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Abstract

Background: Building tools to support personalized medicine needs to model medical decision-making. For this
purpose, both expert and real world data provide a rich source of information. Currently, machine learning
techniques are developing to select relevant variables for decision-making. Rather than using data-driven analysis
alone, eliciting prior information from physicians related to their medical decision-making processes can be useful in
variable selection. Our framework is electronic health records data on repeated dose adjustment of Irinotecan for the
treatment of metastatic colorectal cancer. We propose a method that incorporates elicited expert weights associated
with variables involved in dose reduction decisions into the Stochastic Search Variable Selection (SSVS), a Bayesian
variable selection method, by using a power prior.

Methods: Clinician experts were first asked to provide numerical clinical relevance weights to express their beliefs
about the importance of each variable in their medical decision making. Then, we modeled the link between repeated
dose reduction, patient characteristics, and toxicities by assuming a logistic mixed-effects model. Simulated data were
generated based on the elicited weights and combined with the observed dose reduction data via a power prior.
We compared the Bayesian power prior-based SSVS performance to the usual SSVS in our case study, including a
sensitivity analysis using the power prior parameter.

Results: The selected variables differ when using only expert knowledge, only the usual SSVS, or combining both.
Our method enables one to select rare variables that may be missed using only the observed data and to discard
variables that appear to be relevant based on the data but not relevant from the expert perspective.

Conclusion: We introduce an innovative Bayesian variable selection method that adaptively combines elicited expert
information and real world data. The method selects a set of variables relevant to model medical decision process.

Keywords
Bayesian variable selection, clinical relevance weights elicitation, power prior method, repeated measures, electronic
health record

I Introduction

Electronic health records (EHR) are used increasingly in hospitals.> With the development of precision/
personalized medicine, medical decision-making has become an increasingly complex process and the use of
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existing routine data has become essential to design Clinical Decision Support Systems (CDSS). Until now, most
CDSS have been knowledge-based systems (also called expert systems since they emulate the decision-making
ability of a medical expert). These systems provide explicit algorithms that incorporate reasoning capabilities
based on inference engines and knowledge bases, including validated rules, shared guidelines, and ontologies.
However, in routine care, medical decision is a quite complex process and all decisions cannot be modelled using
knowledge-based models. According to Smellie et al., available guidelines are mostly focused on a particular
disease and provide (sometimes very) limited advice for specific patient-centric interpretation.” Knowledge-
based models might not cover all types of situations. In real world, physicians may optimize their medical
decision-making process based on multiple patients characteristics and their experience, as they can rely only
very partially on guidelines. Therefore, some variables might be taken into account in routine care, while not
appearing in knowledge-based models. Consequently, algorithms based on high dimensional routine data
analyses are developing in health care, thanks to the increasing performance of data mining and machine
learning techniques. For instance, it was already proposed to combine data mining and case-based reasoning
for intelligent decision support for pathology ordering by general practitioners.* To apply such methods on
routine care data, we have to hypothesize that the variables that influence clinical decisions can be retrieved
from the EHR. In selecting relevant variables for use in CDSS, analysis of EHR data may be highly
informative. Nevertheless, such routine data analyses also may reflect cognitive bias, such as discrimination.’
Moreover, machine learning algorithm-based on EHR data alone may miss rare but important variables, due
to a lack of power.

Rather than using either data-driven analysis alone or only expert knowledge to build an algorithm
for supporting decision making, a promising alternative is to combine these two types of information. Expert
opinion can be incorporated into routine practice data by eliciting from physicians a numerical importance weight
of each variable used in their decision making. Thus, if physicians assign a very low weight to some variable, it
should not be selected. Concomitantly, if the number of observations does not allow us to detect the effect of a rare
variable using only the observed data, then this elicitation could make it possible to reinforce this signal and thus
allow the variable to be selected. In this paper, we propose to combine information from EHR data and elicited
expert variable importance weights to select a minimal set of relevant variables for use in dose and treatment
decisions in the context of multistage chemotherapy.

Building personalized decision support tools to adapt doses in anti-cancer drug regimen is of particular interest
since chemotherapy may involve many decisions regarding the choice of drugs and doses. Numerous variables
(pharmacogenetic markers, tumor mutations, clinical characteristics) may be involved in the choice of an anti-
cancer treatment protocol. Usually, each patient receives his/her first protocol combination dose according to his/
her weight, height, age, and biomarkers. During subsequent treatment cycles, variables such as weight loss, ECOG
(Eastern Cooperative Oncology Group) performance status, treatment line, response, pharmacogenetic
polymorphisms, and toxicities can influence the physicians’ medical decision to either reduce the dose or choose
a different treatment line (protocol). Post-hoc analysis of randomized clinical trials and real world data have
already highlighted a high frequency of dose adjustment according to patients’ advanced age, and comorbidities
such as diabetes, obesity.Gf8 Moreover, some variables may have a known link to certain toxicities.’ Therefore,
physicians must adapt doses and schedules over consecutive treatment cycles by considering all characteristics of
the patient and past treatment lines, doses, and outcomes. Thus, decisions are personalized, and usually only a few
observations for a given set of characteristics are available in routine data. Consequently, using data-driven
strategies, rare variables that are very important for medical decisions might not be selected.

Because of the large number of variables in an EHR dataset, to select variables relevant for medical decision
making, one can use penalization criteria such as bridge, Lasso, SCAD, LARS, elastic net, or OSCAR
regressions.'®'* In the Bayesian setting, Mitchell and Beauchamp have suggested a method based on “spike
and slab” priors,'” with its extension, the Stochastic Search Variable Selection (SSVS) method, that use a
mixture of two normal distributions centered on zero, but with different variances as proposed by George and
McCulloch.'® The Bayesian approach can also enable us to incorporate prior expert information.

To combine information from EHR data and expert opinion, we propose using a power prior. Traditionally,
power prior methods are used to combine historical data with current data via an informative prior, called the
power prior, using Bayesian regression.!” The power prior parameter allows one to tune how much historical
information should be used in posterior estimation of the model parameters. If the power prior parameter
is equal to zero, then no historical information is used, and the prior distribution is taken as non informative.
If the power prior parameter is equal to one, then all the informative prior distribution is used to compute
the posteriors.
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Our motivating application is based on observed data derived from an EHR of colorectal cancer patients
treated with Irinotecan. Our expert data were obtained from six digestive oncologists by quantifying their
subjective importance of variables used in their own decision making. In our proposed method, historical data
are replaced by simulated data. The general steps of how we applied the methodology to our motivating
application are as follows:

(1) First, we independently asked six clinicians who are experts in treating colorectal cancer to specify
covariates and numerical clinical relevance weights to reflect their opinions about the importance of
each covariate in their decision making. When a covariate takes on a particular value, a clinician will
decrease the dose with a probability that relies on the expert’s clinical relevance weights given to this
variable. Each clinician gave their own clinical relevance weights linked to each grade of each toxicity type
and each level of each covariate.

(2) Next, we formulated a Bayesian model for the observed data D, including a spike-and-slab prior to facilitate
variable selection using SSVS.

(3) We generated a simulated data set Dy using the clinical relevance weights, and we formulated a synthetic
likelihood L(6|Dy).

(4) We used a power prior to combine the usual noninformative prior 7y(0) with the synthetic likelihood L(6|Dy)
to obtain the prior we actually used. The proposed method combines the physician weights in the posterior as
a function of estimated values from the observed data and the elicited weights.

The remainder of the article is organized as follows. In section 2, we describe the case study of patients treated
with Irinotecan for colorectal cancer. The proposed methodology is presented formally in section 3. We present the
results of our application of the method to the clinical practice data in section 4, and we discuss them in section 5.
We close with conclusions in section 6.

2 Case study

To ensure complete reporting of our routinely collected health data, we followed the RECORD statement.'®

2.1 Patient selection

The chemotherapy data analyzed herein were extracted from the patient EHR and stored in an i2b2 clinical data
warehouse together with all other hospital health records.'”?° These data warehouses have been established to
facilitate health care data reuse for research. We selected data from the Georges Pompidou University Hospital
(HEGP) i2b2 data warehouse, on patients treated for metastatic colorectal cancer who received at least once a
combination of drugs, including Irinotecan at a theoretical dose of 180 mg/m” and a theoretical chemotherapy
cycle of 14 days, between the 1 July 2003 and 10 November 2017. Selected patients were then split into two
samples, one (hereafter called sample 1) with patients having at least one cycle with complete information, and the
other (hereafter called sample 2) with patients not fulfilling this criterion.

2.2 Cycle selection

For sample 1, if the patient experienced a dose reduction (dose less than 150 mg/m?) on a cycle with complete
observation, we extracted the maximal number of consecutive cycles that included this cycle. Otherwise, we
extracted the maximal number of consecutive cycles with complete observation. This procedure offers the
opportunity to enrich our sample of patients with dose reductions.

For sample 2, we kept the maximal number of consecutive cycles with less than u missing data by cycle for
uefl,..., 10}

2.3 Variable extraction

Chemotherapy protocols and prescriptions are defined in the Chimio® (Computer Engineering) software that is
used by clinicians for prescription. This software manages the dates of administration for each cycle, the doses of
the different drugs, and dose reductions, among others. Some clinical data are also stored by clinicians in Chimio®,
such as body surface area or creatinine clearance.
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Table 1. Definitions of neutropenia, thrombopenia, and anemia.

Grades
Toxicities I 2 3 4
Neutropenia Neutrophils (/mm?) <2000 <1500 <1000 <500
Thrombopenia Blood platelets (/mm?) <150,000 <75,000 <50,000 <25,000
Anemia Hemoglobin (g/dL) <12 <10 <8 <6.5

The screens of the Chimio® application were reviewed to determine the relevant items to upload into the i2b2
data warehouse.

A total of 1.4 million observations were included from Chimio® in i2b2, involving 14,000 patients. 1.300 i2b2
concepts were created to store these observations.

To obtain clinical data associated with each chemotherapy cycle, a questionnaire was designed in 2012 at
the HEGP to collect the clinical information needed for patient follow-up and dose adjustments. In particular,
it contains the toxicities of chemotherapies at each cycle, by organ, graded for severity according to the
Common Terminology Criteria for Adverse Events (CTCAE) v4.03 nomenclature. We extracted these
toxicities along with other relevant variables (age, ECOG performance status, bilirubin, weight, treatment
line) and included laboratory values (neutrophils, platelets, hemoglobin) available in our clinical data
warehouse (cf. Table 1).

If several clinical reports were available for one cycle, we used the maximal grade for each toxicity variable.

We derived the following relevant variables from the clinical report:

Age < or >80 years;

Weight loss < or >10%, since the start of treatment;

Bilirubin categorized as < 35 umol/L, between 35 and 50 pmol/L, or > 50 umol/L;

Treatment line <3, =3 or > 3;

ECOG performance status and toxicities graduated integer values from 0 (no side effect) to either 3 or 4
(most severe).

2.4 Weight elicitation

Let n be the number of patients and K; be the number of cycles for patient i € {1,...,n}. For each i and
ke{l,..., K}, let x;x be the J-vector of variables at the beginning of cycle k. Let x;, be the value for the cth
category of the jth variable, j € {1,...,J}, c € {0, ..., C;} where C; + 1 is the number of categorles of this variable.
Let z;x be the L-vector (L = Z‘[’:] Cj) of all indiv1dua1 var1ables in x;x, where each x;;; is split into C; dummy
variables, each taking a value of 1 if the corresponding category was in x;;; and 0 otherwise.

For each variable j e {1,...,J} and each of its possible values ¢ € {1,...,C;}, each physician was asked to
specify the clinical relevance weights w; = (w;1,...,w;c,). These weights quantify the importance of variables
in dose adaptation decision-making based on individual clinician experience. The minimal and maximal
possible values for the weights were restricted to 0 (no severity) and W,,,. =100 (the highest possible severity),
since this scale is easily wunderstandable by oncologists, and ordered as follows: 0 =wjg
< wip <o 2 wiq; < Winax = 100, such that lower grades are less involved in the dose reduction decision than
higher grades. For ecach variable j, wjo=0 is the weight for the reference level xj,. Similarly, for
cell,...,Cj}, Wie is the weight used when the variable x;;; takes the value x“ For instance, the vector
w7 = (0, 20 80) is the vector of weights for the 7th variable at its C; = 3 levels (the reference level is not
included). By analogy with z, w* denotes the L-vector of all clinical relevance weights. This notation follows
Bekele and Thall,?! in which elicited toxicity severity weights were used to build a score called the “total toxicity
burden” for use in adaptive dose-finding.

Table 2 presents the clinical relevance weights elicited from each clinician for each covariate. For example,
{0, 20, 80} in the first column (physician 1), in the row “‘nausea” refers to clinical relevance weights given by
physician 1 for grades {1, 2, 3}. The table suggests that the clinician 2 assigned a weight of 20 to a weight loss of
more than 10% in his/her decision making, while clinician 4 assigned a weight of 80.
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Table 2. Clinical relevance weights for each covariate elicited from each physician.

Physicians
Variables 2 3
Age >80 years 100 - - - 60 - - - 100 - - -
Weight loss >10% 50 - - - 20 - - - 50 - - -
ECOG performance status (1,2,3,4) 0 20 20 20 0 0 40 100 0 0 80 100
Bilirubin >35, >50 umol/L 100 100 - - 40 80 - - 100 100 - -
Treatment line 3, >3 30 50 - - 0 0 - - 0 0 - -
Toxicity grades 1, 2, 3, 4
Vomiting 0 20 80 90 0 30 70 100 0 10 10 10
Nausea 0 20 80 - 0 10 50 - 0 10 10 -
Diarrhea 0 40 80 100 0 20 50 100 0 50 80 100
Asthenia 10 50 100 - 10 10 40 - 0 0 70 -
Neutropenia 0 70 100 100 0 0 30 50 0 0 50 50
Thrombopenia 40 100 100 100 0 0 20 30 0 0 50 50
Anemia 0 50 80 100 0 0 20 30 0 0 0 0
Physicians
Variables 4 5 6
Age >80 years 80 - - - 100 - - - 100 - - -
Weight loss >10% 80 - - - 50 - - - 60 — - -
ECOG performance status (1,2,3,4) 0 20 80 100 0 30 100 100 0 70 100 100
Bilirubin >35, >50 umol/L 20 80 - - 100 100 - - 100 100 - -
Treatment line 3, >3 0 0 - - 0 0 - — 0 50 — -
Toxicity grades I, 2, 3, 4
Vomiting 10 20 80 100 0 30 70 100 0 0 70 100
Nausea 10 30 80 - 0 10 40 - 0 0 30 -
Diarrhea 0 20 70 90 0 20 50 100 0 50 100 100
Asthenia 10 50 70 - 0 20 50 - 0 40 80 -
Neutropenia 0 20 70 80 0 0 20 100 0 0 0 50
Thrombopenia 0 50 80 100 0 0 20 70 0 0 0 0
Anemia 0 20 50 70 0 0 30 80 0 0 0 0
3 Methods

In the following section, we introduce the Bayesian mixed model framework, explain how we integrate the elicited expert
weights into the statistical model, and describe criteria to assess predictive performance and variable selection.

3.1 Bayesian mixed model framework

We use a mixed-effects logistic regression model where the dose reduction for patient 7 in cycle & is denoted by the
binary variable r;, and the covariate vector z;x includes patient characteristics and toxicities, updated from the
previous cycle

Tij ™~ B(P;‘,k)
logit(p;;) = 6o + 072k + vi
Vi %N(Oa 6}2/)

where (6, 0) is the L-vector of fixed coefficients, y; is the random patient effect, and B(p") represents the Bernoulli
distribution with a probability of success equal to p'.
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For /e {l,...,L}, let I, to be the selection indicator variable as follows

I — 1 if z;is inthe model
=10 otherwise

where z_; is the /th variable. We perform variable selection using the Stochastic Search Variable Selection (SSVS)
method, which assumes that 6;|7;, [ € {1,..., L} follows a mixture of two normal distributions, both centered on 0
but with different variances: the first variance is chosen to be small so that unselected variables have estimated
coefficients that are very likely to be close to 0, and the second is chosen to be large so that estimated coefficients
linked to selected variables can assume a wide range of real values with nontrivial probability.'® Formally, the
distribution of 6,|1;, [ € {1, ..., L} is assumed to be

o1 ~ (1 — I)TN(0,7%) + L TN(0, g7%) (1)

where (t,g) are variance parameters, the selection variable indicator /; follows a Bernoulli distribution with
parameter p;, and TN is the truncated normal distribution on (—o0,0]. The truncated normal distribution
restricts parameters to negative values, such that the model only accounts for dose reductions. In practice, doses
specified per protocol are possibly decreased but not increased. Therefore, there were no dose increases in our data.

3.2 Integration of expert elicitation weights into the power prior method

In this section, we describe how we combined the elicited expert weights with the observed data when modeling
dose reductions.

The power prior (PP) method provides a basis for integrating information contained in historical data into a
Bayesian analysis,'” while calibrating the weight of the historical data relative to the current data. In our proposed
method, historical data are replaced by simulated data generated using patients with incomplete data (sample 2).
For this dataset, we first (1) imputed missing values at random according to the variable distribution in the initial
data set and (2) generated dose reductions ry according to the elicited weights.

Two alternative approaches were used to generate simulated dose reductions ry according to the experts’ elicited
weights:

e Approach 1:
AD = { 1 ifw*Tzo,'i’,k/ > Qp )
o 0 otherwise
e Approach 2:
Fo e ~ B(phs ) 3)

: T
logit(p ;1) = —Qo + W 20,0k

In both approaches, Qy is a threshold defined to obtain a proportion P, of dose reductions, in which Qy is the
quantile corresponding to the probability 1 — Py of the sample made up of (w*Tzo,ir,kr)i,,k,. Equations (2) and (3)
show how the elicited weights were used as covariate parameters in the synthetic data simulation model. Furthermore,
the simulated data set depends on the P, value that is chosen based on a sensitivity analysis, described in section 3.4.
The second approach introduces uncertainty into the dose reduction and makes the process of decision making more
similar to that of clinicians in clinical practice by sometimes discarding important variables.

The simulated data are combined with observed data using the PP. This prior is defined as the product of the
weighted likelihood of 6 conditional on the simulated data and a noninformative prior distribution

(01 Dy, ag) o< L(0]Do)* 1o(0)
where Dy = (ng, ro, 20) are the simulated data, L(6|Dy) is the likelihood of @ conditional on the simulated data,

0 < ap < 11is the scale parameter that controls the amount of weight assigned to the simulated data, and () is a
noninformative prior for 6.
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The posterior distribution of 6 is
7(0|D, Dy, ag) o< L(0|D)7(0| Dy, ao)
oc L(01D)L(6] Do) 1(6)

where D = (n,r, z) are the observed data and L(0|D) is the likelihood of @ conditional on the observed data.

3.3 Bayesian model averaging (BMA)

To combine the weights elicited from different physicians, ¢ € {1,..., C}, we use Bayesian Model Averaging
(BMA) with the predictive distribution of a coefficient 6, / € {1,..., L}, which is a weighted average of the
posterior distributions of 6, using our model M. for each clinician ¢**

C
P6,|D) = > P(M,|D)P(®,| M., D)
c=1
where the weights [P(M.|D) are the posterior probabilities of each model

P(D|M)P(M.,)
621 P(DIM P(M.,)

61:1

P(M.|D) =

The marginal likelihood of the model M. is
PDIM,) = [ PDIGL MOP(@IM)0,
where P(D|6;, M) is the likelihood and P(6;|M.) is the prior distribution. The expected value and variance of 6, are
given by

C .
E(©1D) = ; [ P(M.|D)

QO

V@ID) = Y- [V(GID, M,) + () IP(M.|D) — E@|D)’

c=1

where & = E(6/|D, M,).

3.4 Prior parameter settings

Numerical values of prior hyperparameters g and 72 in equation (1) must be specified so that if 6, ~ N(, ), 6,
then estimate 6; will be close to 0, and if 6, ~ A/(0, gr?), then §; may take on nonzero real values. In the following,
based on a preliminary sensitivity analysis, we chose 7=1 and g=100 following the proposal in George and
McCulloch.'® We also took p; = 0.5, so that all variables have the same probability of being selected by the
algorithm. The intercept 6, and the covariance of the random effects 012/ were assumed to follow a normal
distribution with a mean of 0 and variance of 100, and an inverse-gamma distribution with shape and scale
parameters equal to 1 and 1, respectively.

For the PP, we performed a sensitivity analysis of prediction performance and variable selection.
Two alternative approaches were used to generate the simulated dose reductions ry according to the elicited
expert weights. We considered the power prior parameter values (ay € {0.1,0.5,1}), simulated sample sizes
(no=ny, np = 1.77 x n;), and dose reduction frequencies (Py € {2P, P, P/2}).

3.5 Assessment of predictive performance and variable selection

To assess the performance and variable selection, we randomly split the sample with complete observations into
two subsets, one for training (70%) and one for performance estimation (30%), and repeated this 10 times,
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Table 3. Covariates for patients with complete observations over all cycles (sample 1).

Variables 0 | 2 3 4
Age >80 years 604 (95) 32 (5) - - -
Weight loss >10% 631 (99) 5(1) - - -
ECOG performance status 123 (19) 381 (60) 100 (16) 11 (2) 21 (3)
Bilirubin >35, > 50 pmol/L 630 (99) I (0) 5() - -
Treatment line 3, >3 547 (86) 46 (7) 43 (7) - -
Toxicity grades

Vomiting 567 (89) 54 (8) 13 (2) 2 (0) -
Nausea 344 (54) 226 (36) 60 (9) 6 () -
Diarrhea 363 (57) 218 (34) 49 (8) 6 (1) -
Asthenia 97 (15) 368 (58) 150 (24) 21 (3) -
Neutropenia 444 (70) 11 (17) 67 (11) 9 (I 5(I)
Thrombopenia 524 (82) 104 (16) 6 () I (0) 1 (0)
Anemia 343 (54) 257 (40) 36 (6) - -

Note: Percentages are shown in parentheses.

resulting in 10 use cases. Parameters were estimated for each training sample considered as observed data in the
likelihood, with variable selection performed on the training sample. For each variable, we counted the proportion
of times this variable was selected. Predictive performance then was estimated for each test sample. To assess the
model predictive performance, we used the Receiver Operating Characteristic (ROC) curve and its corresponding
Area Under the Curve (AUC).

We performed the analyses using R software 3.3.2 version and package R2jags (0.5-7 version). In R2jags, three
chains and a burn-in of 1000 were used to implement autojags, combined to Gelman and Rubin’s potential scale
reduction factor Rhat=1.1 as a convergence criterion. The scripts are available from the corresponding author.

4 Results

Among the 678 patients in the sample, » =303 had complete observations over all cycles (sample 1; see Table 3,
Figures 1 to 3 for descriptions). There were very few observations with grade 3 or 4 toxicities. Among patients with
complete observations over all their cycles, 85 had dose reductions, corresponding to 13% of the observed dose
reductions in sample 1.

This sample of 303 patients was used as observed data in the method. Thus, 10 training samples of n; = 212
patients and 10 validation samples of 91 patients were built to assess the predictive performance of the proposed
model. The 375 patients with incomplete data (sample 2) from the initial data set were used to build the simulated
dataset by (1) imputing their missing values at random according to the variable distribution in the initial data set
and (2) generating dose reductions according to the elicited weights (see Appendix 2 for description of this sample).
A flowchart summarizing the use of the data is presented in Figure 4.

The elicitation weights showed that important variables for decision making were the ECOG performance
status, except for physician 1, and grade 4 toxicities. Some variables were considered important less consistently,
such as the treatment line or anemia. The elicited weights suggest that the six clinicians might act differently when
dealing with the same clinical situation.

4.1 Prediction performance

Let P be the proportion of observed dose reductions in each of the 10 training datasets of sample 1. Table 4
summarizes the number of selected variables and AUCs for usual SSVS and SSVS using the PP model with
ap € {0.1,0.5, 1}, BMA, and several values of Py, and ny. The AUCs did not change with the introduction of a
PP, regardless of the parameters considered.

4.2 Variable selection

For approach 1 that is used to generate simulated dose reductions, Figures 5 and 6, respectively, show the
proportion of times where each variable is selected by the models and the proportion of times where each
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Figure 1. Distribution of age, weight loss, bilirubin, ECOG performance status and treatment line for the n patients with complete
observations over all cycles (sample 1). (a) Age; (b) weight loss; (c) Bilirubin; (d) ECOG performance status; and (e) treatment line.

Table 4. Number of selected variables and AUCs for usual SSVS and SSVS using the power prior for the two
approaches, ap € {0.1,0.5, 1}, BMA and several values of Py and nj.

Number of selected variables AUC
SSVS

5 0.69 (0.04)

PP — Approach |

00:0.| 00:045 ag = | 00:0.5 00:0.5 dg = |
Po =P no=n, 3 6 9 0.68 (0.03) 0.68 (0.04) 0.68 (0.05)
Po=P no = 1.77n, 3 6 10 0.68 (0.03) 0.68 (0.04) 0.68 (0.04)
Py = 2P no=n, 2 8 13 0.69 (0.03) 0.68 (0.04) 0.68 (0.04)
Py = 2P no = 1.77n, 2 10 14 0.69 (0.04) 0.69 (0.05) 0.69 (0.05)
Po =P/2 no=n, 3 6 I 0.69 (0.03) 0.69 (0.04) 0.68 (0.04)
Po =P/2 no = .77 n, 2 4 9 0.68 (0.03) 0.68 (0.04) 0.68 (0.03)

PP — Approach 2

Clo=0.| ao=0.5 Go=| Go=0.| 0020.5 00=|
Po=P no=n, 3 4 9 0.68 (0.03) 0.68 (0.04) 0.69 (0.05)
Po =P no = |1.77n, 2 4 10 0.68 (0.03) 0.68 (0.05) 0.68 (0.05)
Py = 2P no=n, 2 6 13 0.69 (0.03) 0.68 (0.04) 0.69 (0.05)
Py = 2P no = .77 n, 2 7 13 0.69 (0.03) 0.69 (0.05) 0.69 (0.05)
Po =P/2 no=n, 2 4 10 0.69 (0.03) 0.68 (0.04) 0.69 (0.04)
Po =P/2 no = 1.77n, 3 4 9 0.69 (0.03) 0.68 (0.03) 0.68 (0.03)

variable is selected by the models against values of mean weight elicited by clinicians. Figures 7 and 8 are the

corresponding figures for approach 2. Tables 5 to 10 in Appendix 1 are the detailed results for all scenarios.
SSVS selects only a few variables. Only five variables were selected at least for five of the 10 cases conducted:

bilirubin greater than 35 pmol/L and greater than 50 umol/L, diarrhea of grade 2 and 3, and anemia of grade 2.
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Variable selection varies according to the different settings for the power prior, more particularly with the
power prior parameter. Variable selection did not change significantly with a varying sample size and dose
reduction frequency of the simulated sample. When using the power prior approach, variables selected by the
SSVS were also selected at least for five of the 10 experiences conducted, except anemia grade 2, for which the
mean and maximal value for the elicited weights were, respectively, 12 and 50 with four out of the six physicians
having chosen a null value for this variable.

For a small value of the power prior parameter, variables having high elicited weights were not selected
in more than half of the cases. The number of selected variables with high elicited weights increased with
the power prior parameter value. The power prior selects variables with high elicited weight and few
observations, such as ECOG performance status grade 3 (11 observations) and vomiting grade 3 (2
observations). It also selects variables with high elicited weight but with a larger number of observations:
ECOG performance status grade 4 (21 observations), asthenia grade 3 (21 observations) and age greater than
80 years (32 observations).

5 Discussion

Our method improves SSVS variable selection by automatically selecting relevant variables based on experts’
everyday practice and discarding variables elicited by experts as not being important. Our method was also able to
select rare variables that could not be selected using conventional data-driven approaches with relatively small
samples. Of note AUC did not significantly vary across the different models and was moderate.

5.1 An automated and flexible variable selection approach

Once expertise is quantified by the elicited weights, our proposed method allows one to automatically select
variables without the need for a consensus step. The two suggested approaches for generating simulated data
based on experts’ elicitation weights can provide different sets of selected variables, which may be explained by the
randomness of the second approach in comparison to the first. Therefore, our method allows to incorporate
elicitation variability in several ways and therefore can aggregate multiple expert opinions while taking into
account their variability.

The number of variables included in the final model is flexible as it depends heavily on the numerical power
prior parameter value, with 2 to 14 among 32 variables selected. Smaller values of the power prior parameter
lead to fewer variables selected and discarding variables that were retrieved in the data-driven based analysis
(SSVS). Larger values of this parameter lead to a larger number of selected variables combined both data and
expert knowledge. Most of the SSVS selected variables were included, except anemia, for which the elicited
weights were very low (mean weight: 33). Of note, bilirubin was selected as UGTI1A1 polymorphism, closely
linked to bilirubin level that is largely described as associated with Irinotecan adverse events.”> The selected
variables were strongly correlated with the elicited weights, with the variables having the highest elicited
weight all included when using the largest power prior parameter. Consequently, we suggest repeating the
procedure using several different values of the power prior parameter, such as ap € {1,0.5,0.1}. On this basis,
ap can be chosen according to the number of relevant variables that one wishes to keep for building a decision
tool, or guided by a trade-off between the selected variables stemming from the data and from the elicited
expert knowledge.

5.2 An innovative approach to model medical decision

To our knowledge, power prior methods have been used mainly to vary the weight of historical data used in a
current data analysis.!” In this paper, we suggested to use a power prior to incorporate information in the form of
clinical expertise by using simulated data obtained from elicited weights. This methodology appears promising and
can be applied to a variety of situations involving medical decision making.

The proposed method aimed to model decision making. Personalized medicine requires the consolidation
of knowledge about personalized medicine and the development of CDSS that provide actionable
information.” Besides knowledge about disease subtypes and genomic variants, comprehensive understanding
of the cognitive processes and parameters that influence medical decisions is needed. IT solutions must
be proposed for data sharing and building a consensus on clinical interpretations of complex patient data.
These solutions could integrate data reasoning capabilities together with computational data-driven
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approaches like prediction tools, federated queries, and follow-up systems. Not surprisingly, our results
show that the clinicians that participated in our study might act differently when dealing with the
same clinical situation. Conventional knowledge-based CDSS and guidelines implementation in EHR
systems are means to reduce variability in decision making. Our approach is an attempt to make explicit
the parameters that influence clinical decisions about dose reduction in cancer treatment and explain
data heterogeneity.

5.3 Elicitation step enables to capture practice variability

Predictive performance was moderate with an AUC of approximatively 0.7 for all power prior parameters, which
did not change with the addition of expert information. Two phenomena might explain this moderate
performance: missing variables and practice variability among physicians. The 32 variables included in our
study as potentially important for clinicians’ decisions were those from the follow-up questionnaire used
routinely to assign patients’ doses. This assignment is performed the day before the patient venue for
organizational purpose, based on this questionnaire. When the six clinicians who elicited their decision process
in this study were asked about other variables not in the questionnaire that could influence doses, only two
additional variables were mentioned: therapeutic objective (two clinicians) and intestinal obstruction (one
clinician). Therefore, it is unlikely that important variables were not included in our study. By contrast, elicited
weights deeply vary across physicians, in favor of practice variability among physicians. A study already
concluded that large differences observed in practice probably result mostly from individual variation in clinical
practice.® Therefore, the moderate performance achieved by our model is likely due to practice variability and this
might hold for most use cases.

5.4 An approach limited by the contain of EHR

Our use case is based on monocentric data. It is indeed very difficult to gather real-world multicentric clinical data
such as diarrhea, and vomiting grades due to the lack of interoperability of the different EHR across hospitals for
clinical variables. Most multicentric real world data are based on administrative claims that do not contain all
relevant information to model medical decision. As a perspective, it is of utmost importance to rely on
interoperable EHR to have large sample size. Moreover, EHR contain is limited: it is noteworthy that medical
decision process to reduce the dose is not described in EHR, that is, variables used for individual dose reduction
are not reported.

5.5 The final perspective: dose regimen modeling to improve survival

Modeling dose regimen is an important intermediate step to model the complex relationship between patients and
tumors characteristics, treatment and disease free survival. Indeed, the final aim of our approach is to assess which
combination of dose will provide for each patient the best survival. Literature about the relevance of dose
adjustment to improve survival is contradictory with some studies showing that reductions decrease survival
while other shows no consequence on survival with reduced adverse events.®** Finally, all of a patient’s
previous treatments and side effects may be considered by a physician to adapt the dose, not only those in the
most recent cycle. Moreover, the time intervals between successive doses vary between patients, depending on their
most recent toxicities, although time was not included in our analysis. Furthermore, past doses and administration
schedules are major causes of toxicities, so there may be a complex causal effect, which has still to be modelled.
While some real world studies highlighted strong difference in chemotherapy use, high frequency of dose
adjustment and differential survival compared to clinical trials, no study tackled the complex relationship
between dose adjustment and survival.>>*® Few studies indeed focus on medical decision, and more particularly
on dose regimen in routine data model building. This is, however, an essential step to assess drug efficacy. As a
perspective, one should develop models that can take into account all these complex steps with the aim to find the
best treatment for each patient.

6 Conclusion

In this article, we proposed a Bayesian method based on a power prior approach that allows one to combine
information from patient data and elicited expert opinion when performing variable selection. In this method,
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theoretical doses are generated based on the experts’ elicited weights for variables, with a power prior to analyze
the observed data and a simulated dataset based on the weights. Our application shows that this method enables
one to select rare variables that cannot be selected using only patient data and to discard variables that appear to
be relevant based on the data but not from the expert perspective. Combining expert opinion and data driven
knowledge is a crucial step toward personalized medicine. Selection of the optimal set of important variables
making in dose reduction decisions is essential to build decision-making tools that could help physicians to better
manage their patients. Our method can be applied in all settings in which we want to account for experts’ opinion
when selecting variables.
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Figure 2. Distribution of toxicities for the n patients with complete observations over all cycles. (a) Vomiting; (b) nausea;
(c) diarrhea; (d) asthenia; (€) neutropenia; (f) thrombopenia; and (g) anemia.
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Figure 6. Proportion of times each variable is selected by the models against values of mean weights elicited by clinicians for
approach |, several values of Py, ng and ag. Each model is labeled with a different symbol. (a) Po=P, no=n,; (b) Po=2P, no=n;
(c) Po=PI2, no=ny; (d) Po=P, no=1.77 x ny; (e) Po=2P, no=1.77 x ny; and (f) Po=P/2, no=1.77 x n,.
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1.77 x ny; and (f) Po=P/2,

1.77 x ny;(e) Po=2P, ng

P no

n.;(d) Po

ny; (c) Po=PI2, ny

(b) Po=2F, no

=ni

B no

1.77 x n,.

Figure 7. Proportion of times each variable is selected by the models for approach 2, several values of Py, ng and ag. The values of
mean weights elicited by clinicians for each variable are equal to the length of the dashed lines. Each model is labeled with a different

symbol. (a) Py

no
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Figure 8. Proportion of times each variable is selected by the models against values of mean weights elicited by clinicians for
approach 2, several values of Py, ny and ao. Each model is labeled with a different symbol. (a) Po =P, no=ny; (b) Po=2P, no=n,;
(c) Po="PI2, ng=ny; (d) Po=P no=1.77 x ny; (e) Po=2P, no=1.77 x ny; and (f) Po=P/2, no=1.77 x n,.



Statistical Methods in Medical Research 0(0)

20

"3|qELIBA 93 03 PBjuI| SUOIONPa. 3sOp jo uonJodoud sy3 seaedipul UWIN[OD ¥ Y| ‘|9POW 3Y3 Aq P2Id3|as SI d|qelieA B sawn jo uondodoud sy st | = s> ¢ PI0N

(+0°0) 890 (+0°0) 89°0 (€0°0) 890 (50°0) 890 (+0°0) 89°0 (€0'0) 890 (+0°0) 69°0 - NV
O_ 0 N m 0 m m - ww_nm_.‘_«; Umuuw_ww wO LwnEBZ
(z€0) €0°1 (€70) 980 (24N (s€0) 80°1 (610) 60 (970) 811 (60°1) goSTE 9€/T| T Blwauy
(£00) €0 (€0'0) 810 (€00) 81°0 (£00) 970 (s0'0) 61°0 (#00) 610 (60°0) T'0 £ST/9T | Blwauy
(T €91 (#0) |460°1 (50°0) 160 (1€°0) |01 (1r0) 60 (#0°0) 680 (o) €1°1 1/0 p muadoquioay |
(19°0) 18°1 (V4 WAM! (£10) 6T1 (€£D) ¢066T (£9°0) |-4SS°1 (£10) 9¢'1 (zs0) 1T€ 1/0 € rluadoquioay |
#1°0) £SO (T1'o) 80 (19°0) 0960 (CY)ITN (€5°0) 1120 (£°0) 10501 (S€1) goltE 9T T eiuadoquioay |
(££0) 2071 (€1°0) 50 (10) 6¥°0 (5€°0) 960 (S1°0) 550 (€1°0) T5°0 (19°0) |06¥| yO1/S| | eiuadoquiouy |
(80 ,olLy (ST1) £058'1 (€2°0) 60°1 (88'1) ,oETE (60°1) £85I vT0) S0°l (8+°0) 1871 S/ p eluadonaN
(8¥°1) yolLT (12°0) 70851 (58°0) ¢469'1 (687) ¢0£6T 911 zol81 (€80) ¢089'1 (17D ,oeL€ 6/ ¢ euadosanap
(11°0) ¥5°0 (80°0) 1+°0 (£00) ¥+°0 #1°0) €90 (1'0) 8+°0 (£0°0) 9%°0 (50°0) 590 £9/6 T euadoanaN
(61°0) 50 (110) 8€0 (80°0) ££0 (810) 150 #10) 0 (600) 6£°0 (51°0) $9°0 11zl | BlusdoaanaN
(LL7) ¢486'S (££0) ¢ov6'] (To) ¥0'1 (S21) got6€ (€5°0) 10SS°I (To) o'l (80) ,:09TC 12y € rluayIsy
(s8°1) 18271 (6¥°0) 980 (§T0) TL0 (S1'1) 7459°1 (9€°0) £8°0 (170) 20 (81°0) €80 0S1/T€ T eluayisy
(#9°0) |-060°1 (€20) £90 (T1o) 150 (€7°0) 880 (£10) 790 (110) 50 (£10) 990 89¢/1¥ | BlUsYyIsY
(8T¥) \¥8°01 (Lv'D) ¢ol'S (€T'1) gotb'e (L6 \9v'6 (9£77) 168°S @T1) gob9°€ (8V°0) ¢o6b'9 9y € edyLeq
(zT1) TS (8£°0) 441€T (9°0) ,0€0T (1T gol€r (66°0) 9oLb'T (19°0) 91T (88°1) #59 6¥/81 T ®ayuIeQg
(600) €£0 (110) 970 (600) 870 #1°0) ££0 (€10) 670 (1'0) 670 (11°0) 80 817/8T | B3yt
(€) 1o€1T (1) ¥l (250) |ob6°0 (€7 £08TT (s¥°0) 80°1 (15°0) $6°0 (LTD) £olTT 91T € eosneN
(S1°0) €570 (€1°0) ¥+°0 (80°0) S¥°0 (€5°0) |€£70 (600) 50 (£00) L¥0 (T10) €90 09/€1 T eosneN
(€10) s¥0 (T10) 670 (£00) 670 (s10) ¥0 (110) €0 (£00) 1€0 (€10) 290 97U/8T | easneN
(16'7) oob¥'S (#S7) ¢0b¥T (#81) £060T (1°¢) jotl¥ (967 49T (18°1) £480C (98°1) ,069°€ Ul € 8uniwop
(L171) 2o (50) £8°0 (6T°0) £80 (8£°0) g0t (£+°0) 960 (€0) 160 (56°0) 41T €1/5 T 8unjwiop
(99°0) 1l€'1 (s€0) €80 (£10) 69°0 (sT0) €0 (170) 820 (s10) £'0 (TS0 (€€ b/l | Sunjwop
#87) ,oSTE (Ts0) 80°1 (61°0) 220 (617 7ov81 (#2°0) 14560 (920) 2270 (90) 9271 £7/9 €< UI| JUBWIIBd|
(To) 90 #T0) S50 (€20) 190 (610 20 (£1°0) s5°0 (To) 190 (5€0) 8T 9%/8 € dul| Judsuneal]
(1€¢) s0'6 (65D ;09T (T1) 87T (65°€) ¢l 1'8 (TS0 gof¥ L) yol€T #9°1) ;06 F S/t /10w og< uignaiig
(T8°9) gol0€I (6577 406T6 (6T1) gobS9 (#0%) gL 701 (£9°€) ¢S’ (6£0) g¢8€'S (8€°0) \b6'S 1/1 J/low gg < uignuijig
(9g71) 282 (#9°1) ¢066'T (6£°0) 90'1 (€0°€) g0LS9 (€8'1) ¢06T (29°0) oS (6¥°0) ¥T'1 1T/E t smes asuewaopad HOD3
(80°€) 4869 (9'1) 4¢98°T (€T°0) 660 (11°€) ,48'S (£8°1) £06€T (95°0) ¢08L°1 (8€°0) 19'1 1/ € smes duewlopad HODI
(80°€) ,oSE€ (18°0) £oC€'l (8€°0) €11 (86°1) ,01TT (60) |oL1'l (€€70) 80°1 (87°0) L8 001/5C T smus adurwiopad HODJ
(££°0) 14S0°1 (£z0) 290 (81°0) 550 (67°0) 8270 (+£0) 690 (To) 950 (€2°0) 90 18€/LY | smels aduewlopzd HOD3
(#270) 1981 (91°0) 860 (€1°0) ¥8°0 (8V°7) ,o8LT (99°0) £06T1 (z0) 680 (#90) 69°1 S/0 %0 | < SSO| IYSIAA
(1z¢) 2101 (1577 4065 ¥ 1) g6 (99°€) \S6L (TS0 ,91F (6£°0) 70651 (89°0) 14€9°1 (435 saeak pg< a8y
(61) sSTI— (€6°0) TT9— (8%°0) SO°S— (ss'1) sg01— (€1'1) €€9— (S¥°0) £1'S— (9¢1) T901— - 1daouaay|
| =0 g0="0 1'0="0 | =0 g0="0 1'0="% SASS ¥ S|9PO|W / S3|qRIIBA

lux /71 =0 lu=0uy

(d = 9) Jorid samoyg

“0u JO San[eA [BJDASS pue

VYIAgG .: hmo ¢ | Ow > 0p nl = o& Yym LUNOLn_n_m 3sJ4ij ay3 Joj} «_O_.\_n_ Jamod a2y Mr__mj SASS PU®B SASS [ensn J0j SONY PUB S3|qeIJIBA Pa123|9S JO Jaquinu ‘SJUaIdIje0d pajewnsy °q a|qel



21

Boulet et al.

"3|qBIIBA 9Y3 01 PA|UI| SUONONPa. 9sOp Jo uondodoud aya $9IBDIPUI UWNJOD * BY| ‘[SpPOW aya AQ Pa123|as S| 9|qelieA & sawn jo uondodoud saya st | = s> ¢ 910N

(50°0) 690 (50°0) 690 (#0°0) 690 (+0°0) 89°0 (+0°0) 890 (£0°0) 690 (+0°0) 690 - ony
¥l ol 4 £l 8 4 S - S9|qelIEA P2323J3s JO JaquinN
(1€°0) £6°0 (Tz0) 80 (170) ¥0'I (67°0) 201 (Tzo) €80 (zzo) Tl (60'1) goSTE 9¢/TI T elwauy
(50°0) £T0 (€0'0) 910 (zoo) 910 (60°0) 870 (s00) £1°0 (€00) 210 (600) Tv'0 £ST/9T | Blwauy
(9%°0) £T'| (61°0) £0'1 (900) €60 (55°0) 6€°1 (sz0) | (90°0) 160 (110) €11 1/0 t eluadoquioay |
(€6'%) ¢0SL9 (£SD) 4t8€ (6T7°0) 8% (£9°9) ¢0158 (T0E) ¢ob0OF (97°0) 1571 (Ts0) 17¢ 1/0 ¢ eiuadoquiouy
(z0) 190 (11°0) 750 (£10) 680 (#70) 690 (£10) 290 (9T1) |(8¢€'1 (S€71) ¢oTTE 9/t ¢ ruadoquioay |
(87°0) 80 (11°0) 8€°0 (60°0) 8€°0 (170) 820 (80°0) ¥'0 (80°0) 1¥°0 (19°0) |06+ bOI1/S| | euadoquioay |
(15°€) gol¥2 (TTD) 46T e0) €11 #S7) gov6'S (90°1) zoS6'1 (97°0) so'1 (8%°0) 181 s/l ¢ eluadoanaN
(60%) LoTF'S (€17 4086'C (69°0) 7€' #9°€) 9ot6F (6£1) 4085°C (96°0) ¢oLL'l (T yo€L€ 1314 € 'uadoinaN
(£00) €0 (500) €£°0 (£00) 6£0 (€10) TS0 (600) 1+°0 (£00) Tr 0 (50°0) 590 £9/6 T ®usdonnaN
(10) 90 #070) €0 (s00) €0 (S1°0) 550 (60°0) S€°0 (£00) ¥€0 (S1°0) 90 117zl | eluadouinaN
(€9°1) \6£78 (8¥°1) 96T (67°0) SO°1 (200 \¥9L (LT1) o0LST (170) 860 (8°0) 4,09TT k3% € BluayIsy
(9D 4otTE (69°0) TI'I (170) €90 (18D yol'€ (6£°0) |-oL1°] (€2°0) 990 (81°0) €80 0S1/T¢E T BlUayISY
(#50) 40 (17°0) €50 (10) 0 (6£°0) ¥8°0 (S1°0) 6+°0 (£00) 60 (£10) 990 89¢/1¥ | eluayIsy
(g6°€) \8TSI (F1°€) €82 (ev'1) \8T¥ (69°€) ,80°S1 (157 129 (L€1) golEY (8Y°7) ¢06b'9 9y € edyelq
(€€'1) 1L€9 (£S1) ¢o18T (8%°0) 7:06L'1 (91D |S¥'S (1€1) goSET (95°0) 46L'1 (88'1) ¥59 6¥/81 T eayLielq
(S10) L£O (€1°0) 670 (60°0) 670 (€1°0) 1+°0 (€1°0) €0 (60°0) 1€°0 (11°0) 8%°0 817/8¢ | eoyLIEIg
(S1°€) go¥TE (6T°1) 1-9¢'1 (6£0) 60 (5D 86T (60°1) -oLT1 (1+°0) 680 (LTT) £olTT 9/t € easneN
(61°0) L¥0 (10) ¥€'0 (900) 6€°0 (F¥1) 1:080°1 (#+0) |,€50 (900) Tv'0 (T10) €90 09/€1 T easneN
(€1°0) 80 (€1°0) £T0 (£00) 970 (11°0) 6€°0 (10) 870 (90°0) 670 (€1'0) T9°0 9TL/8T | easneN
(81'%) ,oT69 (9T°7) 49T @L1) 41T (€€7€) otV (ST 40867 (T91) 14€0T (981) 4069°€ Ul € Suniwop
(TL€) ,65°€ (9%1) ¢obSI (£€0) 14€0° (Try) yoESY (@) o€ (£9°0) |,CT1 (56°0) 4o1TT €1/S T Bunjwiop
(€5°0) 60°1 (€€0) £0 (£10) 90 (1€°0) s0'1 (sz0) 120 (91°0) 290 (TS0 €€ pS/1L | Suniwop
(TrD) €T (z£0) 80 (€1°0) 590 (80°€) ,081°€ (59°0) |-480°1 (810) 120 (9°0) 9271 €919 €< dul| JuswIedd|
(81°0) 190 (Tzo) L¥0 (170) 150 (910) 290 (zo) zs0 (61°0) 950 (s€0) 8T'I 9%/8 € dul| Juswie]
#9°€) |56'6 (15D ,9¢F (56°0) 40T (zTre) 896 (€€ LoEIY (660) ,0S1T #9°1) o6 Y S/t J/1own og < uiqnuiig

(L0 |SS¥I (880 596 (+80) 6+'9 (95D vO€l (6D (656 (€8°0) ;789 (8€°0) | ¥6'S 1/1 J/1own ge < uignuny
(1'0) 902 (60°1) ¢o6€C (zzo) 860 (197) ¢ob59 F11) golb'T (61°0) 960 (6+°0) ¥T'1 1T/e p smies asuewaokad 5O
(127 1656 (8271) gtS€E (€20) 111 (657 558 (95°1) ¢0SI°E (€€0) 2071 (870) 1971 11/2 € smes aduewuopd HODJ
(€€7¢) ,,8€€ (£6°0) £8€'1 (8v°0) 8T (7€) yol I'E (€1°1) £6€1 (£°0) | oLT1 (8°0) ,-xL8'1 001/5T T smess aduewlopad 5OD3
(£5°0) 10970 #70) 50 (610) 50 #70) 90 #70) 50 (61°0) 150 (€z0) 90 18€/L¥ | smes aduewlopad HOD3
(87°€) 4495°S (TTD) ¢0l67T (95°0) 1-09T'1 (€87 got6F (SE°1) 4oSET (r0) 09T 1 (#9°0) 69°1 S/0 %01 < SSO| IYSIoAA
(1€ €01 (L1 joLTh (F270) ¢oft (990 126 (6'1) g0SOF (£°0) |obE I (89°0) (€91 4955 sseak 0g< 98y
@uwi— (€6'0) 19°5— (6£°0) evp— L) s¥i11— (8£0) $9°5— (€€0) 65— (9g°1) T901— - adedusay)
| =0 g0="0 1'0= 0% | =0% s0="0 1'0="% SASS ¥ S|9PO| / S3|qeIIBA

lux /771 =0 lu=0u

(d7 = %) 4o1d samoyd

vIWa {1°50°10}

0y JO SON[BA [BI9ASS puB

00 ‘gz = 9% yam yoeouadde 1suyy oy Joj Jorid usmod aya 3uisn GASS PUB SASS [BNSN UO) SHMY PUE SI|qELIBA P91D3|SS JO JBQUINU ‘SIUSIDIYS0D pajewnsy *9 d|qel



Statistical Methods in Medical Research 0(0)

22

"3|qRIIBA B3 03 paYUI| SUORINPA. 80P Jo uonJodoud ay3 seIBdIPUI UWINJOD X BY| “[DPOW dY3 Aq PoId3|as SI d|qeLIRA B sawi jo uonJodoud a3 st | = s> ¢ 930N

(€0°0) 890 (+0°0) 89°0 (€0°0) 890 (+0°0) 89°0 (+0°0) 690 (£0°0) 690 (#0°0) 690 - ony
6 14 C 1l 9 m q - S9|qelJeA pa3d3|9s mO JaquinN
(€€°0) |SE' (z10) 2ol (1z0) 121 (9%°0) 10STI (zzo) €01 (sT0) vT1 (60°1) g0STE 9¢/T! 7 Blwauy
(60°0) 870 (50°0) 810 (€00) 61°0 (o) 1€0 (900) T0 (#00) TO (60°0) Tv0 £5T/9T | BlwaUY
(£1°0) 560 (€0) ¥1°1 (#00) 60 F1°1) ¢085°1 (#€0) 80'I (50°0) 260 (o) €11 1/0 t elusdoquioay |
(8€°7) 4oL0F (#10) 51 (110) ¥€'1 (£671) gobL¥ (88°0) ¢oLTT (T1o) s+ (zs0) 1T€ 1/0 € eluadoquioay |
(6€°1) 4ol (1+'0) 80 (z0) 280 (67°0) 690 (S5°0) |o¥L0 (sT0) 880 (S€°1) ¢oTTE 91T T 'iuadoquioay |
(8£°0) |ob'1 (S1°0) 85°0 (S10) £5°0 (§5°0) -ovT'1 (S10) €9°0 (#1°0) 850 (19°0) |46¥'1 b01/S1 | euadoquioay |
@T1) 8L (@0) 1€1 (81°0) ¥0'1 #9'1) 49T (#90) | oLE (€T°0) £0'1 (8v°0) 181 s/l ¢ eiuadonnaN
#91) g091F (€0°1) ¢081°T (£9°0) ¢obs'| (T6'1) jol¥ € T1) yottt (8°0) b8 (T sl 6/ € eluadouinaN
(1'0) £s0 (£00) €40 (£00) vwo (81°0) 590 (€10) 150 (80°0) £+°0 (50°0) 590 19/6 T ®elusdonnaN
(S1°0) 950 (110) g0 (60°0) ¥ (910) 790 (€10) €0 (1'0) 1¥0 (S1°0) 590 11/l | eluadonnaN
(96'1) ,ob¥ (S€°0) 8% (s1°0) No I (8F1) gofLE (zZ€0) +'1 (610) €01 (80) 4097 k42 € rluayIsy
(€1) gobl'l (s€0) | (170) 820 (88°0) ¢l €1 (#€0) ¥8°0 (610) 520 (81°0) €80 0S1/TE T BUayISY
(#5°0) S0 (81°0) 990 (Z1'0) ¥5°0 (£0) 4101 (#1°0) €90 (11°0) 250 (£1'0) 99°0 89¢/1¥ | BluayIsy
(LD ¢¢809 (28°0) 47T (28°0) ,oE€T (8T°€) ¢ol (6€71) goS1°€ (680) ¢0E€T (87D ¢06V'9 9 € eayLelq
@ s (60°1) 40ST (65°0) 509 &1 19 (16°0) g48LT (85°0) 4:oTET (88'1) ¥59 6¥/8| T ®ayuirIQ
(60°0) ¥€°0 (10) 970 (80°0) 820 (10) ¥€0 (z1o) £zo (60°0) 670 (11°0) 8%°0 817/8C | edyLIEIQ
@€ 2oLl (€0) 260 (8£°0) 680 (T0D) zoc6'1 (1€£0) 260 (#'0) €60 (LT ¢olTT 9T € BasneN
(£10) 20 (50°0) TS0 (£00) wwo (sz0) 120 (900) 50 (£00) 80 (T10) €90 09/ T eesneN
(TIo) ¥+0 (10) 670 (900) € (11°0) 9%°0 (60°0) 1€°0 (90°0) €0 (€1'0) 790 927/8T | easneN
(S1°€) yobb ¥ (8€°1) ¢ol6' (eg1) _omm I (SE°€) yolTH (8Y°1) 1056 (L¥'1) 4661 (98'1) 4069°€ Ul € 3uniwop
(Zo'1) 61°1 (1€0) ¥£0 (¥T0) ¥8°0 (95°1) 20821 (1+°0) 680 (97°0) 60 (56°0) 41TT €1/s T 3uniwop
(6£°0) 1SS (170) 280 (91°0) ¥2°0 #¥0) ST (€20) €80 (s10) €20 (TS0) | oE€'1 ¥S/11 | Suniwop
(s1°0) £8°0 (s1°0) 290 (#10) 890 (€9°0) ,,CI'l ¥T0) S20 (910) 220 (90) 921 £v/9 €< aul| udUNEAl|
(#€0) 620 (67°0) 850 (170) 90 (61°0) ££0 (To) 190 (z0) 590 (s€0) 8TI 9%/8 € dul| Juswies]
(€S¥) ¢09L8 #87) o0EY (£6'0) 4SET (S1'¥) |SS6 (650 ,obSY H#01) yol¥T #9°1) ,o6EF 4 /10w 0§ < uignuijig
(bE€L) ¢0S1°6 (9°9) £090°S (66°0) ,016'S (#9) 156 @Ly) gttt (6L71) obLY (8€70) v6'S 1/1 J/1own g¢ < uiqnuiyig
(€77) 808 #9°1) gol'€ (£T0) £0°] (#8°€) 0508 (€6'1) 908T°€ (29°0) zoSH'| (6¥°0) ¥T'1 1T/ t smeas surwopRd HODJ
(58°1) ,46¥'€ (6£°0) 1-0S1°1 (z1°0) 880 (1T 95°€ (zro) Tl (95°0) ¢08L'1 (8€°0) 19°1 17z € smess aduewopad HOD3
¥ 1) 1481°1 (£10) £SO (z0) 260 (SE€D 7oLl (69°0) 10960 (£z0) | (8%°0) |-oL8'1 001/ST T smess durwuoped HOD3
(89°0) |-4z8°0 (TTo) LS50 (£10) ¥S°0 (8£°0) ¥8°0 (szo) L0 (810) 950 (€20) 90 18€/LY | smes aduewloped HOD3
(6¥1) ¢091T (@0) 11 (61°0) 98°0 (6T1) £4€0C (£T0) 60 (91°0) T80 #9°0) 691 S/0 %01 < SSO| IYSISAA
(80°S) 268 (9¥°€) ¢obI ¥ (S£70) ¢obS'I (1S%) ¢obl'L (167 9091F (99°0) |oSH'| (89°0) |€9'1 4955 sseak 0g< 98y
Ly na- (€1 919— (Tr0) Te5— @ viti— (6°0) ¥5'9— (1%°0) 6£5— (9g°1) T9°01— - adedusay)
| =% s0="0 1'0="0 | =0% s0="0 1'0="% SASS ¥ S|9PO / S| qelIBA

lux 771 =0u lu=0y

(¢/d = %) 4o1ud semoy

vig {1°50°1°0} 2

‘0u JO SON[eA |BJ9AS puE

00 ‘7/d = % yum yoeoudde 3s1y oy 1oy Jolud uamod aya Suisn GASS PUB SASS [BNSN J0) SHMY PUE SB|GELIBA PS1D3|3S JO J9UINU ‘SIUSIDIYS0D palewnsy *f d|qeL



23

Boulet et al.

"3|qeLIBA SU3 03 pBul| sUONDINPa. 3sop jo uondodo.ad aya seredIpul UWNjOD * By ‘[9poW aY3 Aq p91d3jes si d|qelieA & sawn jo uondodoud aya st | = s> ¢ PI0N

(50°0) 89°0 (50°0) 890 (€00) 90 (50°0) 690 (+0°0) 89°0 (€0'0) 890 (#0°0) 690 - Ny
O_ V N 0 .v m m -_ ww_m_m_.,_m> _uwuuw_wm h—0 Lwn._c._:z
(8°0) -08T'1 (910) 980 (€z0) L1 (€v0) #1'1 (810) 60 (9z0) 171 (60°1) g0STE 9€/TI 7 Blwauy
(80°0) 920 (€00) 210 (€0'0) 810 (60°0) 9T°0 #00) 210 #00) o (600) Tv'0 £ST/9T | Blwauy
(zo) zo'l (110) €60 (#00) 160 (50°0) 260 (80°0) £8°0 (50°0) 680 (11o) €11 110 t eiuadoquioay |
(91°€) ,485°€ (gz0) €1 (110) £T'1 (12D ¢oL8T (59°0) 1451 (z1o) wi (T50) I1TE 1/0 ¢ riuadoquioay |
(8T1) |l (170) €50 (9¥°0) 60 (1) ol (6¥°0) 590 (€2°0) 1-090°1 (5€'1) golTt 9/t T 'iuadoquioay |
(1€0) £60 #1°0) £+0 (110) s0 (T¥0) 560 (€10) 50 #1°0) 50 (19°0) |-6¥'1 ¥01/S1 | eluadoquiouy
(@9'1) ;ofTE (z£0) 1€°1 (810) $0'1 (L1'D) yofLT (T60) |o¥'| (€2°0) 90°1 (8%°0) 18°1 s/l t ®lusdonanaN
(81) ;otS€ (#2°0) £099°1 #2°0) ¢ob9'1 (L67) ¢ol6T (1T1) 28271 (16°0) ¢0SL71 (T oL 6l € 'luadouinaN
(1€0) £50 (80°0) ¥0 (£00) ¥¥0 (£10) 950 (1'0) e¥0 (80°0) 90 (50°0) 590 1916 7 wlusdonnaN
(91°0) 550 (80°0) L£0 (80°0) ££0 (910) 50 (T1Io) £L£0 (600) 6£0 (S10) §9°0 11/l | eluadonnaN
(SL71) ¢oS1°S (£5°0) ¢olL71 (€T°0) +v0'1 (1271 goS1H (8¥°0) ¢Sl (€T°0) 60°1 (8°0) 409CT 1y € eluayIsy
(8F1) ¢o€8'l (s€0) €870 (1zo) 120 (€0°1) 2891 (1€°0) 6870 (1z0) szo (810) €80 0S1/2¢€ T BluayIsy
(88°0) 7oSE'I (sT0) 120 (T10) 150 (sT0) €60 (T1o) 190 (110) 250 (£10) 990 89¢/1¥ | BluayISY
(10¢) ;T8 OF'1) goll¥ (1'n goere #9'1) t6'L (€6'0) L0V (€01) Lot € (870 406V'9 9y € eayreiq
(€6'0) \S6F (69°0) ,681°C (£5°0) ,,S0T (T€1) ¢ol0F (29°0) 4460C (£9°0) ¢xCTT (88'1) \¥5°9 6¥/81 T ®ayielq
(10) 670 (600) €20 (800) £T0 (110) s€0 (1'0) 9z0 (600) €0 (110) 8¥°0 817/8¢ | edyuiBIqQ
(977 L8] (59°0) |l (Te0) £8°0 (1€77) ¢455C €0 | #°0) €60 (LT ¢olTT 9T € BasneN
(61°0) 190 #1°0) £+0 (80°0) 90 (9%°0) 20 (110) 50 (80°0) £+°0 (T10) €90 09/€1 T eosneN
(o) 1+0 (60°0) 970 (900) 670 (600) €£0 (50°0) ¥T0 (90°0) 1€0 (€1°0) T9°0 9TU/8T | easneN
(#0°S) 4,S0°S (SS°7) 7ol€T (90°1) 1099°1 (60°€) ,06F (6£77) 14STT (8271) zot1'T (981) ,¢69°€ Ul € Suniwop
(€571) g0l1871 (8v°0) 88°0 (97°0) ¥8°0 (86°0) ¢o€S'I (£+°0) 160 (€0) 60 (56°0) l1TT €1/8 T 3uniwop
#€0) 1T1 (170) 920 (910) 690 (97°0) 660 (610) £0 #10) L0 (T50) o€ ¥S/1 | 8uniwop
(S€T) 96T (570) 960 (810) ££0 (S¥°1) 70851 (zr'0) 620 (zTo) 920 (9°0) 9£°1 €419 €< aul| JudwIedl|
(170) 220 (o) 150 (170) 650 #1°0) €90 (91°0) 250 (610) 790 (sg0) 8T'1 9%/8 € dul| Juswies]
(89°¢) \b+'8 (817 ,oSLE (90'1) yotTT (1'€) ¢ol¥'L (€271) yo9v€ (£0'1) 409€C #91) Lob6EF It /1wt gg < uignuijig
(£°9) g060°€1 (80 ¢0El'6 F171) ¢ol69 (81'%) goS€8 (P0°E) g0S1°S (SL°1) golE¥ (8€°0) \¥6'S 1/1 /1wt gg< uignuipig
(851) \S¥'L (€T1) 4olST (1€0) z0'l (110 509 (1€1) yob€T (67°0) SO (6+0) vT'I 17/€ b smes duew.oped HODI
(L1'D) gol¥ (£5°0) €SI (81°0) 260 (107 ,oCl¥ (65°0) |oTH| (£10) 160 (8€70) 1971 /T € smes aduew.opad HOD]
(€D ¢091T (12°0) 1-0L071 (z€0) 11 (1271) 4o¥81 (25°0) 680 (£T0) +0'1 (8¥°0) L8] 001/5¢C T smus 2durwaopRd HODJ
(65°0) ,-o¥6'0 #T0) 190 (61°0) s5°0 (67°0) 180 (61°0) 290 (61°0) 950 (€T°0) 90 18€/LY | smes aduewopad HODI
(20D 61T #0) 1ol (T1°0) €80 (61D ¢ol1T (£5°0) |-090°1 (81°0) £8°0 #90) 69°1 S/0 %01 < SSO| JYSISAA
(Lv'y) 988 (€1'D) gof6€ (#6°0) 70691 (€90 ¥1'9 (§9°1) ¢066C (£0) ¥ (89°0) -0€9'1 (494 sieak 0g< 98y
(6T1) s9°11— (€6'0) 62— (15°0) s0°'5— (9£1) €01— (150) 19— (8%0) LTS~ (9g°1) T9°01— - adedusay)
| =0% s0="0 I'0="% | =0% g0="0 I'0="0 SASS ¥ S|OPO / S3|qBlIBA

lux /71 =0u lu=0y

(d = %) Jouud uamoy

viNg {1°5°0°1°0} 2

0y JO san[eA |BJ9ASS pue

0p ‘g = 04 yum yoeoadde puodss aya 1oy Jolid Jamod aya Suisn GASS PUB SASS [BNSN J0) SO PUE SB|GEIIBA P21D3|3S JO JAqUINU ‘SIUSIDIYS0D pajewnsy °g d|qel



Statistical Methods in Medical Research 0(0)

24

"3|qRLIBA SY3 03 Pjul| SUORINPa. 9sop jo uondodoud sy3 $9IBJIPUI UWINJOD X BY| ‘[SPOW Y3 Aq Pa31d3Jas S 9|qelieA & sawn jo uondodoud sya st | > s> 0 ¢ 910N

(500) 690 (50°0) 690 (€0°0) 690 (50°0) 69°0 (#00) 890 (£0°0) 690 (#00) 690 - ony
€l L T €l 9 C q - S9|qElJBA P33139|9s JO JaqWInN|
(£z0) 880 (S1°0) 2270 (17°0) 80°1 (€4°0) 660 (57°0) 80 (9z°0) I'1 (601) goSTE 9¢/TI T Blwauy
(800) €0 (€00) 210 (€0°0) 910 (600) £T0 #00) £1'0 (€00) £1°0 (600) T¥0 LSTU9T | Blwauy
(€0 €Tl (S1°0) £6°0 (90°0) €60 #50) +'1 (97°0) 1071 (£0'0) 760 (o) €171 1/0 t eluadoquiody |
(9D ,o€L¥ (£6°0) ¢olTT (810) T€'l (69°€) ,4TT9 (9T1) ¢9¥T (61°0) 9% (zs0) 1T€ 110 € eiuadoquiouy |
(87°0) 990 #1°0) ¥50 (S6°0) oLl (o) 90 (51°0) S50 (o1 el (SE°1) ¢otTE 9T T eusdoquiody |
(1€°0) €80 (1'0) ££0 (600) +'0 (#70) 8270 (10) 6£°0 (60°0) £+°0 (19°0) 106¥'1 ¥01/S1 | eiuadoquioay
(98'1) €09 (€5°0) ¢o18'1 (170) 90°1 (€50 ,8¥ (90°1) 10691 (€7°0) €01 (8+°0) 181 S/ p euadonnaN
(267 9ob0¥ (81°1) ¢(96'1 (£L70) ¢0T9' (61°€) ¢9L€ 1) ¢096'1 (1) g0l (T10) ,oEL€ 6/v € eiuadonnaN
(1'0) 9%°0 (90°0) €£°0 (900) +'0 (zz0) 950 (o) 1+°0 (£0'0) €0 (50°0) 590 1916 7 euadonnaN
(S70) 50 (80°0) Z€0 (£00) €€0 (61°0) 850 (80°0) ¥€0 (800) S€0 (S1°0) 590 11/ | riuadosInaN
Gz 12 (8T°1) 4084C (87°0) 860 (s8°1) 6TL (L1'1) ¢9€T (€70) T0'I (8°0) 409TC 1y £ rluayISY
(617 45T (€5°0) ¥6°0 (z0) 90 (€20 yobLT (95°0) T0'l (Tz0) £90 (81°0) €80 0S1/2€ T Bluayisy
(#0) €60 (S1°0) €50 (80°0) 1+0 (€0) 60 (€10) TS0 (£00) o (£1°0) 990 89¢/ 1+ | elusyIsy
(z6p) (€6°€1 (80°€) 889 #91) ¢ob6°€ (zov) |1€€1 (990 289 1) ¢o81F (8¥°7) ¢o6¥'9 9y € edyeg
(86'0) 979 (TO'1) ¢ol¥T (TS0) 792’1 #21) \S0°S @11 yoTl'T (S5°0) ¢oC8'l (88'1) \¥59 6+/81 T ®dydueig
(€10) €0 (€10) £T0 (600) 870 (91°0) €0 (1ro) 1€0 (600) €0 (110) 8¥°0 817/8T | edYLIBIQ
U¥1) yol€T (9£0) €1'1 (15°0) €60 (D) 058 (£50) €1'1 (€5°0) 60 (LT ¢olTT 91T € easneN
(91°0) 9+°0 (11°0) 950 (£00) o (9°0) 6£°0 (81°0) s¥0 (90°0) £+°0 (TIo) €90 09/€1 T eosneN
(z0) 6£0 (T10) sT0 (£00) £T0 (11°0) 6£°0 (110) £T0 (900) 870 (€10) 290 97T/8T | easneN
(9¥'0) ¢o€TS (@) €T (81) £020T (#00) goL'S (11D 1065C (1) 1T6' (98'1) ,¢69°€ Ul € 3unjwop
(T1'D) 9L (S1°1) 1ob0'1 (1€0) 60 (6D ,ovTE @€ yolll (6+°0) 60°1 (56'0) ,1TT €1/8 T Bunjwop
(LF0) |-060°1 (670) £0 (S10) 190 (z€0) 660 (97°0) £9°0 (91°0) €90 (T50) o€ ¥S/11 | Buniwop
(£ olOE (9%°0) T6°0 (91°0) 690 (60°€) ,oCE'E (€5°0) 1071 (To) ¥L0 (9°0) 921 £7/9 €< ®ul| JuBWIILDI|
(17°0) 550 (1z0) ¥+0 (zzo) €50 (81°0) 90 (17°0) 6¥°0 (To) 950 (s€0) 8T'1 9/8 € dul| Juswneal]
(€1°€) 556 (807) ,o18°€ (£6°0) 20T (687 98 (€€77) 9019€ (66°0) k1T #91) ,06EF iz /10w gg< uignaiig
(6£'1) 19%°€l (117 998 (so'1) 679 (Lo'1) \TTol (40 1969 (6£°0) 679 (8€°0) v6'S 1/1 J1ow gg< uignaipig
(6¥'1) \€1°L (96°0) ¢1TT (97°0) 560 (STT) (€59 (£8°0) g¥TT (z0) 960 (6¥°0) ¥T'1 1T/E t smes aduewaopad HOD3
(200 28 (§9'1) ¢o¥8C (zT0) 660 (s ,12L (@1'1) ¢85 (€T°0) 101 (8€70) 1971 17z € smes aduewopad HOD3
(11°€) 406TE (68°0) £(C€1 o) Tl (#0°€) ,066°C (68°0) €T (€4°0) 1oET (8%°0) L8 001/5¢C ¢ smeas aduewlopiad HODT
(s¥°0) 5270 (1z0) ¥5°0 (£10) 50 (To) 890 (To) ¥50 (61°0) TS0 (€2°0) 90 18€/Ly | smess dduewlopad HOD3
(11'7) 48L°€ (99°0) ¢089'1 (8T°0) ¥0'1 (€87 40L8€ (88°0) 0691 (1%°0) 11 #90) 691 S/0 %0 | < SSO| YSIAA
#277) \s8%6 (107 ,oLL€ (18°0) 7% #97) 288 (S6'1) 9LS°E (TS°0) | oE€'] (89°0) 10€9°1 (4309 saeak pg< 98y
@81 11— (TL0) 87— (6£70) Sv— (6T SI'I1— (£°0) 9¢°5— (££70) 99%— (9g1) T901— - 1deduaay|
| =0 g0="0 1'0="% | =0 so="0 1'0="% SASS ¥ S|9PO|W / S| qRIIEA

lux 771 =0u lu="0u

(d7 = %) 401d samoy

‘0u JO SON[BA [BI9ASS PUB Y|\g

41°6°0°1°0} @ % ‘g7 = 9d yum yoeoudde puodas sy .oy Jolud Jamod aya Suisn GASS PUB SASS [BNSN 10} SHMY PUEB SI|EIIBA P1D3|3S JO JIGUINU ‘SIUBIDIYS0D PajewWnsy ¢ d|qeL



25

Boulet et al.

"3|qeLIBA Y3 03 PBUI| SUODINPa. 3sOp jo uonJodo.ud ay3 seredipul UWN[OD ,, BY] '[SPOW dY3 Aq PaId9|s SI d|qelieA & saw Jo uondodoud aya st | = s> ¢ 930N

(€0°0) 890 (€0°0) 890 (£0°0) 690 (+0°0) 690 (+0°0) 89°0 (€0°0) 690 (#0°0) 690 - Ny
0 .v m O_ .V N m. - wm_nm_(_.m> _uwuuw_wm wO Lwn_c._:z
(+£0) 671 (€1°0) 960 #70) vT ((Z&VETh (To) 20’1 (97°0) 671 (60°1) goSTE 9g/TI 7 Blwauy
(60°0) 670 (€0°0) 910 (€0'0) 61°0 (1'0) €0 (s0'0) 810 #00) To (60°0) T'0 £ST/9T | Blwauy
(10) ¥6'0 (z0) 660 (#00) 60 (z0) €01 (£00) 680 (#00) 60 (o) €11 110 t eiuadoquoay |
(£20) T (17°0) 201 (610) LT (TT1) ¢ol¥T (6€°0) S€°1 (€1°0) ££1 (Tso) 1z¢ 1/0 ¢ eiuadoquioay |
(T10) 550 (S1°0) 6+°0 (£1'0) 5270 (17°0) 690 #5°0) 1120 (92°0) 880 (S€1) gotTE 9T 7 eluadoquoay |
(65°0) €€°1 (T1°0) §5°0 #1°0) £50 (6¥°0) ST'I (910) 790 (£10) 190 (19°0) |-6¥'1 ¥01/S1 | eluadoquiouy
(9°1) £459°C (L10) ¥1I° (91°0) €0°1 (ST1) ¢#0T (se0) €1° (61°0) £0°1 (8+°0) 181 s/l t 'iuadonaN
(9£1) 28 [4 (#8°0) ¢o¥9'1 (89°0) ¢l (£571) ¢olLT (To'1) ¢o¥81 (180) 4181 (T1'7) yo€L€ 6/ € eluadosnaN
(80°0) 9 (£00) Tv 0 (£00) ¥+°0 (z0) sso (T10) s¥o (80°0) £+°0 (50°0) 590 1916 T ®luadoansp
(610) _mo (60°0) S€°0 (60°0) 6€°0 (T0) 650 #1°0) 1+0 (o) o (S1°0) 90 11/21 | eluadonnaN
(1€°1) got8€ (LTo) w1 (61°0) S0'1 (LT1) gotsE (z€'0) 9% (€T°0) 60°1 (8°0) 409CT 1y € eluayIsy
(8%°0) ¥T'I (#70) €60 (91°0) 620 (5°0) 1oE1'1 (s70) 980 (£10) 820 (81°0) €80 0S1/T€ T mudyIsy
(82°0) 880 (81°0) £9°0 (TI'0) 950 (£1'0) 220 (1'0) ¥9°0 (1'0) sS°0 (£1'0) 990 89¢/1¥ | BluayIsy
(85°7) ¢oS179 (811) 19T (£9°0) ,4¥17T (9€°7) ¢ohb'9 (Te'1) ol0€ (660) ¢ol€T (8Y'D) 406V'9 9y € eayLreiq
(e \zs (€9°0) 91T (9°0) 90LTT (88°0) |S6+ (€9°0) 44T (90) ;0¥ (88°1) ¥59 6¥/81 T ey
(60°0) €€°0 (£00) €70 (80°0) £T0 (11°0) 9g0 (10) 970 (60°0) 670 (11°0) 8%°0 817/8¢ | BYLIEIQ
(ST ol 1T (sT°0) 980 #0) 160 (£9°0) |obE (£z0) 60 (€5°0) 560 (LT ¢olTT 9T € easneN
(€10) 790 (60°0) 8¥°0 (£00) L0 (£10) 590 (£00) 8v°0 (80°0) 6+°0 (T10) €90 09/€1 T ®osneN
(80°0) 9€°0 (90°0) sT0 (50'0) 670 (80°0) 1+°0 (s00) 870 (s00) €0 (€1°0) T9°0 9TU/8T | eosneN
(€£°€) 40S8F (920 ¢olTT (25°1) £410T (€€T) ¢oLl€E (€€71) 1291 (PS°1) £0L0T (98'1) 069°€ Ul € Suniwop
(8£°0) |4ST'I (s70) 690 (sT0) €80 @I°1) gob9'1 (8£°0) €80 (87°0) 260 (56°0) 41TT €1/S T Sumwop
(8%°0) 74SS'I (S1°0) 6£°0 (S1°0) ¥2°0 (6£70) 1'1 (61°0) ¥£°0 (s1'0) €20 (TS0) | oE€'] ¥S/1 1 | 8uiwop
(6£°0) 860 (€10) 90 (91°0) 690 (€£°0) 09T (§sT0) £L0 (610) 520 (9°0) 9271 £v/9 €< aul| Judwread]
(zzo) sLo0 (170) Ts0 (170) €90 (zT0) 890 (zo) £s0 (o) 990 (sg0) 8T’ 9%/8 € dul| JuswWIeal]
(ez¢e) \Tes #S1) ool l'€ (£8°0) ¢oLTT (#2°€) ¢095L (80°7) ¢o€'E (T6°0) yo€T #91) ,06EF 14 /10wt og < uignaiig
(£9°€) 10659 (88'1) ¢/8T (29°0) ¢8EE (18%) ¢oLS8 (€8°€) ,obL¥ (€7 ,98°€ (8£70) \b6'S 11 /10w ge < uignaiig
(§9°7) 40199 (€5°0) ¢oT6'I (#T0) 90°1 (£€) golT9 (8€1) ,xC1T (67°0) ¥0'1 (6+°0) ¥T'1 17/€ t smiess aduewuopad 50D
(81) 9061°€ (€4°0) ¢060°1 (z10) 880 (E41) 98EE (€€70) 80°1 (91°0) 160 (8€70) 1971 /T € smes aduewnopad HOD3
(26°0) ¢oCTI (€€°0) 890 (61°0) 680 (T€1) ¢9%'1 (1¥°0) 580 (61°0) ¥6°0 (8¥°0) L8] 001/5C T smus adurwaopad HODJ
(££0) €20 (z0) 950 (£10) §5°0 (67°0) 520 (810) €90 (810) £50 (€70) 90 18€/L¥ | smes sduewopad HOD3
(9£°0) 7459°1 (91°0) €80 (#1°0) T80 t#0) 1€ (S1°0) 6£°0 (s1°0) 80 #9°0) 69°1 S/0 %01 < SSO| JYSIBAA
621) ,1€9 (8071) ¢8€T (e#0) 81'1 (L1€) ¢ob6F (99°1) y06¥T (€5°0) 1oSI'I (89°0) 10£9°1 (435 sieak pg< @8y
(§9°1) s€11— (55°0) 65°5— (e4°0) €5~ (s'1) z6'01— (59°0) 86'5— (e¥0) 6¥°'5— (9€°1) T9°01— - 1denumay
| =0 g0="0 1'0= "0 | =0% g0="0 I'0="0 SASS ¥ S|OPOL / S3|qelIBA

lux /771 =0 lu=0y

(7d = %) Jo1ud uamoy

‘0 JO SON[BA [BI9ADS PUB V|G
41°5°0°1°0} 2 % ‘T/d = % Yyum yoeoudde puodss sy .oy Jolud samod aya 3uisn SASS PUB SASS [BNSN .10} SDNY PUE S9|GELIEA P91D3|S JO JaqUINU ‘SIUBIDIYS0D pajewnsy *Q| d|qeL



26

Statistical Methods in Medical Research 0(0)

Appendix 2

Among the 678 included patients, 7y = 375 have incomplete observations (sample 2; see Table 11, Figures 9 to 11

for description). Among patients with incomplete observations over their cycles, 171 have dose reductions.

Table I1. Description of covariates for the ng patients with incomplete observations (sample 2).

Variables NA 0 | 2 3 4
Age >80 years - 780 (93) 60 (7) - -
Weight loss > 10% - 802 (95) 38 (5) - - -
ECOG performance status 656 (78) 37 (20) 112 (61) 31 (17) 3 (2 I (1)
Bilirubin >35, >50 pmol/L 661 (79) 173 (97) I (1) 5(@3) - -
Treatment line 3,>3 740 (88) 90 (90) 8 (8) 2(2) - -
Toxicity grades
Vomiting 680 (81) 140 (88) 15 (9) 3(2 2(1) -
Nausea 671 (80) 90 (53) 57 (34) 20 (12) 2(1) -
Diarrhea 663 (79) 97 (55) 62 (35) 16 (9) 2(1) -
Asthenia 681 (8I) 32 (20) 95 (60) 28 (18) 4 (3) -
Neutropenia 625 (74) 181 (84) 17 (8) 12 (6) 4(2) I (0)
Thrombopenia 616 (73) 190 (85) 30 (13) 2(1) I (0) I (0)
Anemia 607 (72) 129 (55) 87 (37) 15 (6) I (0) I (0)

Note: Percentages are shown in parentheses.
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Figure 9. Distribution of age, weight loss, bilirubin, ECOG performance status and treatment line for the ng patients with

incomplete observations (sample 2). (a) Age; (b) weight loss; (c) Bilirubin; (d) ECOG performance status; and (e) treatment line.
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Figure 10. Distribution of toxicities for the ny patients with incomplete observations (sample 2). (a) Vomiting; (b) nausea; (c)
diarrhea; (d) asthenia; (e) neutropenia; (f) thrombopenia; and (g) anemia.
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Figure 11. Distribution of doses for the nq patients with incomplete observations (sample 2).



