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Abstract
Context. The evidence for effect of specialist palliative care (SPC) on acute healthcare utilization is limited and inconclusive.

Furthermore, randomized controlled trials may not reflect real-world clinical settings.
Objectives. Effect of SPC on subsequent emergency department (ED) visits and inpatient hospitalizations among patients

with stage IV cancer using real-world data and a novel prior event rate ratio (PERR) approach with bias-correction.
Methods. Retrospective observational cohort study using the PERR method to compare ED visits and inpatient hospitalizations

among patients with stage IV cancer who did vs did not receive SPC. We included patients diagnosed with stage IV cancer at
National Cancer Centre Singapore between January 2019 and December 2022 and followed them up to July 2023. Each patient
who received SPC was then matched with replacement to up to three patients who did not receive SPC during the study duration.

Results. Among 7144 patients with stage IV cancer, 1499 (21.0%) received SPC by July 2023. After 1:3 matching with replace-
ment, there were 5948 patients in the matched cohort. Compared to those who never received SPC, those who received SPC had a
PERR hazard ratio estimate of 0.644 (95% confidence interval 0.524−0.792; P < 0.001) for ED visits and 0.633 (95% confidence
interval 0.539−0.743; P < 0.001) for hospitalizations. Although reduction was greater with earlier initiation of SPC (test of interac-
tion, P < 0.001), the reduction remained significant even if SPC was initiated about one year after stage IV cancer diagnosis.

Conclusion. SPC was associated with lower rates of ED visits and hospitalizations. J Pain Symptom Manage 2026;72:164
−171. © 2026 The Author(s). Published by Elsevier Inc. on behalf of American Academy of Hospice and Palliative Medicine. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Key Message
This was a retrospective observational cohort

study comparing acute healthcare use among
patients with stage IV cancer who did vs did not
receive SPC. Using the PERR method that controls
for confounding and selection bias, we found that
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SPC was associated with lower rates of ED visits and
hospitalizations.

Introduction
Patients with advanced cancer often develop both

disease-related complications and treatment-related
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adverse effects that result in emergency department
(ED) visits and unplanned hospitalizations.1 Specialist
palliative care (SPC) has the potential to reduce acute
healthcare utilization through comprehensive symp-
tom management, goals of care discussions, and timely
care planning and coordination for patients with
advanced cancer. However, the evidence for the bene-
fits of palliative care on acute healthcare utilization is
mixed.2−6

Multiple randomized controlled trials have been con-
ducted to assess the benefits of SPC and systematic reviews
have found low quality and inconclusive evidence about
the effect of palliative care on acute healthcare utiliza-
tion.5−8 While randomized controlled trials represent the
highest level of empirical evidence in clinical research,
they have limitations.9 First, initiation of SPC in trial set-
tings are usually based on demographic or diagnosis-based
eligibility criteria which differs from real-world clinical set-
tings where a patient is referred to SPC when they are
judged by their primary physician to have complex pallia-
tive care needs. Second, with ongoing expansion of SPC
provision in routine clinical practice and increased aware-
ness of palliative care through the trial, there may be
enhanced use of general palliative care in the usual care
group, leading to underestimation of the effects of SPC.
Therefore, there is increasing interest in the use of real-
world data to evaluate the benefits of SPC.10

The main challenge to analyzing real-world observa-
tional data is handling confounding, commonly
addressed by the statistical strategies of multivariable
regression modelling or propensity score matching.11
−13 However, both these strategies rely on a critical
assumption of no unmeasured confounders.14,15 The
prior event rate ratio (PERR) approach addresses the
impact of measured or unmeasured confounders and
has been shown to perform well in evaluation of inter-
ventions using real-world observational data.16−18

The core idea of PERR method is to divide the per-
son-time of persons who were treated with the interven-
tion concerned during the study duration into two
distinct periods: prior to or after initiation of treat-
ment.16−18 Each treated person is matched to at least
one control person who has not received the treatment
by the end of the study duration. The date of treatment
initiation for the treated person serves as the index
date to be used to divide the matched control’s person-
time into prior and postperiods. The ratio of event rate
between the treated and control group in the prior
period represents the impact of confounding, as
nobody has received the treatment yet. The ratio of
event rate between the two groups in the postperiod
represents the combined impact of treatment and con-
founding. The ratio of the two event rates cancels out
the confounding and reveals the treatment effect.16−18

The original PERR method has several model
assumptions, outlined in the methods section below,
which may be violated and thereby introduce potential
bias. Therefore, we have recently developed an
enhanced PERR method to address potential bias
when the PERR assumptions—of absence of unob-
served heterogeneity and treatment uptake being inde-
pendent from previous event history—are violated.19

Our objective was to evaluate the effect of SPC on
subsequent ED visits and hospital admissions among
patients with stage IV cancer using real-world data and
a novel enhanced PERR approach. A better under-
standing of the impact of SPC on subsequent acute
healthcare utilization will inform policy on further
development of palliative care services.
Methods and Materials

Study Design and Setting
The National Cancer Center Singapore (NCCS) is

part of Singapore Health Services (SingHealth), Singa-
pore’s largest public healthcare group with 5 general
hospitals and 5 national specialty centers. NCCS is the
largest cancer center in Singapore, serving about 65%
of all cancer patients in the public sector. Data was
extracted from the SingHealth group data warehouse
(eHINTS) and NCCS clinical database (MOSAIQ).
This was a retrospective cohort study of all patients
diagnosed with stage IV cancer at NCCS between Janu-
ary 2019 and December 2022. Date of study entry was
the date the patient was diagnosed with stage IV can-
cer. If the diagnosis was made during hospitalization,
the date of study entry was the discharge date because
a patient could not be at risk of ED visit or rehospitali-
zation while being hospitalized.

Each SPC recipient was matched to up to three
patients who did not receive SPC during the study dura-
tion. Matching was based on gender, type of cancer,
and age at diagnosis (10-year bands). Additionally, the
control candidates were required to be under follow-
up at the date of PC initiation for the corresponding
SPC recipient. To make full use of the dataset, we used
matching with replacement.20 SPC recipients with no
matched control were excluded from the final
matched dataset. SPC is not a rare exposure among
stage IV cancer patients in Singapore. In this context,
matching without replacement tends to lead to exclu-
sion of many cohort members. This not only compro-
mises statistical power but also increases the risk of
bias.20 Therefore, we used matching with replacement
to prevent these issues. Following matching with
replacement, variance estimation must take into
account some control patients being included in multi-
ple matched sets. To achieve valid statistical inference,
the estimation of robust standard errors was according
to the formula developed by Austin and Cafri.20
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Since the index time in the controls were defined by
the treatment time of their matched treated persons,
the distribution of time from stage IV cancer diagnosis
to the beginning of the prior period and to the begin-
ning of the postperiod (i.e., the treatment/index time)
were the same for the two groups of patients.

SPC Intervention
The SPC team, comprising SPC doctors and nurses,

has a yearly caseload of around 1700 new cases in the
inpatient setting and 250 new cases in the outpatient
setting—this includes patients with cancer and non-
cancer conditions. The components of SPC include
comprehensive assessment and management of physi-
cal, psycho-emotional, and social issues. Patients with
stage IV cancer in the study cohort may receive SPC in
the inpatient or outpatient setting. In the inpatient set-
ting, SPC is delivered as a consultation service with
oncologist-initiated referrals. Patients who have com-
plex symptoms that are inadequately managed by
oncology team are referred by oncology doctors to the
SPC team. Upon receiving a referral, the SPC doctor
and nurse will review the patient and make recommen-
dations for patient management; however, the oncol-
ogy doctors still take primary responsibility for the
patient’s care. In the outpatient setting, oncologists
may refer patients to a scheduled clinic consultation by
an SPC doctor.

Variables
The main independent variable was date of initia-

tion of hospital-based SPC; the main dependent varia-
bles were ED visits and hospitalizations. Demographic
and clinical covariates included gender, race, marital
status, age at diagnosis of stage IV cancer, and type of
cancer. Follow-up data were available up to July 2023.

PERR Model Assumptions and Enhanced Version of
PERR Model

The original PERR method has several model
assumptions, which may be violated and thereby intro-
duce potential bias. First, the original PERR method
assumes absence of unobserved heterogeneity. To
address this, we recently proposed an enhanced imple-
mentation of PERR method based on the Andersen
−Gill (AG) model (see Online Supplementary Material
1). Compared to the original PERR method,16−18 this
implementation is robust to the bias arising from unob-
served heterogeneity of the population.19

Second, the PERR assumes the magnitude of con-
founding to be constant over time periods. The PERR
literature has recommended restricting study duration
to mitigate the possibility of changes in the magnitude.
In this study, the median time between initiation of
SPC and end of follow-up was 65 days. To prevent time-
varying confounding, we restricted the PERR analysis
to a duration of up to 65 days before and up to 65 days
after the treatment/index time.

Third, the PERR assumes the occurrence of out-
come events does not affect the subsequent treatment
uptake, or in other words, absence of event-dependent
treatment. This is a particular concern in SPC studies,
as patients who have ED visits or inpatient admission
may have higher chance of being referred to the SPC
team. We evaluated this assumption by examining
whether the outcome event rate was elevated or
depressed prior to initiation of SPC,19,21 and applied a
bias correction method in the presence of event-depen-
dent treatment using our enhanced PERR method.19

Other PERR assumptions include absence of event
dependence and nondifferential mortality. Details of
the procedures and results for checking these assump-
tions are available in Online Supplementary Materials
2 and 3.

Data Analysis
Our main analysis used time-on-study as the time-

scale. Time spent as a hospital inpatient was excluded
from the at-risk time in analysis. Although there is rec-
ommendation to restrict the study duration to prevent
changes in the magnitude of confounding over time,
currently, there is no procedure to evaluate the
assumption of constant magnitude of confounding. As
such, we conducted a sensitivity analysis using reverse
time-to-death as the time-scale in the AG model for
implementation of PERR.22 This method compares
treated and nontreated persons at the same time-to-
death and is useful to control time-varying confound-
ing that intensifies as patients approach end-of-life.
This sensitivity analysis is limited to decedents only.
Except when initiated very early, which was not the
case in Singapore, SPC is not expected to affect
mortality.5,6,23 Therefore, restriction to decedents only
would not generate a collider/selection bias.24

For comparison, we also estimated the association
between SPC and ED visits or inpatient admissions
using typical time-to-event regression method for recur-
rent event, i.e., the AG model, with receiving SPC as a
time-varying exposure,25,26 while controlling for the
aforementioned time-constant covariates. The time-to-
event regression was applied to the full, unmatched
and the matched cohorts.

To explore how the timing of SPC in relation to stage
IV cancer diagnosis modifies the magnitude of effect,
we conducted additional PERR analysis that formulated
the treatment effect as a linear function aþ bT; where
T equals months from date of stage IV cancer diagnosis
to date of initiation of SPC (model details in Online Sup-
plementary Material 1). The intercept (a) would then
represent the magnitude of effect when SPC is initiated
at the time of stage IV cancer diagnosis, and the coeffi-
cient (b) would represent the modification of effect
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when SPC is initiated T months after stage IV cancer
diagnosis.
Results
There were 7958 patients diagnosed with stage IV

cancer between January 2019 and December 2022. We
excluded 110 patients who were diagnosed with stage
IV cancer during hospitalization and died during the
same inpatient stay, 4 patients who had records of ever
using SPC but had missing date of initiation of SPC,
454 patients who initiated SPC and died during the
same inpatient stay, 218 patients who received SPC
prior to or on the date of study entry, and 28 patients
who both initiated SPC and exited the study on the
same day. After these exclusions, 7144 patients
remained. Among them, 1499 (21.0%) patients started
receiving SPC by July 2023, and 4151 (58.1%) patients
died by the end of follow-up in July 2023.

The SPC group comprised more women, and on
average, the patients were younger than patients in the
non-SPC group (Table 1). The SPC group had a higher
proportion of patients with upper gastrointestinal and
gynecological cancers and a lower proportion of
patients with genitourinary cancers compared to the
non-SPC group. Among SPC recipients, the median
time from diagnosis of stage IV cancer to initiation of
SPC was 172 days. The median time from initiation of
SPC to end of follow-up was 65 days. For the non-SPC
group, the median follow-up was 448 days.

In the 1:3 matching with replacement to generate
the PERR analysis cohort, the number of SPC
Table
Characteristics of Patients Diagnosed With Stage IV Cancer at N

2022, Overall and by Specialist P
Overall

No. of patients 7144
Male 4098 (57.4%)
Mean age at diagnosis (SD) 67 (11.7)
Race
Chinese 5748 (80.5%)
Malay 764 (10.7%)
Indian 354 (4.9%)
Others 278 (3.9%)
Marital status
Married 3962 (55.5%)
Single 674 (9.4%)
Divorced/separated 277 (3.9%)
Widowed 470 (6.6%)
Unknown 1761 (24.6%)
Type of cancer
Lung 1855 (26.0%)
Lower gastrointestinal 1157 (16.2%)
Upper gastrointestinal 1331 (18.6%)
Breast 576 (8.0%)
Gynecological 378 (5.3%)
Genitourinary 995 (13.9%)
Head and neck 600 (8.4%)
Others 252 (3.5%)
Died by end of study 4151 (58.1%)
recipients who were matched to 3, 2 or 1 controls were
1487, 7, and 2, respectively. Three SPC recipients were
excluded due to no matched controls. A total of 4477
controls were selected from 2822 (50% of 5645 non-
SPC patients) non-SPC patients. Among them, 1692
were selected only once and 1130 were selected more
than once. There were 25 patients excluded from 5973
patients in the matched dataset due to no at-risk time
in either the prior or postperiod. In total, there were
5948 patients in the PERR analysis dataset. Median
time from stage IV cancer diagnosis to initiation of SPC
(treated group) and index time (control group) were
both 5.6 months. Furthermore, median time from the
diagnosis to beginning of prior period in the two
groups were both 3.4 months.

The conventional time-to-event regression analysis
for ED visits using SPC as a time-varying exposure vari-
able, with covariate adjustment, gave HR = 3.94 (95%
confidence interval [CI] 3.55−4.37; P < 0.001) in the
full cohort and HR = 3.20 (95% CI 2.83−3.63;
P < 0.001) in the matched cohort. Both estimates
showed a higher ED visit rate among SPC recipients, but
less so in the PERR analysis cohort. The same model
applied to inpatient admissions gave HR = 3.24 (95% CI
2.96−3.55; P < 0.001) in the full cohort and HR = 2.59
(95% CI 2.33−2.88; P < 0.001) in the PERR analysis
cohort.

Table 2 shows the number of outcome events, per-
son-years, and event rates during the follow-up and in
the prior and postperiods for the PERR analysis dataset
(N = 5948). In the postperiod, the SPC group had
higher ED visit rate than the non-SPC group, with rate
1
ational Cancer Center Singapore, January 2019 to December
alliative Care (SPC) Groups
SPC Non-SPC P-Value

1499 5645
743 (49.6%) 3355 (59.4%) <0.001
65 (12.1) 67 (11.6) <0.001

1189 (79.3%) 4559 (80.8%)
163 (10.9%) 601 (10.6%) 0.677
85 (5.7%) 269 (4.8%) 0.135
62 (4.1%) 216 (3.8%) 0.516

860 (53.4%) 3102 (54.9%)
180 (12.0%) 494 (8.8%) 0.004
80 (5.3%) 197 (3.5%) 0.005
107 (7.1%) 363 (6.4%) 0.599
272 (18.2%) 1489 (26.4%) <0.001

383 (25.6%) 1474 (26.1%)
242 (16.1%) 920 (16.2%) 0.859
317 (21.1%) 1022 (18.0%) 0.033
119 (7.9%) 457 (8.1%) 0.995
115 (7.7%) 263 (4.6%) <0.001
121 (8.1%) 876 (15.5%) <0.001
144 (9.6%) 456 (8.1%) 0.082
58 (3.9%) 195 (3.4%) 0.386
1293 (86.3%) 2858 (50.6%) <0.001



Table 2
Incidence of Outcome Events (Events/Person-Years) by Specialist Palliative Care (SPC) Groups and Periods in PERR Analysis

Cohorta (N = 5948)
ED Visits Inpatient Admissions

Period Non-SPC (N = 4473) SPC (N = 1475) Non-SPC (N = 4473) SPC (N = 1475)
Post 0.41 (297/733.1) 3.17 (462/145.9) 0.77 (562/733.1) 4.25 (620/145.9)
Prior 0.45 (297/654.4) 5.65 (1101/195.0) 0.91 (595/654.4) 8.62 (1680/195.0)
aPERR analysis cohort based on matching with replacement and restricted duration.
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ratio 3.17/0.41 = 7.73. However, the corresponding
rate ratio was 5.65/0.45 = 12.56 in the prior period to
begin with, showing that it was those who had higher
ED visit rates in the prior period who tended to receive
SPC subsequently. This evidence of strong confound-
ing was also seen in the inpatient admission rate.

Evaluation of two PERR model assumptions sup-
ported their validity in this dataset (Online Supplemen-
tary Materials 2 and 3): The occurrence of outcome
events in the previous time interval was not associated
with higher event rate in the subsequent time interval,
thereby supporting absence of event dependence.
Nondifferential mortality was shown for both ED visits
and inpatient admissions through joint modelling of
ED visits and inpatient admissions with mortality.

However, we found that ED rate was elevated in a 15-
day period before initiation of SPC in the SPC group
compared to the same duration before the index date
in the non-SPC group, with HR = 4.70 (95% CI 3.56
−6.20; P < 0.001), likewise for inpatient admission rate,
HR = 6.48 (95% CI 5.26−7.99; P < 0.001). This pattern
indicates violation of the PERR assumption that treat-
ment was not affected by outcome events (Online Sup-
plementary Material 4). Therefore, we used the bias
correction method for event-dependent treatment.19

Before correction for bias arising from event-
dependent treatment, the PERR HR estimate was
0.625 (95% CI 0.510−0.766; P < 0.001), indicating
reduction of ED rate after initiation of SPC
(Table 3). After applying the correction method for
event-dependent treatment, the adjusted PERR HR
estimate was 0.644 (95% CI 0.524−0.792;
P < 0.001). The bias generated by event-dependent
treatment was very mild, but the direction of the
change-in-estimate was as expected when outcome
Table
Results of PERR Analysis, Crude and Corrected for EDT, and Se

EDT
PERR Estimates ED Visit

HR 95% CI

Crude 0.625 (0.510, 0.76
Corrected for EDT 0.644 (0.524, 0.79
Sensitivity analysis using rTTD time-scale 0.514 (0.421, 0.62

ABBREVIATIONS: EDT, event-dependent treatment; rTTD, reverse time-to-death.
event increases the treatment rate.19,27 Sensitivity analy-
sis to explore the potential impact of residual time-vary-
ing confounding that may intensify as patients
approached end-of-life using the reverse time-to-death
time-scale showed similar results. The PERR HR estimate
with correction for event-dependent treatment was 0.514
(95% CI 0.421−0.629; P < 0.001). We found similar
results about the reduction of inpatient admission rate
after initiation of SPC.

Earlier SPC initiation was associated with a greater
reduction in ED visits and inpatient admissions (Table 4
and Fig. 1). The HR estimates for ED visits if SPC is ini-
tiated at 25th percentile (1.6 months), median (5.6
months) and 75th percentile (14.1 months) of time
from stage IV cancer diagnosis were 0.56, 0.61, and
0.71 respectively; the corresponding HR estimates for
inpatient admissions were 0.54, 0.59 and 0.72.
Discussion
We analyzed a real-world dataset of patients with

stage IV cancer to assess the effect of hospital-based
SPC on ED visits and hospitalizations. Using conven-
tional time-to-event regression analysis, which
accounts only for measured confounders, SPC was
associated with over three-fold higher hazard of ED
visits (HR = 3.20) and over two-fold higher hazard
of hospitalizations (HR = 2.59) in the matched
cohort. In contrast, using the enhanced PERR
method, which accounts for both measured and
unmeasured confounders, SPC was significantly asso-
ciated with 36% lower hazard of ED visits
(HR = 0.64) and 37% lower hazard of hospitaliza-
tions (HR = 0.63). Earlier SPC initiation was associ-
ated with a greater magnitude of effect.
3
nsitivity Analysis Using rTTD Time-Scale With Correction for

s Inpatient Admissions

P-Value HR 95% CI P-Value

6) <0.001 0.581 (0.496, 0.681) <0.001
2) <0.001 0.633 (0.539, 0.743) <0.001
9) <0.001 0.411 (0.352, 0.480) <0.001



Fig. 1. Estimate of palliative care effects on ED visits and inpatient admissions and their 95% CIs from PERR analysis with cor-
rection for event-dependent treatment at time from date of stage IV cancer diagnosis to date of initiation of PC in months.

Table 4
Results of PERR Analysis With Time-Varying Effect of Initiation of SPC With Correction for Event-Dependent Treatment

a þ bTa ED Visits Inpatient Admissions

Coef. 95% CI P-Value Coef. 95% CI P-Value

aa �0.603 (�0.837, �0.368) <0.001 �0.651 (�0.839, �0.463) <0.001
ba 0.019 (0.008, 0.029) <0.001 0.023 (0.014, 0.032) <0.001
aa and b are coefficients of a linear function, ln(HR) = a + bT, for treatment effect specified by the PERR model, where T equals months from date of stage IV cancer
diagnosis to date of SPC initiation, and the HR estimate is obtained by exp(a + bT). The intercept (a) would then represent the magnitude of effect when SPC is initi-
ated at the time of stage IV cancer diagnosis, and the coefficient (b) would represent the modification of effect when SPC is initiated T months after stage IV cancer
diagnosis.
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The effect of SPC on lowering ED visits and hospital-
izations could have conceivably occurred through sev-
eral mechanisms.28,29 First, comprehensive symptom
management could have led to better subsequent
symptom control in the community. Second, bolstering
of psychosocial support, care coordination, and future
planning could have also reduced the need for subse-
quent acute healthcare use. Third, goals of care discus-
sions and decision-making support could have
increased prognostic understanding, better prepared
patients for eventual disease progression, and
improved their readiness to opt for less aggressive care
at the end of life.30 Therefore, access to SPC for per-
sons with stage IV cancer is a policy imperative, with
national and international organizations recommend-
ing the early integration of palliative care into routine
clinical practice.3,4,31,32

Even though SPC is believed to reduce ED visits and
hospitalizations, several systematic reviews evaluating the
effect of SPC on acute healthcare use have found the evi-
dence to be very limited both in quantity and
quality.5,6,23,33 Although evidence from randomized
studies is inadequate, practical and ethical barriers to con-
ducting more randomized studies have pushed the bur-
den of evidence toward observational studies.10,34

However, observational data have unmeasured confound-
ers and selection bias, which will impact effect estimates.10

In our study, there was significant impact of unmea-
sured confounders, as evidenced by the vastly different
effect estimates obtained from using regression analysis vs
the PERRmethod, given that the main difference between
these two analytic strategies is the handling of unmeasured
confounders.35,36 Using conventional time-to-event regres-
sion analysis, SPC was associated with over three-fold
higher hazard of ED visits (HR = 3.20). Using the PERR
method, SPC was associated with 36% lower hazard of ED
visits (HR = 0.644). Indeed, palliative care studies are
prone to bias from unmeasured confounders—factors
such as readiness for a conservative approach to care or
poor psychosocial support may be associated with both
SPC initiation and acute healthcare utilization outcomes.
Unlike propensity score matching and other regression-
based approaches, the PERR method is advantageous
because it can address unmeasured confounding.
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Our study also found strong evidence for selection bias
—those with higher prior ED visits or inpatient admissions
were more likely to have SPC initiated. This selection bias
probably reflects real-world clinical practice, as ED visits
and unplanned hospital admissions represent unmet
needs, which also trigger initiation of SPC.1,37,38 The
PERR method handles selection bias and allows for the
use of real-world observational data to build the evidence
for benefits of SPC without the high cost and logistical bar-
riers of conducting randomized trials.10,39−41

There are a few limitations of our study. First, the study
included data from one cancer center, although it is the
largest provider of public cancer care in Singapore.
Future studies could include data from multiple sites or
countries. Second, while the PERR method had been
shown to provide treatment effect estimates similar to esti-
mates from randomized control trials,22,24 it is considered
a quasi-experimental study design and not as strong as
randomized trial designs in generating conclusive causa-
tion evidence.23 However, given the high costs and logisti-
cal difficulties of conducting prospective randomized
trials of SPC and ethical indefensibility of randomizing
patients to not receive SPC, this limitation should be bal-
anced with the opportunities of using routinely collected
data. Third, we have limited our analysis to 65 days before
and after the index time. Fourth, we have only assessed
two metrics of healthcare use—ED visits and hospitaliza-
tions. Future studies could expand the PERR approach to
studying other outcomes, such as intensive care unit
admissions; the PERR methods could also be applied to
assess the effect of other supportive care interventions,
such as social worker and allied health services.
Conclusion
Using the PERR method that controls for measured

and unmeasured confounding and selection bias, we ana-
lyzed real-world observational data of patients with stage
IV cancer and showed that SPC is associated with lower
rate of ED visits and hospitalizations. This adds to the
growing body of evidence to support the benefits of SPC.
Further research should be done to extend the benefits
of SPC to more patients and earlier in the disease journey.
The PERR method may also support further research on
the cost-effectiveness of SPC, which would increase the
scope of evidence and further inform health policies.
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Online Supplemental Materials

Online Supplemental Material 1: Enhanced implementation of PERR method based on the Andersen−Gill
model

The original PERR method separately estimates a hazard ratio for each of the two periods, and then use boot-
strapping to calculate the confidence interval of the ratio of hazard ratios. We recently proposed an implementa-
tion of PERR method based on the Andersen−Gill (AG) model with three exposure variables: indicator of
treatment, indicator of postperiod, and indicator for interaction between treatment and period.1 The AG model is
in the following form:

λi tð Þ ¼ λ0 tð Þexp b1 � trti þ b2 � posti þ b3 � trti � postið Þ;
where λ0ðtÞ is the unspecified baseline hazard to be cancelled out as per the partial likelihood method, trti ¼ 1 if
the ith participant was ever treated during the study period, and trti ¼ 0 otherwise, posti ¼ 1 for person-time in
the postperiod and posti ¼ 0 otherwise. Person-times in the prior period end at the treatment or index times; after
that the postperiod starts. Treatment effect is estimated as PERR HR ¼ expðb3Þ. The point estimate and standard
error can be calculated using standard time-to-event analysis software. As compared to the original form of PERR,2
−4 this implementation is robust to the bias arising from unobserved heterogeneity of the population, and it does
not require bootstrapping for inference.1

The PERRmodel shown above specifies a time-constant treatment effect, b3. To explore how the timing of PC in rela-
tion to stage IV cancer diagnosis modifies the magnitude of effect, additional analysis replaced b3 by a linear function

b3 ¼ aþ bT ;

where T equals date of initiation of PC minus date of stage IV cancer diagnosis in months.

Online Supplemental Material 2: Testing of the assumption of event dependence
Method
The PERR method assumes event dependence, i.e., occurrence of an event does not alter later event rate.

Cheung et al.5 proposed and illustrated the use of the dynamic random intercept model (DRIM) developed by Ait-
kin and Alfo6 to evaluate this PERR assumption. An overview of DRIM, including the Aitkin and Alfo model, was
given by Skrondal and Rabe-Hesketh.7 To implement this evaluation, we partition follow-up time into 20-day inter-
vals and define the outcome (either ED visit or inpatient admission in our data) in each interval as either no event
(yi;j ¼ 0) or at least one event (yi;j ¼ 1) for the ith person at the jth time interval ðj ¼ 0; 1; 2; . . .Þ. The last interval
was excluded if it was shorter than 20 days. A lagged response that represents past occurrence of the outcome is
lagðyi;jÞ ¼ yi;j�1, which is not defined for the first interval ðj ¼ 0Þ. The DRIM model is a generalized linear latent
and mixed model that jointly models the responses in the first ðyi;0Þ and subsequent intervals ðyi;j; j�1Þ:
Pr yi;j ¼ 1jyi;j�1; xi; zi
� � ¼ h�1 g1yi;j�1 þ x0ibx þ zi

� �
for j�1

Pr yi;0 ¼ 1jxi; zi
� � � h�1 x0ia0x þ λ0zi

� �
:

where xi is a vector of time-constant covariates for person i, hð ¢ Þ is the logit link function and g1 is the regression coeffi-
cient of the first-order lagged response, yi;j�1. Exponentiation of g1 gives the odds ratio for the magnitude of event depen-
dence. zi » Nð0; cÞ is a random-intercept shared by the two equations, with coefficients 1 and λ0 for j�1 and j ¼ 0,
respectively. ða0x; λ0Þ are nuisance parameters. The two equations are to be estimated jointly by the Stata gsem command.
The outputs of fitting the DRIM with time-constant covariates adjustment for gender, age at diagnosis, race, marital status
and types of cancer are summarized in Tables S1 and S2 for time to ED visit and time to inpatient admission, respectively.

Outputs

Table S1
Results of Dynamic Random Intercept Model for Assessing the Assumption of Independence Between ED Visitsa

Coef. SE 95% CI P-Value

Lagged response g1 0.143 0.160 (�0.172, 0.457) 0.374
Gender Male 0.187 0.095 (0.000, 0.374) 0.050
Age at diagnosis 0.006 0.004 (�0.002, 0.014) 0.121
Race Chinese

(Continued)
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Table S1
Continued

Coef. SE 95% CI P-Value

Malay �0.026 0.162 (�0.344, 0.291) 0.870
Indian 0.160 0.225 (�0.282, 0.602) 0.477
Others 0.510 0.239 (0.041, 0.979) 0.033

Marital status Married
Single �0.002 0.166 (�0.327, 0.322) 0.988
Divorced/separated �0.117 0.222 (�0.552, 0.318) 0.599
Widowed 0.295 0.186 (�0.069, 0.659) 0.112
Unknown �0.233 0.133 (�0.493, 0.027) 0.078

Type of cancer Lung
Lower GI �0.001 0.122 (�0.240, 0.237) 0.991
Upper GI 0.132 0.131 (�0.125, 0.388) 0.315
Breast �0.660 0.211 (�1.073, �0.246) 0.002
Gynecological �0.099 0.169 (�0.431, 0.233) 0.558
Genitourinary �0.025 0.159 (�0.336, 0.287) 0.877
Head and neck 0.189 0.149 (�0.103, 0.480) 0.205
Others 0.075 0.238 (�0.391, 0.542) 0.751

Varianceb c 2.495 0.335 (1.839, 3.151)
aNuisance parameters were not shown.
bVariance of random intercepts.

Table S2
Results of Dynamic Random Intercept Model for Assessing the Assumption of Independence Between Inpatient Admissionsa

Coef. SE 95% CI P-Value

Lagged response g1 0.105 0.120 (�0.130, 0.339) 0.382
Gender Male 0.059 0.084 (�0.105, 0.223) 0.484
Age at diagnosis �0.008 0.003 (�0.014, �0.001) 0.017
Race Chinese

Malay �0.059 0.145 (�0.344, 0.225) 0.683
Indian 0.166 0.191 (�0.208, 0.539) 0.385
Others 0.365 0.199 (�0.025, 0.754) 0.067

Marital status Married
Single 0.034 0.139 (�0.240, 0.307) 0.809
Divorced/separated �0.089 0.201 (�0.483, 0.305) 0.659
Widowed 0.170 0.165 (�0.153, 0.494) 0.302
Unknown �0.455 0.118 (�0.685, �0.224) <0.001

Type of cancer Lung
Lower GI 0.0001 0.105 (�0.205, 0.206) 0.999
Upper GI 0.220 0.109 (0.007, 0.434) 0.043
Breast �0.758 0.160 (�1.072, �0.443) <0.001
Gynecological 0.013 0.148 (�0.278, 0.304) 0.931
Genitourinary 0.308 0.136 (�0.575, �0.042) 0.023
Head and neck 0.025 0.138 (�0.246, 0.296) 0.856
Others 0.338 0.243 (�0.138, 0.813) 0.164

Varianceb c 2.325 0.263 (1.809, 2.841)
aNuisance parameters were not shown.
bVariance of random intercepts.

Online Supplemental Material 3: Testing of the assumption of differential mortality
Method
A previous study indicated that the PERR method is biased if there is differential mortality, i.e., association

between mortality rate and the rate of the outcome events.8 This assumption can be evaluated by joint modelling
of mortality and nonfatal outcome events.9

Mathematically, the joint model is represented as:

� Hazard function for ED visits or inpatient admissions:

λi tð Þ ¼ λ0 tð Þexp x0ibx þ ui
� �

;
� Hazard function for death:

hi tð Þ ¼ h0 tð Þexp x0ihx þ gui
� �

:

where xi be a vector of time-constant covariates for person i, λ0ð ¢ Þ and h0ð ¢ Þ are the baseline hazard functions for time to ED visits or time to
inpatient admissions and time to death, respectively.
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These two submodels are linked via a shared random effect (also called a frailty term), denoted by ui for person
i, which accounts for unobserved heterogeneity. Here, g quantifies the association between the recurrent event
process and the risk of death. A significant g indicates that the two processes are dependent. We split the PERR
study duration into daily records and used a cubic spline to capture the baseline time-varying hazards in the two
submodels by placing six knots at day 50, 125, 200, 275, 350, 425. The models were fitted by Stata’s gsem command.
The outputs of joint modelling with time-varying initiation of PC and time-constant covariates adjustment for gen-
der, age at diagnosis, race, marital status, and types of cancer are summarized in Tables S3 and S4.

Outputs

Table S3
Results of Joint Modelling of Time to ED Visits and Time to Death

Coef. SE 95% CI P-Value

ED visits
Initiation of PC 0.445 0.085 (0.278, 0.613) <0.001
Gender Male 0.086 0.067 (�0.045, 0.218) 0.199
Age at diagnosis 0.006 0.003 (0.000, 0.012) 0.035
Race Chinese

Malay 0.096 0.119 (�0.137, 0.328) 0.421
Indian 0.207 0.169 (�0.125, 0.539) 0.221
Others 0.400 0.171 (0.066, 0.735) 0.019

Marital status Married
Single 0.034 0.126 (�0.214, 0.281) 0.791
Divorced/separated �0.075 0.174 (�0.415, 0.266) 0.668
Widowed 0.017 0.141 (�0.259, 0.293) 0.905
Unknown �0.031 0.092 (�0.211, 0.149) 0.737

Type of cancer Lung
Lower GI 0.100 0.093 (�0.083, 0.283) 0.285
Upper GI 0.251 0.086 (0.082, 0.420) 0.004
Breast �0.592 0.150 (�0.886, �0.298) <0.001
Gynecological �0.019 0.125 (�0.263, 0.225) 0.878
Genitourinary �0.059 0.111 (�0.276, 0.158) 0.592
Head and neck 0.033 0.107 (�0.176, 0.242) 0.757
Others �0.091 0.173 (�0.429, 0.248) 0.600

Death
Initiation of PC 1.725 0.037 (1.654, 1.797) <0.001
Gender Male 0.130 0.048 (0.036, 0.224) 0.007
Age at entry 0.016 0.002 (0.013, 0.200) <0.001
Race Chinese

Malay 0.166 0.060 (0.048, 0.283) 0.006
Indian �0.108 0.084 (�0.273, 0.057) 0.200
Others 0.107 0.088 (�0.066, 0.280) 0.226

Marital status Married
Single 0.043 0.068 (�0.090, 0.176) 0.527
Divorced/separated 0.064 0.080 (�0.092, 0.220) 0.421
Widowed 0.113 0.073 (�0.030, 0.255) 0.121
Unknown 0.250 0.046 (0.159, 0.340) <0.001

Type of cancer Lung
Lower GI �0.079 0.062 (�0.201, 0.044) 0.209
Upper GI 0.356 0.059 (0.241, 0.471) <0.001
Breast �0.407 0.095 (�0.594, �0.220) <0.001
Gynecological �0.006 0.088 (�0.178, �0.167) 0.947
Genitourinary �0.405 0.092 (�0.585, �0.225) <0.001
Head and neck �0.428 0.082 (�0.589, �0.267) <0.001
Others 0.257 0.126 (0.010, 0.503) 0.041

g 0.014 0.012 (�0.009, 0.037) 0.233
Variance of u 1.815 0.139 (1.543, 2.088)

Table S4
Results of Joint Modelling of Time to Inpatient Admissions and Time to Death

Coef. SE 95% CI P-Value

Inpatient admission
Initiation of PC 0.226 0.064 (0.100, 0.351) <0.001
Gender Male �0.028 0.055 (�0.136, 0.081) 0.617
Age at diagnosis �0.006 0.002 (�0.010, �0.001) 0.012

(Continued)
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Table S4
Continued

Coef. SE 95% CI P-Value

Race Chinese
Malay �0.050 0.105 (�0.256, 0.157) 0.636
Indian 0.118 0.137 (�0.152, 0.387) 0.391
Others 0.174 0.148 (�0.115, 0.464) 0.238

Marital status Married
Single 0.083 0.102 (�0.117, 0.282) 0.418
Divorced/separated 0.035 0.147 (�0.252, 0.322) 0.810
Widowed �0.061 0.125 (�0.306, 0.185) 0.629
Unknown �0.237 0.080 (�0.394, �0.080) 0.003

Type of cancer Lung
Lower GI 0.194 0.073 (0.051, 0.338) 0.008
Upper GI 0.391 0.072 (0.250, 0.531) <0.001
Breast �0.603 0.111 (�0.821, �0.384) <0.001
Gynecological 0.132 0.104 (�0.072, 0.337) 0.206
Genitourinary �0.150 0.093 (�0.332, 0.033) 0.108
Head and neck 0.021 0.090 (�0.156, 0.198) 0.819
Others 0.074 0.148 (�0.215, 0.364) 0.614

Death
Initiation of PC 1.726 0.038 (1.652, 1.801) <0.001
Gender Male 0.132 0.048 (0.038, 0.226) 0.006
Age at entry 0.017 0.002 (0.013, 0.020) <0.001
Race Chinese

Malay 0.166 0.060 (0.049, 0.283) 0.006
Indian �0.110 0.084 (�0.275, 0.055) 0.190
Others 0.104 0.088 (�0.069, 0.277) 0.240

Marital status Married
Single 0.042 0.068 (�0.092, 0.175) 0.542
Divorced/separated 0.062 0.080 (�0.094, 0.218) 0.434
Widowed 0.113 0.073 (�0.029, 0.256) 0.120
Unknown 0.249 0.046 (0.158, 0.339) <0.001

Type of cancer Lung
Lower GI �0.080 0.062 (�0.203, 0.042) 0.200
Upper GI 0.356 0.059 (0.241, 0.471) <0.001
Breast �0.408 0.095 (�0.595, �0.221) <0.001
Gynecological �0.006 0.088 (�0.178, 0.167) 0.948
Genitourinary �0.403 0.092 (�0.582, �0.223) <0.001
Head and neck �0.428 0.082 (�0.588, �0.267) <0.001
Others 0.261 0.126 (0.013, 0.508) 0.039

g 0.014 0.014 (�0.014, 0.041) 0.335
Variance of u 1.600 0.096 (1.411, 1.789)

Online Supplemental Material 4: Testing of assumption of event-dependent treatment
Method
The PERR method assumes treatment assignment is independent of prior event history, or absence of event-

dependent treatment (EDT), conditional on baseline confounders. Our previous work has developed and evalu-
ated a set of methods to detect EDT and correct the bias arising from the violation of the PERR assumption.1 Let tij
be the time at the jth outcome event of the ith participant, d be the duration the outcome event influencing treat-
ment rate, u be the magnitude of the influence, where 1 < u and u < 1 indicates event increasing and decreasing
treatment rate, respectively, ttrt;i be the underlying treatment time in the absence of EDT, and t�trt;i be the realized
treatment time in the presence of EDT. To find out the duration the outcome event influences treatment rate and
the magnitude of event occurrence on treatment rate, we fitted initial exploratory analysis model with M> 1 gaps
of equal length d_ in AG model:

λi tð Þ ¼ λ0 tð Þexp b1 � trti þ
XM
m¼1

b2;m � gapm;i þ
XM
m¼1

b3;m � trti � gapm;i

 !
; ð1Þ

where d_ is an initial guess such that M d_ is likely larger than d according to subject-matter knowledge. In this imple-
mentation we set d_ = 5 days and M = 6. Then the partitioned subperiods are ðAi; Bi �M d_�,

�
Bi �M d_;

Bi � ðM � 1Þ d_�, . . ., ðBi � d_; Bi�. Where Ai is the start of the prior period, Bi ¼ t�trt;i for treated persons and it equals
index time for controls. By evaluation of the estimates b̂3;m (m = 1, 2, . . ., M) and their statistical significance we
determine a suitable d̂.To mitigate the impact of multiple testing, we declare presence of EDT only if the coefficient
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for the m-th subperiod, b̂3;m, is significant at 5% level, and d̂ is sum of the width of consecutive subperiods whose
b̂3;m estimates are significant at 5% level. Then we partition the prior period into subperiods ðAi; Bi � d̂� and
ðBi � d̂; Bi� using the chosen d̂ and refit the Equation (1) withM = 1 to get the expðb̂3;MÞ ¼ û as an estimate of u.

If there is evidence of EDT, we proposed to correct the bias by introducing event-dependence in the index times in the
control group based on the estimates d̂ and û following Ma et al.1 The PERRAG is applied to compare the treatment group
dataset vs themodified control group datasets. The comparison is fair as the treatment time in the treatment group dataset
and index time in the modified control group datasets are both subject to event-dependence (Tables S5 and S6).

Outputs

Table S5
Evaluation of Event-Dependent Treatment WithM = 6 Subperiods in d_ = 5 Days Interval When the Event of Interest is ED Visit
Subperiod ln(HR) SE of ln(HR) 95% CI P-Value

ðBi � 5; Bi� 2.283 0.207 (1.877, 2.688) <0.001
ðBi � 10; Bi � 5� 1.122 0.228 (0.676, 1.568) <0.001
ðBi � 15; Bi � 10� 0.838 0.247 (0.353, 1.322) 0.001
ðBi � 20; Bi � 15� 0.075 0.280 (�0.473, 0.623) 0.788
ðBi � 25; Bi � 20� 0.076 0.239 (�0.393, 0.544) 0.751
ðBi � 30; Bi � 25� 0.325 0.268 (�0.200, 0.850) 0.225

Table S6
Evaluation of Event-Dependent Treatment WithM = 6 Subperiods in d_ = 5 Days Interval When the Event of Interest is Inpatient

Admission
Subperiod ln(HR) SE of ln(HR) 95% CI P-Value

ðBi � 5; Bi� 3.009 0.170 (2.675, 3.342) <0.001
ðBi � 10; Bi � 5� 1.378 0.176 (1.032, 1.723) <0.001
ðBi � 15; Bi � 10� 0.759 0.179 (0.409, 1.109) <0.001
ðBi � 20; Bi � 15� 0.119 0.196 (�0.266, 0.504) 0.545
ðBi � 25; Bi � 20� 0.374 0.183 (0.015, 0.734) 0.041
ðBi � 30; Bi � 25� 0.661 0.196 (0.276, 1.046) 0.001
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