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Figure S1: PRISMA study flow diagram illustrating selection of eligible studies.1–9
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2 Data synthesis for presentation of results

Full details of the synthesis of data for the presentation of results in this paper are available in the GitHub
respository: https://github.com/alemily100/optimise-ar.

2.1 Ordinal and continuous PRO data

This section details the simulation of PRO data relevant to the case study, (1) PRO endpoints across timepoints,
(2) PRO endpoints between timepoints, and (3) Time-to-event PRO endpoints.
Data are simulated using a “while-on-treatment” approach. Both patient death and failure to report PROs are
simulated in each dataset. Non-treatment related death is treated as an intercurrent event and thus represents an
event after the initiation of treatment that affects the interpretation of the outcome. Patients experiencing this
event are excluded from the analysis onwards of this timepoint. In contrast, missing data refers to unreported
outcome scores, either due to incomplete patient reporting or data entry omissions, and is handled separately in
the analysis.

Time to non-treatment related death

Time to non-treatment related death T is simulated using an exponential distribution,

T ∼ exp(λ). (1)

λ = log(2)
36 to ensure median survival is approximately 9 months.

Missing PRO report

Missing PRO report is simulated as per a Bernoulli distribution, such that a PRO report is missing with probability
p = 0.05.

Synthesis of continuous PRO data

The PRO score ỹi,f,j for patient i, for functioning f at timepoint j is simulated such that,

ỹi,f,j = bi,f,0 + bi,f,j + bi,f . (2)

For functioning f , patient i’s random effect bi,f is sampled as:

bi,f ∼ N(0, σ2), (3)

where σ2 determines between-patient heterogeneity.
For functioning f , patient i’s baseline score bi,f,0 is sampled as:

bi,f,0 ∼ N(µf,0, σ
2
f,0) truncated between [0, 100], (4)

where µf,0 and σ2
f,0 represent baseline PRO score mean and variance for functioning f .

For functioning f at timepoint j, patient i’s mean change from baseline is sampled as:

bi,f,j ∼ N(µf,j + d[i], σ
2
f,j), (5)

where µf,j and σ2
f,j represent mean and variance of change from baseline for functioning f at timepoint j and d[i]

represents the effect of the dose on the mean change from baseline for patient i assigned to dose d[i].
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Synthesis of ordinal PRO data

The ordinal patient score h ∈ {1, ..., H} for each item at time j and dose k is sampled as per,

Yitem,j,k ∼ Categorical(pitem,j,k,1, ..., pitem,j,k,H). (6)

For F (· ;α, β) denoting a cumulative Beta distribution function, the probability of experiencing each grade h for
each specific item at time j and dose k can be written as,

pitem,j,k,h =


F (Citem,h ;κk, τj), if h = 1

F (Citem,h ;κk, τj)− F (Citem,h−1 ;κk, τj), if 1 < h < H

1− F (Citem,H−1 ;κk, τj), if h = H

. (7)

For C∗
item,h ∼ Uniform[0, 1] for 1 ≤ h < H and C∗

item = {C∗
item,1, ..., C

∗
item,H}, then Citem,h is sampled such that

Citem,h = Citem,(h) which is the hth-ordered sample of C∗
item.

Values of κ and τ are chosen to ensure the marginal distribution of Yitem,j,k approximately align with aggregated
Phase I clinical trial data collected by Princess Margaret Cancer Centre in Canada from May 1, 2017 to January
1, 2019.10

Exact parameter values used to simulate continuous and ordinal PRO data are indicated in https://github.

com/alemily100/optimise-ar.

2.2 DLT data synthesis

This section details the simulation of PRO data relevant to (4) PRO endpoints embedded within a model-based
dose-finding design for formal decision-making.
Correlated C-DLT and P-DLT binary outcomes are simulated utilising a Clayton copula where ϕ defines the
correlation between the two outcomes with with ϕ → 0 inducing a strong positive correlation, and ϕ → ∞
inducing no correlation.
Suppose SC(t) = exp(−λCt) and SP (t) = exp(−λP t) are the survival functions for C-DLT and P-DLT respectively
with λC and λP scalars. Time to Clinician-DLT (TC) and Patient-DLT (TP ) are simulated as follows:

1. Simulate u1 ∼ Unif(0, 1),

2. TC = log(u1)
−λC

,

3. Simulate u2 ∼ Unif(0, 1),

4. TP = ϕ
λP

log
(
a

1
−ϕ−1 − b

)
, where a = u2

u
−(ϕ+1

ϕ )
1

and b = u
− 1

ϕ

1 − 1.

C-DLT and P-DLT outcomes are moderately correlated, with ϕ = 0.9 (equivalent to Kendall’s Tau of 0.31). For
pC and pP the probability of C-DLT and P-DLT at a specific dose, λC = − log(1 − pC) and λP = − log(1 − pP )
respectively.

3 Mathematical model for Case Study: Analysis of continuous PRO data at
the final analysis

The mathematical model to analyse mean change from baseline of the EORTC QLQ-C30 score can be written as,

yi,j = β0 + β1tj +

3∑
k=2

βk1(xi = k) + β4bi + r0,i + ϵi,j . (8)

For patient i at timepoint j, change from baseline yi,j is modelled as a function of,
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• intercept β0,

• timepoint j (continuous),

• patient dose xi (categorical with dose 1 as the reference dose),

• baseline PRO score bi (continuous),

• normally distributed random intercept r0,j ,

• normally distributed error terms ϵi,j .

4 Linear mixed-effects model results for the Case study

Covariate Estimate Standard Error 95% Confidence Interval

Intercept -0.19 1.87 [-3.85, 3.47]
Timepoint -0.50 0.12 [-0.73, -0.27]
Dose 2 -5.11 1.12 [-7.29, -2.92]
Dose 3 -10.80 1.11 [-13.00, -8.60]

Baseline score 0.07 0.02 [0.02, 0.11]

Table S1: Linear mixed-model analysis of mean change in EORTC QLQ-C30 Global health status from baseline
until week 7 adjusted for dose, time, baseline PRO score and repeated patient measurements. Score range: 0-100,
higher scores indicate improved global health. Dose discontinuation is an intercurrent event excluding patients
from analysis. Missing data excludes patients with unreported scores due to incomplete patient reporting or data
entry errors. Dose 1 is used as the reference category for comparisons in the analysis.

5 Statistical modelling approaches
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5.1 PRO endpoints across timepoints

Statistical
Modelling
Approach

Brief description

Key considerations for implementation and
analysis in early-phase dose-finding trials Exemplar use

in published
literature

Additional
comments

Strengths Limitations

(Generalised)
linear mixed-
effects model
(GLMMs)

Linear mixed effect models
are likelihood-based models
allowing for model estima-
tion in the presence of fixed
effects (e.g., dose) and ran-
dom effects (e.g., patient-
specific correlated observa-
tions over time) for contin-
uous outcome data that are
approximately normally dis-
tributed. Generalised lin-
ear mixed effects models ex-
tend this framework to han-
dle various PRO data types
and outcome distributions,
including binary and ordinal
outcomes.

(Generalised) linear mixed-
effects models are a well-
established7and flexible ap-
proach for PRO data anal-
ysis, accommodating binary,
count, categorical and con-
tinuous data. Unlike some
methods, these models can
handle missing completely at
random (MCAR) and miss-
ing at random (MAR) data
and accommodate analysis
for data collected at irreg-
ular timepoints within tri-
als. They account for within-
patient variation – consid-
ering the correlation of re-
peated measures provided by
the same patient. These
models allow for formal co-
variate adjustment.

This model is not suited for
analysis in presence of miss-
ing not at random (MNAR)
data. To ensure valid infer-
ence, careful consideration of
the structure of the random-
effect covariance matrix is
needed. To ensure this para-
metric model fits the data,
goodness-of-fit checks are ad-
vised.

Within a Phase I
setting, linear mixed
effect modelling has
been utilised to eval-
uate on-treatment
changes from baseline
for patient-reported
EQ-5D-3L QoL
and WOMAC ques-
tionnaires within a
dose-finding oncology
trial.11 Inferential
analysis was provided
solely for descriptive
rather than confirma-
tory purposes.

Area under the
operating Curve
(AUC)

AUC summarises longitudi-
nal patient reported data
into a cumulative summary
of toxicity experienced by
patients whilst on treat-
ment.

Summarising longitudinal
data as a cumulative toxi-
city for each dose is simple
and may support clinical
interpretability.12

It is not generally recom-
mended to complete an AUC
analysis in the presence of
missing data.12 The nature of
the method requires missing
data be imputed to ensure
the AUC can be calculated
for the same time interval
for each patient. Summaris-
ing patient repeated measure-
ments within a cumulative
score reduces the dimension-
ality of data, perhaps ob-
scuring potential longitudinal
patterns.

Within the Phase II
setting, AUC analysis
has been utilised to
quantify cumulative
toxicity over time for
two treatment arms
for the PRO-CTCAE
item constipation
severity.3

Continued on next page
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Table S2 (continued)

Statistical
Modelling
Approach

Brief description

Key considerations for implementation and
analysis in early-phase dose-finding trials Exemplar use

in published
literature

Additional
comments

Strengths Limitations

Repeated-
measures
ANOVA

This method extends the
traditional ANOVA to allow
for correlated observations
captured over multiple time-
points.13

It accounts for within-patient
and between group (dose)
variation. Unlike the tradi-
tional ANOVA, the repeated-
measures ANOVA incorpo-
rates data from all timepoints
in the analysis.

This method requires that
PRO data be continuous and
approximately normally dis-
tributed. Treating ordinal
PRO data as continuous may
violate this assumption. This
analysis approach is also lim-
ited in handling missing data
– it generally assumes data
are MCAR and requires an
equal number of repeated
measurements for each dose.
As time is considered a cat-
egorical factor, this method
is less flexible for analyses in-
volving irregular or unequally
spaced timepoints.

There are extensions
of ANOVA to better
suit certain PRO
research objectives,
such as multivariate
ANOVA for testing
across dependent,
multivariate toxicity
outcomes. Addi-
tionally, ANCOVA
may be considered
for trialists wishing
to adjust for patient
covariates.

Continued on next page
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Table S2 (continued)

Statistical
Modelling
Approach

Brief description

Key considerations for implementation and
analysis in early-phase dose-finding trials Exemplar use

in published
literature

Additional
comments

Strengths Limitations

Generalised Es-
timating Equa-
tions (GEEs)

Generalised Estimating
Equations are a non-
likelihood-based approach
for modelling correlated
observations.

GEE can be utilised for
ordinal ratings (e.g., PRO-
CTCAE items). Similarly to
linear mixed effect models
(LMMs), GEEs can model
within-patient variation.
However, unlike LMMs,
GEEs are robust to misspec-
ification of the correlation
structure, provided the mean
model is correctly specified.14

GEEs provide a population
average interpretation which
provides less information
about specific individual
changes over time than
LMMs. GEEs only pro-
vide unbiased estimates for
MCAR data.

In a Phase II setting, a
GEE model has been
utilised to compare
PRO-CTCAE ratings
over time for two dose
groups with point es-
timates and standard
errors.3

Both (generalised)
linear mixed effect
modelling and GEEs
may be extended to
ordinal PRO data
using proportional
odds modelling, pro-
viding odds ratios
for experiencing or-
dinal events between
doses.3 Proportional
odds models,15 in-
cluding mixed-effects
proportional odds
models16 have been
implemented within
dose-finding trials
for clinician-assessed
toxicity endpoints.
Choosing between
GLMMs and GEEs
may depend on the
research objectives
of interest – GLMMs
can provide subject-
specific inference
whilst GEEs provide
population average ef-
fects. Whilst GLMMs
are subject specific
model and generally
more efficient than
GEEs, GEEs are
more robust to the
misspecification of
the random-effect
correlation structure.

Continued on next page
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Table S2 (continued)

Statistical
Modelling
Approach

Brief description

Key considerations for implementation and
analysis in early-phase dose-finding trials Exemplar use

in published
literature

Additional
comments

Strengths Limitations

Ordinal log-
linear models
(OLLMs)

Ordinal log-linear models
analyse the correlation of
variables within contingency
tables, providing odds-ratio
estimates for comparisons.

OLLMs can be utilised for
ordinal data where inter-
vals between ordinal cate-
gories do not need to be
equal. The odds-ratio output
of the model aids the clini-
cal interpretation of between-
group differences.

Not all statistical software
provides packages for OLLM
analysis. For convergence,
sufficient data and sample
size is required for analysis.

Within the Phase
II setting, a OLLM
model has been
utilised to compare
maximum postbase-
line PRO-CTCAE
ratings adjusted for
baseline.3

Ordinal transi-
tion models

Ordinal transition models
provide an alternative to
proportional odds modelling
for ordinal PRO data by
modelling the transitions
between states (ordinal
PRO scores) over time.

Ordinal transition models can
allow for formal covariate ad-
justment and may provide
clinically interpretable esti-
mands without need for a
proportional odds assump-
tion.

This analysis method may
not be as well-known as
other longitudinal analysis
techniques, with limited real-
world applications to trials.17

There are currently
no examples of ordinal
transition modelling
for PROs, although
the methods appli-
cation to COVID-19
trials has been inves-
tigated.17

Table S2: Strengths and limitations of statistical modelling methods for the analysis of PROs in DFOTs across timepoints. Methods are listed in order
of most frequent use, followed by additional methods that may be appropriate depending on the trial setting.
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5.2 PRO endpoints between timepoints

Statistical
Modelling
Approach

Brief description

Key considerations for implementation and
analysis in early-phase dose-finding trials Exemplar use

in published
literature

Strengths Limitations

(Generalised)
linear models
(GLMs)

Linear models estimate the
relationship between a nor-
mally distributed response
variable and covariates.
Linear models can be ex-
tended to GLMs to allow
for PRO response data to
be of other data types.

GLMs provide a simpler al-
ternative to GLMMs when
comparisons between toler-
ability are only required be-
tween two time-points.1

GLMs do not support anal-
ysis across timepoints and
are best suited to cross-
sectional or study-defined
fixed timepoint endpoints.

Within the Phase I setting,
GLMs have been utilised
to compare baseline-adjusted
PRO scores at month 3 for
two doses.18

Regression trees

Regression trees predict
outcomes using single de-
cision trees – partitioning
data at decision nodes.19,20

Regression trees are well
suited to analyse non-linear
relationships and depen-
dencies within PRO data.
They may also be suited
to analysis for small sample
sizes.20

Regression trees may yield
models that are difficult to
interpret. Whilst this mod-
elling approach may have
good predictive accuracy, it
may be challenging to eval-
uate the relationship be-
tween the response variable
and specific covariates.

Bayesian additive regression
trees have been implemented
within dose-optimisation
designs to estimate the
probability of patient-DLT
using prognostic factors.20

Bayesian additive regression
trees can be considered a
sum of weak-learning regres-
sion trees. Regression trees
and other machine learning
algorithms have been utilised
to predict patient mortality
using PROs.19 Other meth-
ods such as random forests
may be considered.

Table S3: Strengths and limitations of statistical modelling methods for the analysis of PROs in DFOTs between timepoints. Methods are listed in
order of most frequent use, followed by additional methods that may be appropriate depending on the trial setting.
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5.3 Time-to-event PRO endpoints

Statistical
Modelling
Approach

Brief description

Key considerations for implementation and
analysis in early-phase dose-finding trials Exemplar use

in published
literature

Strengths Limitations

Kaplan-Meier The Kaplan-Meier esti-
mator provides a non-
parametric approach to
estimating a survival
function.

Kaplan-Meier curves may
provide the most benefit
as a visual comparison be-
tween doses for a well-
specified event of interest.
Kaplan-Meier curves are a
familiar survival analysis
method and are simple to
interpret.

Kaplan-Meiers curves do
not provide formal covari-
ate adjustment. Its utili-
sation for statistical infer-
ence is limited to hypoth-
esis testing and estimation
(please see section “PROs
for exploratory analysis and
hypothesis testing” for dis-
cussion of hypothesis test-
ing in DFOTs).
When censoring is infor-
mative (which may occur
in the presence of intercur-
rent events), the Kaplan-
Meier estimator may in-
adequately handle censored
data – see Section 4 of the
Supplementary Materials.

Within a Phase I setting,
Anota et al present Kaplan-
Meier graphs detailing time
to health-related quality of
life score deterioration with a
5-point minimal clinically im-
portant worsening for three
dose levels across four dimen-
sions of the EORTC QLQ-
C30.21

Continued on next page
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Table S4 (continued)

Statistical
Modelling
Approach

Brief description

Key considerations for implementation and
analysis in early-phase dose-finding trials Exemplar use

in published
literature

Strengths Limitations

Cox propor-
tional hazards
model

Cox proportional hazards
models provide a semi-
parametric approach to es-
timating a survival func-
tion under a proportional
hazards assumption.

This traditional survival
analysis is well-known, aid-
ing interpretability of re-
sults. The Cox propor-
tional hazards model allows
for formal covariate adjust-
ment. This allows the in-
clusion of time-varying co-
variates in cases where pa-
tient dosage varies over the
assessment window.

This class of models sup-
poses a proportional haz-
ards assumption which may
not hold given the hetero-
geneous populations often
analysed within early phase
trials. The small sample
sizes may also limit the
opportunity to adequately
test for the proportional
hazards assumption. In in-
stances of low event rates,
robustness of dose-effect es-
timation may be compro-
mised.
Similarly to the Kaplan-
Meier estimator, the Cox
proportional hazards model
may insufficiently handle
informative censoring – see
Section 4 of the Supplemen-
tary Materials.

Within a Phase I setting, An-
ota et al present the me-
dian time to HRQoL score
deterioration and hazard ra-
tio with associated confidence
intervals at each dose un-
der four definitions of time-
to-deterioration.21 These def-
initions provide a sensitiv-
ity analysis for the analy-
sis. When the proportional
hazards assumption does not
hold, restricted mean survival
time (RMST) method may be
used.

Table S4: Strengths and limitations of statistical modelling methods for the analysis of PROs in DFOTs for time-to-event PRO endpoints. Methods
are listed in order of most frequent use, followed by additional methods that may be appropriate depending on the trial setting.
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6 Strengths and limitations of time-to event statistical modelling approaches

Patient censoring enables handling of missing data when it is either Missing Completely at Random (MCAR)
or Missing at Random (MAR).1 Time-to-event analysis techniques also accommodate varying patient follow-up
duration.3

Intercurrent events such as death are considered a form of informative censoring and may require special methods
to analyse appropriately. This is particularly relevant in DFOT settings, where deaths can be frequent.22 When
sample sizes permit, methods such as cumulative incidence functions and competing-risks methods may account
for such intercurrent events.5 Relevant considerations for applying these methods are addressed in the Discussion
section.
Time-to-event PRO endpoints may be most suited for well-defined binary events such as Patient-DLTs as the
dichotomising ordinal or continuous PRO data use as a time-to-event endpoints may result in some information
loss.3 However, if an appropriate clinically relevant threshold is available, such analysis may be acceptable given
adequate justification.
When analysing a binary event, PRO data that do not define the event of interest (e.g., baseline-adjusted PRO-
CTCAE scores smaller than the event of interest) are excluded from the analysis, thus limiting the capability
of survival analysis to model longitudinal tolerability profiles of treatment. Methods should be consistent with
SISAQOL recommendations,23 including interval grading and interval censoring.
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