect around half of patients, and cardiac 

arrhythmia, chronic pulmonary disease, weight loss and depression, which affect a 

quarter to a third of patients.

Conditions for which there is markedly higher prevalence in samples with higher 

numbers of comorbidities include congestive heart failure, cardiac arrhythmia, 

pulmonary circulation, hypertension, chronic pulmonary disease, renal failure, 

coagulopathy, fluid/electrolyte disorders, weight loss and depression.
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Appendix 4.5b/Table 1 Prevalence of specific comorbidities within primary analysis sub-samples

2+
Comorbidities

(n=774)

3+
Comorbidities

(n=623)

4+
Comorbidities

(n=432)

5+
Comorbidities

(n=256)

Congestive Heart Failure 61 8%) 61 (10%) 58 13%) 53 (21%)

Cardiac Arrhythmia 121 16%) 117 (19%) 105 24%) 83 (32%)

Valvular Disease 30 4%) 30 (5%) 28 6%) 24 (9%)

Pulmonary Circulation 41 5%) 41 (7%) 37 9%) 32 (13%)

Peripheral Vascular Disorders 29 4%) 27 (4%) 24 6%) 20 (8%)

Hypertension Uncomplicated 351 45%) 321 (52%) 230 53%) 145 (57%)

Hypertension Complicated 51 7%) 51 (8%) 50 12%) 41 (16%)

Paralysis 23 3%) 21 (3%)) 17 4%) 15 (6%)

Other Neurologic Disorders 47 6%) 42 (7%) 32 7%) 22 (9%)

Chronic Pulmonary Disease 154 20%) 149 (24%) 128 30%) 94 (37%)

Diabetes Uncomplicated 40 5%) 38 (6%) 32 7%) 23 (9%)

Diabetes Complicated 13 2%) 13 (2%) 13 3%) 11 (4%)

Hypothyroidism 78 10%) 75 (12%) 62 14%) 43 (17%)

Renal Failure 65 8%) 63 (10%) 59 14%) 47 (18%)

Liver Disease 32 4%) 30 (5%) 24 6%) 20 (8%)

Peptic Ulcer Disease 8 1%) 8 (1%) 7 2%) 6 (2%)

AIDS/HIV 3 <1%) 2 (<1%) 1 <1%) 1 (<1%)

Lymphoma 54 7%) 45 (7%) 31 7%) 19 (7%)

Metastatic Cancer 544 70%) 450 (72%) 324 75%) 191 (75%)

Solid Tumour without Metastasis 564 73%) 466 (75%) 337 78%) 205 (80%)

Rheumatoid Arthritis 14 2%) 13 (2%) 12 3%) 8 (3%)

Coagulopathy 45 6%) 43 (7%) 40 9%) 32 (13%)

Obesity 21 3%) 21 (3%) 20 5%) 15 (6%)

Weight Loss 177 23%) 169 (27%) 140 32%) 89 (35%)

Fluid/Electrolyte Disorders 303 39%) 285 (46%) 233 54%) 150 (59%)

Blood Loss Anaemia 4 1%) 4 (1%) 2 <1%) 1 (<1%)

Deficiency Anaemia 24 3%) 22 (4%) 21 5%) 15 (6%)

Alcohol Abuse 23 3%) 23 (4%) 19 4%) 19 (7%)

Drug Abuse 22 3%) 21 (3%) 15 3%) 11 (4%)

Psychoses 11 1%) 11 (2%) 10 2%) 8 (3%)

Depression 154 20%) 146 (23%) 118 27%) 83 (32%)
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Appendix 4.5c
The purpose of Appendix 4.5c is to detail sensitivity analyses performed on the 

primary analysis in §4.5. The analyses are intended to check the robustness of the 

main results in two aspects specifically: to model selection, and to propensity score 

matching (see §4.2>Discussion and Appendix 4.4c for a fuller explanation of the 

rationale for these sensitivity analyses).

Appendix 4.5c/Table 1 presents results that repeat the Table 4.5.3 analysis with OLS 

on untransformed costs, with and without weights, and GLM (gamma, log) without 

weights.

These sensitivity analyses confirm the robustness of the results reported in Table 

4.5.3: palliative care consult is associated with larger cost-saving effect for patients 

with the highest number of comorbidities for a variety of modelling approaches, with 

and without propensity score weights. As in the primary analysis, the distinction 

between patients with 4+ and 5+ comorbidities and other sub-samples is clearer than 

for 2+ and 3+ comorbidities, which return similar results. Proportionally fewer results 

in Appendix 4.5c/Table 1 return statistically significant results than in Table 4.5.3, 

possibly due to OLS models’ lack of responsiveness to smaller sample sizes.

For both models the unweighted estimates are lower than the equivalent result with 

weighted regressions, which is expected as weights balance the treatment and 

comparison groups {inter alia) on the higher illness burden of palliative care patients 

(see Table 4.1.1, Table 4.1.2).

The point estimates for incremental effect vary by model, which is also expected. As 

in Appendix 4.4c, the OLS on untransformed costs has lower estimates than the 

GLM but much larger, less efficient confidence intervals.
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Therefore I am confident that the incremental-effect estimates produced in the 

primary analysis are robust to model selection and propensity score use (the strong 

observable association between timing and estimated effect on cost is persistent in 

all cases). Additionally I take my primary results to be more meaningful than those 

presented in Appendix 4.5c/Table 1 because (a) propensity score weights are 

important to account for confounding between treatment and comparison groups, 

and (b) GLM (gamma, log) is a more accurate and efficient estimator of incremental 

effect on cost than OLS approaches.

See also Appendix 4.4c, where the same patterns were observable and the same conclusions drawn for 
time-to-consult analyses.


