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Abstract

Context. Patients with cancer in Ontario, Canada, receive symptom monitoring in a standardized fashion using the

Edmonton Symptom Assessment System (ESAS). These measurements can be used to understand symptom progression

during the cancer trajectory.

Objectives. This study demonstrates the implementation of multistate models for examining symptom progression, while

appropriately accounting for intermittent observation. We also compare the estimates when the panel nature of the data is

ignored.

Methods. This was a population-based retrospective cohort study using linked administrative health-care databases. The

cohort consisted of patients who were newly diagnosed with a primary cancer and had at least one ESAS assessment completed

between 2007 and 2015 in Ontario, Canada. A 5-state model was developed to examine the progression of symptom severity,

where estimation was conducted with and without accommodating for the panel nature of the symptom data.

Results. The study cohort consisted of 212,615 patients diagnosed with cancer, collectively having 1,006,360 ESAS

assessments within the first year after diagnosis. The median (interquartile range) of the number of ESAS assessments per

patient was 3 (1e6), and the average gap time between consecutive assessments was approximately three months. The

estimated mean sojourn time in each state was consistently and significantly greater when ignoring interval censoring than

when accounting for it. This held true for all states and symptoms.

Conclusion. Our work demonstrates the use of multistate models and the importance of accommodating for intermittent

observation when examining symptom progression using ESAS among patients with cancer. This work serves as a

methodological guide for applied researchers interested in modeling disease progression under the presence of intermittent

observation. J Pain Symptom Manage 2020;-:-e-. � 2020 American Academy of Hospice and Palliative Medicine. Published by

Elsevier Inc. All rights reserved.
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Key Messages

� Measurement of symptom burden among pa-
tients with cancer occurs on an intermittent basis,
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giving rise to panel data that are essentially snap-
shots of a patient’s symptom burden experience.

� Multistate models accounting for interval
censoring allow researchers to use the observed
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progression of symptom burden as a means to es-
timate the underlying progression of symptom
burden.

� Ignoring the panel nature of intermittently
measured symptom data can lead to significant
bias and misleading results.
Introduction
Patients with cancer often experience various symp-

toms, either stemming from their disease or due to
side effects of their cancer treatment.1e3 Moderate-
to-severe symptom burden can have a significant
impact on a patient’s quality of life and ability to func-
tion adequately.4 Having an understanding about the
expected progression of severity for each symptom
can be useful to cancer care providers for the plan-
ning and management of symptom needs across the
disease trajectory. Starting in 2007, Cancer Care On-
tario implemented a province-wide program to screen
for common cancer symptoms using the Edmonton
Symptom Assessment System (ESAS), which is a
patient-reported outcome measure. Symptom
screening with tools such as ESAS is known to improve
symptom identification, symptom monitoring and
management, patient-provider communication, and
quality of life5e8; it has also been used to demonstrate
an association between symptom severity with survival,
and recent work has shown that information on symp-
tom severity improves the performance of prediction
modes for emergency department visit risk.9 ESAS
continues to be widely incorporated into routine clin-
ical care10,11 and is a common source of measurement
for symptom severity among clinicians and health
researchers.

Numerous studies examining symptom burden, or
similar assessment-based outcomes, use analytic tech-
niques that do not reflect the nature of the data and
the manner by which they were measured and do
not accommodate their inherent limitations. Symp-
tom assessments using ESAS are conducted intermit-
tently, giving rise to panel data (an intermittent
observation scheme) that are essentially snapshots of
a patient’s symptom burden experience.4 Also owing
to the irregularity of ESAS assessments, there is a
wide variation in both the number of ESAS assess-
ments conducted across patients and the gap times be-
tween assessments. Moreover, ESAS reflects symptom
burden within 24 hours before the assessment.12 The
actual times at which symptoms began and the varying
levels of severity experienced between assessments are
unknown. Many studies exploring symptom progres-
sion have done so by modeling the odds or rates of
elevated symptom scores over a prespecified window
of time.13e16 These approaches are limited in several
ways: Only patients with an ESAS assessment during
the prespecified window of time can be included in
the analysis; patients who died without an assessment
are handled in the same manner as patients who
were alive and did not have an assessment; and pa-
tients who, for example, only indicated low symptom
severity during their ESAS assessments are assumed
not to have experienced elevated symptoms at any
other point during this window, which in reality may
not be true. Several authors have also examined the
rate of transition from various symptom states to hos-
pitalization or death and concluded that severe symp-
toms lead to shorter time to first hospitalization and
shorter survival times; however, their models did not
account for the amount of time patients have already
spent in that specific symptom state at the time of
measurement.17,18 There are numerous other exam-
ples in clinical settings of interval censoring being
inappropriately ignored. In a longitudinal study of de-
mentia progression, for example, time to severe de-
mentia was examined using a standard Cox
regression model; this approach may not have been
suitable as severe dementia could only be determined
at assessment times that were often irregularly spaced
and several years apart.19 Another recent study
measured quality-of-life scores intermittently among
women with breast cancer; however, they imple-
mented standard Cox regression models, not account-
ing for interval censoring, to examine time to
deterioration in quality-of-life score.20

Multistate models offer a flexible approach for
studying symptom progression while overcoming
these limitations listed previously. These models clas-
sify a patient into one of a finite number of symptom
states at any given time during their observation
period.21 The states represent distinct and mutually
exclusive levels of symptom severity, transitions be-
tween states reflect changes in a patient’s level of
symptom severity, and the transition times correspond
to the actual times at which these changes occur. Esti-
mating transition probabilities of a multistate model is
straightforward when the exact state-to-state transition
times are available (under complete observation).22

However, as patient-reported symptom data collected
via ESAS give rise to panel data (incomplete/intermit-
tent observation), only the assessment times and the
corresponding symptom states at that time are avail-
able. The actual times at which transitions between
symptom states occur are unknown because, in reality,
the transitions occurred at some point between
consecutive assessments. This implies that the actual
state-to-state transition times are interval-censored. If
recovery from more-to-less severe states is permitted
in the multistate modeling framework, then the num-
ber of state-to-state transitions occurring between as-
sessments times is also unknown. Moreover, the
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actual symptom state just before the end of a patient’s
observation period is not known (unless an assessment
occurred on this date). In these scenarios, it is neces-
sary that estimation under a multistate model takes
the panel nature of the data and interval censoring
into account.23 This important feature of multistate
models allows the researcher to use the observed pro-
gression of symptom burden as a means to estimate
the underlying progression of symptom burden.

The use of multistate models for examining disease
progression under intermittent observation has been
well-established in both the statistical and clinical
literature.23e30 A recent book by Cook and Lawless of-
fers numerous approaches for handling panel data un-
der a multistate framework;25 approaches include
estimation of multistate models based on Markov as-
sumptions, estimation based on non-Markov assump-
tions using frailties, nonparametric estimation of
state occupancy risk, and estimation under mixed
observation schemes. Prior publications demonstrate
various clinical applications of multistate models for
panel data. Examples include using multistate models
to understand the progression of viral rebound among
HIV-positive individuals assessed every few months26;
the progression of joint damage among patients with
psoriatic arthritis seen only intermittently27; the devel-
opment of cardiac allograft vasculopathy among heart
transplant recipients28,29; bone progression-free sur-
vival in patients with lung cancer receiving intermit-
tent bone scans25; and progression of bronchiolitis
obliterans syndrome among lung transplant
recipients.30

The msm package in R offers convenient ways to
implement and estimate Markov multistate models un-
der intermittent observation using piecewise-constant
intensities.31 This statistical software package is partic-
ularly useful when interest lies in estimating the
instantaneous rate of transition between various states,
the probability/risk of transitioning from one state to
another within a specific time period, the average
period of a single stay in a transient state (mean
sojourn time), the forecasted total length of time
spent in each transient state between two future time
points, expected number of visits to a state, and the
relationship between characteristics and transition
intensities.31

This study has two objectives. The first is to demon-
strate the implementation of multistate models,
appropriately accounting for intermittent observation
and interval-censoring, for examining the progression
of symptom severity among patients with cancer. The
second is to compare what happens to the estimates
from the multistate model when the panel nature of
the data is ignored, that is, when it is inappropriately
assumed that the exact transition times are the actual
assessment times, meaning interval censoring is
ignored. This work serves as a methodological guide
for applied researchers interested in using multistate
models, or similar time-to-event models, for investi-
gating disease progression under the presence of
intermittent observation.
Methods
Study Design, Population, and Observation Period
This was a population-based retrospective cohort

study using linked administrative health-care data-
bases. The cohort consisted of patients who were
newly diagnosed with a primary cancer and had at
least one ESAS assessment completed between January
1, 2007, and December 31, 2015, in Ontario, Canada.
Ontario is Canada’s largest and most ethnically diverse
province, with a population of 14 million. Patients had
to be eligible for the Ontario Health Insurance Plan
(OHIP) and at least 18 years of age at the time of diag-
nosis; OHIP is Ontario’s universal health-care insur-
ance program, which is essentially available to all
Ontario residents. Confirmation of OHIP eligibility
was obtained from the OHIP administrative database,
and the Ontario Cancer Registry that captures all inci-
dent cases of cancer in Ontario was used to determine
the diagnosis date.32 To capture an ambulatory
cohort, patients were included only if their ESAS as-
sessments occurred in a regional cancer center or
partner hospital.
We were interested in the progression of symptom

severity among patients during their first year after
cancer diagnosis. Starting from diagnosis, every pa-
tient was observed until one of the following occurred:
one year had elapsed, subsequent cancer diagnosis,
loss of OHIP eligibility, entry into homecare facility,
death, or study end date on December 31, 2015.
Administrative databases were linked using unique en-
coded identifiers and analyzed at ICES (previously
known as the Institute for Clinical Evaluative Sci-
ences). ICES is an independent, nonprofit research
institute whose legal status under Ontario’s health in-
formation privacy law allows it to collect and analyze
health care and demographic data, without consent,
for health system evaluation and improvement.

Outcome and Additional Measures
All ESAS assessments occurring over the course of

observation were retrieved for each patient. The
ESAS assessment dates and the corresponding ESAS
scores for each of the nine symptoms were retrieved
from the Symptom Management Reporting Database
held by Cancer Care Ontario. Symptoms included
anxiety, appetite, depression, drowsiness, nausea,
pain, shortness of breath, fatigue, and well-being. At
each assessment, ESAS scores for each symptom were
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captured as continuous measures, ranging from 0 to
10 (with 10 being most severe).

Sex and date of birth were captured from the Regis-
tered Persons Database, which is a population-based
registry maintained by the provincial Ministry of
Health to manage publicly funded health-care ser-
vices. It contains sociodemographic information on
all residents of Ontario eligible for the universal
government-funded health-care plan.33 Year of cancer
diagnosis and type of cancer diagnosis were obtained
from the Ontario Cancer Registry.
Statistical Analyses
Model Building. A multistate model was developed to
understand the progression of symptom severity
among patients during their first year after cancer
diagnosis. At any given time during a patient’s observa-
tion period, for each symptom, the level of severity
could belong to one of these five distinct states: State
1 (none state) if the ESAS score was 0; State 2 (mild
state) if the ESAS score was 1e3; State 3 (moderate
state) if the ESAS score was 4e6; State 4 (severe state)
if the ESAS score was 7e10; and State 5 (dead state) if
the patient was dead. These state classifications were
based on familiar ESAS cutoffs used in prior work.4

An illustration of the 5-state model is provided in
Figure 1. Patients may move back and forth between
consecutive symptom states and may reach the
absorbing state of death from any of the nonabsorbing
states. Death times are considered exact transition
times, as the date of transitioning to death is available
through our administrative databases. It should be
emphasized that the directions of arrows in a multi-
state model must be determined based on the underly-
ing progression of symptom burden, not on the
observed progression of symptom burden. A patient
may be observed to be in the none state during an
ESAS assessment and then in the severe state at the
next assessment, but this does not imply that a direct
arrow should be placed between the none and severe
states in Figure 1. In reality (if measurements could be
taken in instantaneous time), the patient would have
passed through the mild and moderate states, even
Fig. 1. Underlying 5-state model for examining the progression
System among patients with cancer.
if for a short moment of time, before reaching the se-
vere state. Therefore, the directions of the arrows
must represent only the instantaneous state-to-state
transitions that occur in reality. Figure 2 provides an
illustration of the underlying versus observed symp-
tom progression for a hypothetical patient. Although
this patient was recorded to be in the moderate state
at 5.2 months and then dead at 11.3 months, in reality,
they started experiencing moderate symptoms at some
point between 3.5 and 5.2 months and also experi-
enced severe symptoms between 5.2 months and
death. By accounting for intermittent observation
when estimating our multistate model, we will be
able use the observed progression data to gain a better
understanding of the underlying progression.
To be consistent with prior work using multistate

models for patient-reported outcomes, the Markov
assumption under time homogeneity was adopted
throughout the article.4 This common assumption
is based on a first-order Markov process; it is
founded on a memoryless property that assumes
that future evolution of symptom burden is depen-
dent on an individual’s current symptom state. Mar-
kov and time-homogeneity assumptions can be
assessed via diagnostic plots of fitted vs. empirical
survival probabilities and by comparing observed vs.
expected prevalence estimates at a series of time
points.34

Model Estimation. Estimation under this Markov
multistate model framework was conducted under
two approaches: 1) accounting for interval censoring
and 2) ignoring interval censoring. To provide a
description of the state space in our data, a frequency
table of pairs of consecutive observed states was first
calculated for each symptom. The transition intensity
matrix and the 6-month transition probabilities to
death were estimated for each symptom, with and
without accounting for interval censoring. The esti-
mates of the mean sojourn times in each of the nonab-
sorbing states for every symptom accounting for
interval censoring were compared with those estimates
ignoring interval censoring. The mean sojourn time is
of symptom severity using Edmonton Symptom Assessment



Fig. 2. Plot of observed vs. underlying progression of well-being for a hypothetical patient.
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the average amount of time spent during a single stay
in a state.31 All analyses were carried out using the
msm function in R version 3.1.2.31
Results
The study cohort consisted of 212,615 unique pa-

tients diagnosed with cancer between January 1,
2007, and December 31, 2015. Table 1 provides the
distribution of cohort characteristics at the time of
diagnosis. The median age at diagnosis was 63 years
(interquartile range, 54e72 years), and 53.9% of the
cohort were women. The three most common types
of cancer diagnoses were breast (22%), genitourinary
(17.2%), and gastrointestinal (17.1%). Within the first
year after diagnosis, patients collectively had 1,006,360
ESAS assessments. The median (interquartile range)
of the number of ESAS assessments per patient was
3 (1e6), and the average gap time between consecu-
tive assessments was approximately three months.
Table
Distribution of Cohort Characteristics at the

Characteristic Value Frequency

Age at diagnosis Continuous d
Sex Female 114,665
Cancer type Breast 46,881

Central nervous system 3073
Gastrointestinal 36,394
Genitourinary 36,626
Gynecologic 17,663
Hematology 25,341
Head and neck 11,109
Other 3417
Primary unknown 1303
Skin 6117
Lung 24,691
Fatigue, well-being, and anxiety were the most promi-
nent symptoms at the time of diagnosis; nausea was
the least severe symptom (with 80.4% of patients re-
porting they had no nausea at the time of diagnosis).
A descriptive state table over the first year after

diagnosis was computed for each symptom (Table 2
provides the state table for symptom well-being, as
an example). There were 3693 instances where indi-
viduals went from the worst feeling of well-being to
the best feeling of well-being between consecutive as-
sessments. There were 2213 instances where individ-
uals reported the best feeling of well-being before
dying within a year, without any assessments in
between.
Under the 5-state model, the estimated 6-month

state-to-state transition probabilities, with and without
accounting for interval censoring, were calculated for
each symptom (Table 3 provides the transition proba-
bility results for symptom well-being, as an example).
Among patients currently experiencing the worst
feeling of well-being (State 4), the estimated risk of
1
Time of Cancer Diagnosis (n ¼ 212,615)

Percentage Median Q1 Q3

d 63 54 72
53.9 d d d
22.0 d d d
1.4 d d d

17.1 d d d
17.2 d d d
8.3 d d d

11.9 d d d
5.2 d d d
1.6 d d d
0.6 d d d
2.9 d d d

11.6 d d d



Table 2
Frequency Table of Pairs of Consecutive Observed States for Well-being

State at Current Assessment

State at Next Assessment

State 1 (None) State 2 (Mild) State 3 (Moderate) State 4 (Severe) State 5 (Dead)

State 1 (none) 155,120 38,576 9732 3895 2213
State 2 (mild) 39,061 215,367 42,625 10,239 5140
State 3 (moderate) 9602 44,611 115,434 18,467 7825
State 4 (severe) 3693 10,651 18,280 36,827 6339
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dying (State 5) within 6 months is 0.168; however,
estimation ignoring interval censoring provides a cor-
responding risk of 0.195. Patients currently experi-
encing the best feeling of well-being (State 1) are
estimated to have a 31% chance of being in this state
6 months from now; however, ignoring interval
censoring provides a corresponding estimate of 47%.

For every symptom, estimates of the mean sojourn
time spent in each nonabsorbing state, and corre-
sponding 95% confidence intervals, derived with and
without accounting for interval censoring can be
seen in Figure 3. The estimated average amount of
time spent during a single stay in each state is consis-
tently much greater when ignoring interval censoring
than when accounting for it. This holds true for all
states and all symptoms. As an example, the average
amount of time spent feeling a stretch of severe anxi-
ety is estimated to be 1 month if we account for inter-
mittent observation, whereas it is 3.5 months if we
inappropriately ignore it. Similarly, the average
amount of time spent feeling a stretch of moderate fa-
tigue is estimated to be 0.57 months if we account for
intermittent observation, whereas it is 3.4 months if we
inappropriately ignore it. The discrepancies in mean
sojourn time estimates, with and without accounting
for interval censoring, are most drastic for State 1
(none state) across all symptoms.

Figure 4 illustrates the survival probabilities over
time from each nonabsorbing state, with and without
accounting for interval censoring (only symptom
well-being shown). It should be noted that a patient
Table
Estimated 6-Month State-To-State Transition Probabiliti

Interval-censoring (R

State 1 (None) State 2 (Mild)

Accounting for Interval-censoring
State 1 (none) 0.310 0.341
State 2 (mild) 0.264 0.339
State 3 (moderate) 0.241 0.330
State 4 (severe) 0.225 0.315
State 5 (dead) 0.000 0.000

Ignoring interval-censoring
State 1 (none) 0.470 0.292
State 2 (mild) 0.225 0.429
State 3 (moderate) 0.157 0.312
State 4 (severe) 0.139 0.258
State 5 (dead) 0.000 0.000
can contribute information and jump between lines
in the plot, depending on their changing well-being
status. The risk of death is highest among patients
feeling the worst sense of well-being and is lowest
among those who have the best feeling of well-being.
The survival probabilities from each nonabsorbing
state are consistently overestimated when ignoring in-
terval censoring, compared with when interval
censoring is accounted for.
Discussion
This study demonstrates the use of multistate models

for examining progression in symptom severity among
patients diagnosed with cancer. As information on
symptom status is collected intermittently over time
for each patient, the multistate models were estimated
based on the true (intermittent) observation scheme
accounting for interval-censoring. We then further
illustrated the bias in estimation that can arise when
ignoring the panel nature of symptom data and showed
that mistakenly assuming the symptom assessment
times as the exact times of symptom status transition
can provide misleading results.
From a clinical perspective, multistate models offer a

broader view of symptom progression and opportunity
for more in-depth interpretation. This is a considerable
improvement compared with prior cross-sectional ap-
proaches and methodologically limited regression
techniques for examining ESAS as an outcome. The
3
es for Well-being, With and Without Accounting for
ows Sum to 1.0)

State 3 (Moderate) State 4 (Severe) State 5 (Dead)

0.201 0.083 0.064
0.213 0.090 0.095
0.212 0.091 0.127
0.204 0.088 0.168
0.000 0.000 1.000

0.130 0.047 0.061
0.194 0.065 0.086
0.306 0.092 0.133
0.228 0.180 0.195
0.000 0.000 1.000



Fig. 3. Estimated mean sojourn time (in months) and corresponding 95% confidence intervals in each nonabsorbing state for
every symptom, estimated by accounting for interval censoring (blue) and by ignoring interval censoring (red). (For interpre-
tation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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multistate model allows one to make full use of patient-
level longitudinal symptom data and provides a deeper
understanding of the risk of deterioration and
improvement over time for each symptom. Not only
do these models add to the prognostic information
available by the ESAS tool but also contribute to the
physician’s ability to anticipate a patient’s future needs.
Fig. 4. Estimated survival probability over time (in months since
being, a) while accounting for interval-censoring and b) while i
The state-to-state transition probabilities can be used to
recognize which symptoms worsen more rapidly over
time, helping physicians to identify areas for improving
symptom management. Estimates of the mean sojourn
time may assist physicians in determining which symp-
tom or group of symptoms requires more attention for
relief. Longer periods of time in the symptom-free
diagnosis) from each nonabsorbing state to death for well-
gnoring interval-censoring.
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state, along with limited time in the remaining severe
states, are indications that the symptom is being well
managed.4

From a statistical perspective, the multistate model
parameters can be estimated while accommodating
for intermittent observation. This implies that the esti-
mation process is able to account for limitations such
as not knowing the actual times of state-to-state transi-
tions and not knowing the actual state occupied
before the end of observation. This important feature
allows the researcher to use the observed progression of
symptom burden as a means to estimate the underlying
progression of symptom burden. Modeling techniques
such as logistic and Poisson regression, which are most
often used to analyze symptom burden, are not able to
handle these major limitations. These approaches are
also subject to misclassification, as the underlying state
of symptom burden is not considered during the
modeling process.

It is important to consider the reasons why ESAS as-
sessments were made at the given times. Gruger
et al.35 have shown that assessment schemes based
on patient self-selection are informative, which can
lead to biased estimates under the standard multistate
modeling framework. ESAS is meant to be used as a
symptom screening tool that patients are asked to
complete during their scheduled visits to the cancer
clinic before seeing their oncologist. Times for assess-
ing symptom severity are scheduled depending on
how each cancer center implemented the ESAS tool
within the patient’s region. As far as it is known, assess-
ment times were either fixed, random, or based on a
physician’s recommendation, that is, noninformative.

To our knowledge, this is first study demonstrating
the impact of ignoring intermittent observation
when examining the progression of symptom burden
using ESAS. Despite the numerous strengths discussed
previously, this study has several limitations. Only
ESAS assessments conducted at regional cancer cen-
ters and participating hospitals were included in the
analysis; symptom data from patients at home or in
hospital are not available. Although having additional
symptom information would assist in better under-
standing the trajectory of symptom severity, account-
ing for intermittent observation of symptoms during
the analytic phase remains extremely important
(even if ESAS assessments from other care settings
were included). Our current work did not incorporate
patient-level characteristics or covariates into the
multistate model; that is, we did not examine the asso-
ciations between covariates and state-to-state transition
intensities. Although multistate models certainly allow
for the inclusion of covariates, the focus of this study
was on estimating overall state-to-state transition inten-
sities, transition risks, and sojourn times and illus-
trating what occurs to these estimates when
intermittent observation is inappropriately ignored.
Ultimately, this work serves as a methodological guide
for applied researchers interested in using multistate
models, or similar time-to-event models, for investi-
gating disease progression under the presence of
intermittent observation.
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