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Abstract

Purpose The inclusion of patient-reported outcome (PRO) questionnaires in prognostic factor analyses in oncology has
substantially increased in recent years. We performed a simulation study to compare the performances of four different
modeling strategies in estimating the prognostic impact of multiple collinear scales from PRO questionnaires.

Methods We generated multiple scenarios describing survival data with different sample sizes, event rates and degrees of
multicollinearity among five PRO scales. We used the Cox proportional hazards (PH) model to estimate the hazard ratios
(HR) using automatic selection procedures, which were based on either the likelihood ratio-test (Cox-PV) or the Akaike
Information Criterion (Cox-AIC). We also used Cox PH models which included all variables and were either penalized using
the Ridge regression (Cox-R) or were estimated as usual (Cox-Full). For each scenario, we simulated 1000 independent
datasets and compared the average outcomes of all methods.

Results The Cox-R showed similar or better performances with respect to the other methods, particularly in scenarios with
medium-high multicollinearity (p=0.4 to p=0.8) and small sample sizes (n=100). Overall, the Cox-PV and Cox-AIC
performed worse, for example they did not select one or more prognostic collinear PRO scales in some scenarios. Compared
with the Cox-Full, the Cox-R provided HR estimates with similar bias patterns but smaller root-mean-squared errors, par-
ticularly in higher multicollinearity scenarios.

Conclusions Our findings suggest that the Cox-R is the best approach when performing prognostic factor analyses with
multiple and collinear PRO scales, particularly in situations of high multicollinearity, small sample sizes and low event rates.

Keywords Health-related quality of life - Multicollinearity - Patient-reported outcomes - Prognostic factor analysis - Ridge
regression

Introduction

Prognostic models in cancer research have traditionally

. ) . . ) included clinical and laboratory tumor markers. However,
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outcomes (PROs) in prognostic factor analyses has substan-
tially increased [1, 2]. Several studies have found specific
PRO domains, for example, global quality of life (QoL),
physical functioning, or specific symptoms such as pain or
fatigue, that independently predict overall survival (OS)
beyond the well-known biomedical prognostic markers.
Importantly, such evidence has been replicated across a
wide range of cancer populations (including solid tumors
and hematologic malignancies) and using a number of dif-
ferent PRO questionnaires [3-17].

However, the identification and evaluation of prognostic
PRO domains entail some important methodological issues
that must be carefully considered [18, 19]. Indeed, PRO data
are often collected from a patient via standardized question-
naires, which typically include multiple scales (domains).
For example, the European Organization for Research and
Treatment of Cancer (EORTC) Quality of Life Question-
naire Core 30 (QLQ-C30) [20] generates fifteen different
subscales including five different functional scales, three
symptom scales, six single-item scales and an overall global
health status/QoL scale. Although each of them measures
a specific aspect of a patient’s health status, typically they
are mutually correlated to different extents and this might
negatively influence the stability of the final multivariate
prognostic model [19]. In addition, even with a correct
model specification, the simultaneous inclusion of multiple
collinear scales in a prognostic model might alter the direc-
tion/magnitude of their estimated impacts on the response
variable [21-23], depending both on their number and the
extent of multicollinearity.

Therefore, dealing with multiple collinear scales from a
given questionnaire is one of the main challenges when ana-
lyzing the potential prognostic value of PROs. When design-
ing studies to identify possible prognostic PRO domains,
investigators face challenging decisions about which and
how many scales to consider from a given PRO question-
naire to investigate their possible prognostic ability for the
outcome of interest. Therefore, the choice is often between
either improving effect estimates by excluding potential
prognostic PRO domains or retaining all available PROs
information although impairing the effect estimate.

A typical approach is to identify, in the design phase, a
number of “primary” scales to be investigated, based both
on previous clinical evidence (if available) and statistical
considerations. However, the evidence and actual extent of
multicollinearity among the selected scales would be evi-
dent only after data collection, in the analysis phase. Thus,
although the inclusion of all selected primary scales could
still impair the results, excluding some of them to lessen
multicollinearity would not be feasible since all of them had
been defined by design as potentially relevant prognostic
factors. The problem is even exacerbated when no a pri-
ori information is available about the potential prognostic
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importance of PRO scales. In such a case, a very common
approach to identify the prognostic PROs is the use of an
automatic variable selection procedure, either forward
selection, backward elimination or stepwise [18, 24, 25].
However, it is known that such approaches can lead to large
variability of the factors included in the final model [26]
with upward biased coefficient estimates and corresponding
downward biased standard deviations and p values [27]. In
addition, automatic variable selection procedures could lead
to the exclusion of potentially relevant PROs from the final
prognostic model [28].

Alternative approaches for handling multicollinearity aim
at retaining all potentially prognostic PROs in the analysis.
One of these approaches is respecifying the model by com-
bining all collinear variables into a new summary meas-
ure [29]. However, this approach might not be desirable in
the case of PRO-based prognostic factor analysis since the
scales from PRO questionnaires measure distinct compo-
nents of the same construct, with each potentially contribut-
ing some unique prognostic information. Another approach
is to generate and analyze new mutually orthogonal factors
from the original collinear variables, such as using prin-
cipal component analysis (PCA) [29]. Unfortunately, such
new outcomes would be difficult to interpret from a clinical
perspective.

Therefore, methods including all potentially relevant
but collinear variables in a prognostic model, which also
lessen the impact of multicollinearity on parameter esti-
mates, might be of value. This goal might be achieved
using penalized methods such as the Ridge regression [30].
This approach has been developed in the linear regression
framework, providing markedly improved model stability,
coefficient estimates and corresponding standard errors [19,
26, 29]. However, to the best of our knowledge, no previ-
ous work has investigated the performance of the Ridge
regression in the context of PRO-based prognostic factors
analyses.

In this setting, this method could reduce the impact
of harmful multicollinearity on the parameter estimates
of a given set of potentially prognostic (collinear) PROs.
However, we note that the Ridge regression cannot help in
selecting which and/or how many scales should be investi-
gated in a given research setting. Indeed, the selection of
which PRO domains to investigate should be based on a
priori clinical knowledge in the specific research context.
The Ridge regression might help in achieving more reli-
able estimates than those obtained by simply including
all available PRO scales into the model. Therefore, the
Ridge regression could be particularly helpful when no
a priori knowledge is available for estimating the param-
eters from a model with a large number of collinear PRO
scales. Although other shrinkage methods such as the
lasso regression or elastic-net would also allow for the
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selection among collinear variables, we will not consider
such approaches in this work since we focused on the reli-
able estimation of parameters in prognostic models includ-
ing a given set of collinear PRO scales.

In this analysis, we investigate and compare the perfor-
mances of different modeling strategies (methods) based on
the Cox PH regression for estimating the parameters of inter-
est in prognostic factors analysis involving collinear PRO
scales. Such methods consist of Cox PH models including all
variables, which are either penalized using the Ridge regres-
sion or are estimated as usual, and the Cox PH models stem-
ming from automatic stepwise selection procedures. When
comparing such methods, we also assess the bias/variance
trade-off. This is an inherent limitation of any model. i.e., a
model can be refined to lessen the bias of estimates only at
the cost of increasing the corresponding variance and vice
versa. We base our analyses on simulated data reflecting
realistic settings in PRO-based prognostic factor analysis
and covering a wide range of possible scenarios according
to the different degrees of multicollinearity, event rates and
sample sizes.

Theoretical framework and statistical
methods

All analyses in this work are based on the Cox proportional
hazards model (Cox PH) with the hazard function of the i th
individual defined as

h(tlx;) = ho@exp(Byx;; + -+ + B,x, ) = ho(Dexp(x;B)

where ¢ is the time, h(¢) is the baseline hazard function,
x; = [x;, ..., X;,]'is the i th specific set of p observed covari-
ates and g =[f,, ... ,ﬂp]’is the set of corresponding coef-
ficients. Unless differently specified, the maximum partial
likelihood estimator for f is defined as

B = argmaxI(B) M
where /(B) is the usual Cox log-partial likelihood function.

We considered the following methods.

Stepwise Cox PH based on the likelihood ratio-test
(Cox-PV)

The automatic stepwise selection procedure is based on the
likelihood ratio test, including all observed covariates as
candidate variables with each entering and exiting the model
at each iteration according to a =0.05. The final selected
model included all variables such that no other additional

candidate was significant or improved the model fit at the
a=0.05 level.

Stepwise Cox PH based on the Akaike information
criterion (Cox-AIC)

This employed the same model selection procedure as
described above and is based on the Akaike Information
Criterion (AIC) [31]. The final selected model was that with
the lowest AIC that balanced both model fit and size [31].

Full Cox PH model (Cox-full)

This was a Cox PH model including all variables and col-
linear PRO scales.

Penalized Cox-PH Ridge (Cox-R)

A penalized Cox PH model estimates f using the Ridge
regression or L?-norm estimator defined as

o~

B = argmax(1(9) - 2467 B),

where A > 0 is the shrinkage parameter. The penalized
regression is an alternative to traditional regression mode-
ling where a constant is added to (1) [32]. The Ridge regres-
sion [30] uses an L>-norm penalty (the sum of squares of
regression coefficients multiplied by a penalty factor A) [32].

Simulation settings

We used Monte Carlo (MC) simulations to generate data
reflecting the characteristics of those real world studies
investigating the prognostic significance of PROs in can-
cer clinical trials [1]. We defined four independent baseline
demographic and clinical variables representing age (range
of 18-90 years), sex, current comorbidity (yes vs. no), and a
generic variable X, (continuous, range of 0—1). In addition,
we considered five typically collinear self-reported scales
(continuous, range of 0—100) from the EORTC QLQ-C30
questionnaire, i.e., Global health status/QoL (QL), physical
functioning (PF), fatigue (FA), pain (PA) and appetite loss
(AP). The EORTC QLQ-C30 is one of the most widely used
PRO questionnaires in prognostic factor analyses in oncol-
ogy [1]. Each patient’s self-reported scale is scored accord-
ing to the standard EORTC procedures [33] using ordered
numerical responses to one or more items (Likert-type
scale). For each scale, the actual distribution of the scores
strongly depends on the corresponding number of items
and responses. Thus, we chose to simulate the five scales
described above since they are representative of all possible
items-per-scale quantities in the QLQ-C30 questionnaire.

@ Springer
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Higher scores indicate better outcomes for QL and PF scales
and a higher symptom severity for FA, PA and AP scales.

Data-generating process

Age and X, were drawn from Beta distributions (a =3, f=2),
while binomial distributions were used for sex (p =0.4) and
current comorbidity (p =0.5). We set the true hazard ratios
(HR) as 1.03, 1.07, 1.16 and 1.00 (no effect), respectively for
age, sex, current comorbidity and X, (see Table 1).

To resemble realistic patterns QoL, we generated individ-
ual EORTC QLQ-C30 scales using the partial credit model
(PCM) [34] (see Appendix for details). For each subject and
scale, we first simulated the individual latent trait from a
normal distribution (u=0, 6=0.25). Then, we computed the
corresponding multinomial probabilities of each item per
scale according to prespecified category difficulty param-
eters, i.e., 8;=(—1, 0.6, —0.2, 0.2, 0.6, 1) for the QL items
and 8,=(—0.7, 0, 0.7) for the remaining scales. These prob-
abilities were used to generate the item responses from a
multinomial distribution. Finally, we computed the score of
each scale following the EORTC QLQ-C30 scoring manual
[33]. We ensured, on average, low (0.2), medium (0.4) and
high (0.8) degrees of multicollinearity between all QLQ-
C30 scales.

We generated individual follow-up times from baseline to
either the event of interest (death) or the exit from the study
with a maximum follow-up period of 104 weeks (2 years).
Individual death times 74 were independently generated by
the inverse transform method from a Cox PH model with
a Weibull-distributed baseline hazard [35, 36] as a func-
tion of all covariates but X,. The HR of each scale reflected
a ten-point increase on a 0—100 range. We set QL as hav-
ing the largest impact on survival (HR=0.85), followed

Table 1 Simulated covariates with distribution, range and hazard
ratio

Variable Distribution Range HR

Age Beta (=3, f=2) [18,90] 1.03
Sex Binom (p=0.4) {0, 1} 1.07
Comorbidity Binom (p=0.5) {0, 1} 1.16
X4 Beta (=3, f=2) [0, 1] 1.00
Global health status® Partial credit model [0, 100] 0.85°¢
Physical functioning® Partial credit model [0, 100] 0.89¢
Fatigueb Partial credit model [0, 100] 1.11¢
Pain® Partial credit model [0, 100]  1.13°
Appetite loss® Partial credit model [0, 100] 1.07¢

HR hazard ratio
A higher score represents a better health status
YA higher score represents a higher symptom burden

“HRs coefficients of QLQ-C30 scales reflect a 10-point increase
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by PA (HR=1.13), FA (HR=1.11), PF (HR=0.89) and
AP (HR=1.07). We drew individual noninformative cen-
soring times f, from a Uniform distribution. The distribu-
tion parameters of death and censoring times were chosen
through iterations to reach predefined event rates (30%, 50%
and 70%). For each subject, we defined a status indicator d
based on which event occurred first (d=1 for death and 0
otherwise). All individuals with either d=0 or ¢.> 104 were
right-censored.

Scenarios and performance evaluation criteria

We generated twenty-seven different scenarios according
to the combinations of three degrees of multicollinearity
between five PRO scales (low, 0.2; medium, 0.4; and high,
0.8), three event rates (30%, 50% and 70%) and three sam-
ple sizes (100, 300 and 500 patients). For each scenario, we
simulated 1000 independent datasets and compared the aver-
age outcomes of all methods. When considering stepwise-
based methods (I-1I, Theoretical framework and statisti-
cal methods), we investigated the average outcomes of the
most selected (out of 1000) multivariable models [37, 38].
When using the Ridge regression penalty, we performed a
grid search to choose the optimal regularization parameter
A in the range of (0, 50] over 1000 independent replicates
for each scenario. Then, we applied the penalty factor A that
minimized the average root-mean-squared error (RMSE) over
the 1000 samples.

We applied the Cox PH-based methods I-IV as described
above to each of the 1000 generated samples and compared
their performances in terms of the estimated HRs and cor-
responding 95% confidence intervals (CIs), standardized
biases (B, bias/standard error of estimates) and root-mean-
squared errors (RMSEs). We used the Efron approximation
to handle ties [39]. All analyses were performed using the
R Statistical Software [40], v. 3.3.1.

Results

When sample size was n <300 and multicollinearity was
p>0.4, the most selected models by both the Cox-PV and
Cox-AIC did not include one or more collinear PROs (see
Table 2). The number of excluded PROs increased as mul-
ticollinearity increased from 0.2 to 0.8 with some scenarios
where the Cox-PV and Cox-AIC were not able to select any
PROs (sample size n =100, multicollinearity p=0.8 and
50% or lower event rate).

When selected, the estimates of PRO parameters pro-
vided by either methods were more biased with respect
to those from the Cox-Full and Cox-R, as shown in
Fig. 1, although they did not have different variability
with respect to the Cox-Full. In addition, the Cox-PV and
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Table 2 Top selected models out of 1000 generated data sets for all scenarios

Top selected model®

TrueHR 103 107 1.16 100 085 089 1.11 113 107
Eventrate Age Sex Com X4 QL PF FA PA AP Cox-PV (%)  Cox-AIC (%)°
N=500
Low MCL (p=0.2) 30% Vx VX VX Ve Wx Wxo 44 37
50% VX VX Wx o Wx o Wxo yxo 58 37
70% Vx VX x o Wx W Wxo 60 33
Medium MCL (p=0.4) 30% Vx VX Vx o Wx Wx Wxo 30 31
50% Vx VX o o Wx W yxo 53 36
70% Vx VX o e W W xS 33
High MCL (p=0.8)  30% Vx AV, SRR VARV A ' 9 8
50% Vx Vo oWV Ve e 12 14
70% Vx v VX o W W Wk Wxoo 15 18
N=300
Low MCL (p=0.2) 30% Vx Ve WV Ve W Wxoo2i 26
50% VX VX e x o Wxo Vx4 37
70% Vx VX o WVx o e WVx W 59 38
Medium MCL (p=0.4) 30% Vx VX o Vx o e Wxo o W 16 17
50% Vx Ve W Wx W Wx 32 31
70% VX VX Ax x Wxo Vx4 38
High MCL (p=0.8) 30% Vx V. SRR VARV 'Y 10 5
50% V¥ ;. SRV AV ARV, ' 9
70% Vx Ve x Vx WVxe W/ 9 10
N=100
Low MCL (p=0.2) 30% Vx v v Vv Vv 14 5
50% Vx VX e x WX 6 8
70% Vx Vo WV e Wx oy 13 14
Medium MCL (p=0.4) 30% Vx Vv Vv 19 4
50% Vx v Vv VAR, 8 7
70% V¥ Vo W Wx Wx 9 11
High MCL (p=0.8) 30% Vx 37 9
50% V¥ 24 4
70% Vx v v 18 5

MCLmulticollinearity, Com comorbidity, QL Global Health Status/QoL, PF physical functioning, FA fatigue, PA pain, AP appetite loss, Cox-PV
stepwise Cox PH with p value of 0.05 as entry/stay criterion, Cox-AIC stepwise Cox PH with AIC as entry/stay criterion

#Top selected model refers to the most selected model in the scenario

%°This percentage refers to the number of times a given model was selected out of 1000 independent generated datasets

\/ The variable was selected in the model by the Cox-AIC stepwise procedure

x'The variable was selected in the model by the Cox-PV stepwise procedure

Cox-AIC were more sensitive to the event rate than other
methods, in terms of bias. For the sample size of n =100,
such results were consistent across all scenarios and PROs
and the Cox-R provided the best performance. Indeed,
although the biases were similar between the Cox-Full and
Cox-R, the latter produced less variable estimates than the
Cox-Full with markedly better performances for higher
levels of multicollinearity (Fig. 1). For example, with
p=0.8 and n=100, the RMSE ranges were, respectively,

[0.07, 0.14] for the Cox-AIC, [0.10, 0.25] for the Cox-Full
and [0.07, 0.12] for the Cox-R. In this setting, no RMSE
results were available for the Cox-PV since it did not select
any PRO scales in the final model.

When sample size was n =300 or n =500, the stepwise
methods selected all PROs in almost all scenarios. However,
both failed when a higher event rate (ER) and /or larger sam-
ple size were not sufficient to compensate for the extent of
multicollinearity. For example, 70% ER was necessary for

@ Springer
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Fig.1 Standardized bias and root-mean-squared error for all PROs
and scenarios (n=100). RMSE root-mean-squared error, M-Coll mul-
ticollinearity degree, ERevent rate, Cox-PV stepwise Cox PH with

the Cox-AIC to include all PROs with p=0.8 and n=300,
whereas 50% ER was sufficient with n =500 (Table 2).
When n =300, the biases of the estimates were roughly
similar among all methods only when the multicollinearity
was p=0.2 (see Fig. 2, first left column), except for appe-
tite loss (AP). For this scale, the Cox-PV and the Cox-AIC
showed greater sensitivity to ER than the other methods in
terms of bias. However, as the multicollinearity increased,
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0.05 p value as entry/stay threshold, Cox-AIC stepwise Cox PH with
AIC as entry/stay criterion, Cox-Full Cox PH with all variables, Cox-
R Cox PH with Ridge penalty and all variables

such sensitivity also came up for other scales. In addition,
for n=300, the biases were similar across all scenarios for
the Cox-R and Cox-Full, with both performing the same
or better than the Cox-PV and the Cox-AIC. However, the
differences in the RMSEs of the Cox-R and the Cox-Full
were overall lower with respect to n=100, as they remained
markedly different only for a high degree of multicollinear-
ity, i.e., p=0.8 (Fig. 2).
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Fig.2 Standardized bias and root-mean-squared error for all PROs
and scenarios (n=300). RMSE root-mean-squared error, M-Coll mul-
ticollinearity degree, ERevent rate, Cox-PV stepwise Cox PH with

The stepwise methods also had RMSEs similar to those of
the Cox-R and the Cox-Full except when p=0.8. For n=500,
analogous results can be observed in terms of the bias among all
methods (Fig. 3) for lower degrees of multicollinearity (except
for AP), while the Cox-PV and the Cox-AIC provided larger

0.05 p value as entry/stay threshold, Cox-AIC stepwise Cox PH with
AIC as entry/stay criterion, Cox-Full Cox PH with all variables, Cox-
R Cox PH with Ridge penalty and all variables

biases when p=0.8. Furthermore, with respect to the RMSE,
the same considerations can be drawn as for n=300. To illus-
trate, for high multicollinearity (p=0.8) and n=500, the RMSE
values of the PROs ranges were, respectively, [0.03, 0.09] for
the Cox-PV, [0.03, 0.08] for the Cox-AIC, [0.03, 0.08] for the
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Fig.3 Standardized bias and root-mean-squared error for all PROs
and scenarios (n=500). RMSE root-mean-squared error, M-Coll mul-
ticollinearity degree, ER event rate, Cox-PV stepwise Cox PH with

Cox-Full and [0.02, 0.06] for the Cox-R. For each method, the
patterns of the parameter estimates of noncollinear covariates
did not show substantial improvements (results not shown).
Overall, the Cox-R provided estimates similar to those of the
Cox-Full, which were only slightly less biased, particularly in
the presence of higher multicollinearity; in addition, the Cox-R
produced narrower confidence intervals for the estimates than
the Cox-Full (see Figs. 4-8 in the Appendix).

@ Springer

0.05 p-value as entry/stay threshold, Cox-AIC stepwise Cox PH with
AIC as entry/stay criterion, Cox-Full Cox PH with all variables, Cox-
R Cox PH with Ridge penalty and all variables

Discussion

When conducting PRO-based prognostic factor analyses,
the researcher often has to make challenging decisions on
the scales entering the analysis while limiting the risks
associated with “harmful” multicollinearity as much as
possible. Indeed, the simple inclusion of all collinear
scales in a prognostic model would be unsatisfactory and
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provide overly biased estimates. However, excluding one
or more collinear PRO scales from the prognostic model
would waste potentially relevant prognostic information
since each scale measures distinct facets of a subject’s
quality of life or symptomatic burden. Most of the strate-
gies that were previously proposed to lessen the impact
of harmful multicollinearity [29] are unsuitable for prog-
nostic factor analysis, including PRO data. For example,
a recombination of scales in mutually orthogonal factors
using PCA would produce outcomes that would be difficult
to interpret.

Indeed, given an initial set of collinear multiple PRO
scales, the Ridge regression would be a potentially useful
approach for balancing the completeness of PROs infor-
mation and the accuracy of estimates. Previous studies
dealing with multicollinearity in prognostic factor analysis
showed better performances of the penalized regression
estimators (shrinkage methods) compared to the maxi-
mum likelihood estimators [29, 41-44]. However, most
of these studies focused on linear or logistic regression
models and the generalization of their findings to time-
to-event analysis is not straightforward. To the best of our
knowledge, the only work evaluating shrinkage methods
in the presence of multicollinearity in this framework [45]
only considered the sample size of n =50, 4 to 6 covari-
ates, and 3° of multicollinearity (0.2, 0.4 and 0.8) with no
censored data, and reported results for just one covariate.
In addition, there is no previous research on the applica-
tion of the Ridge regression to prognostic factor analysis
with collinear PROs.

In this work, we investigated and compared the per-
formance of different modeling strategies based on the
Cox PH regression in terms of the completeness of the
retained PROs information in the prognostic model and the
accuracy of parameter estimation. The first consisted of a
Cox PH model including all variables and was penalized
using the Ridge regression (Cox-R). The other (Cox-Full)
was also a Cox PH model including all variables, but it
was estimated as usual. The other two modeling strate-
gies were automatic stepwise selection procedures, which
were based on either the likelihood ratio test (Cox-PV) or
the Akaike Information Criterion (Cox-AIC). We consid-
ered twenty-seven different scenarios that were designed
according to different sample sizes, degrees of multicol-
linearity and event rates, and there were five PRO collinear
variables and a right censoring scheme in the follow-up
data. In general, the performances of all methods worsened
with the increase of the multicollinearity and improved
with higher event rates and larger sample sizes; however,
this occurred to different extents depending on the combi-
nation of the multicollinearity, sample size and event rate.

For all scenarios, we found that the Cox-PV performed
worse than the Cox-AIC in the model selection, which also

provided less-biased coefficient estimates with overall lower
RMSEs. However, both the Cox-PV and the Cox-AIC failed
in selecting all significant collinear PRO scales for a small
sample size (n=100) and a high degree of multicollinearity
(p=0.8). In addition, we note that both methods were not
able to select the full true model since they excluded some
noncollinear variables across all scenarios.

The procedures including all variables outperformed
those based on automatic selection. The Cox-R provided
less variable HR estimates than the Cox-full, although at the
cost of (slightly) higher biases. Such a bias/variance trade-
off favored the Cox-R, particularly in those scenarios with
higher degrees of multicollinearity (p=0.4 and p=0.8),
smaller sample sizes (n =100 and »=300) and lower event
rates (30% and 50%), where the Cox-R had lower RMSEs
than the Cox-Full but similar bias patterns.

The first limitation of this study is that we did not inves-
tigate a real case study in which more than 10-20 variables
might be highly correlated and time-varying variables might
affect the outcome. In addition, we note that the Cox-R does
not replace the careful selection of potential clinically rel-
evant factors, including PROs. Such selection process should
be performed previously to the Cox-R modeling, ideally
including all available a priori knowledge about the topic
of interest and/or based on statistical considerations. Indeed,
the Cox-R can provide more reliable estimates than other
methods based on a given set of variables. In this work, we
did not consider other popular shrinkage methods, i.e., the
lasso regression or elastic-net. However, we did not consider
these approaches since we focused on a statistical approach
allowing us to simultaneously retain all collinear PRO scales
while reducing the effects of multicollinearity on the param-
eter estimates.

Our paper also has key strengths. The simulation-based
approach allows for knowing the true model underlying the
data, which can be used as a benchmark to compare the
performances of the different modeling approaches. Pre-
vious studies investigating the effects of multicollinearity
on model stability and estimation variability typically used
real datasets and performance measures were obtained using
resampling techniques such as bootstrapping [37, 46]. How-
ever, these procedures cannot rely on the knowledge of the
real data-generating process, and so they can evaluate only
how often a certain model is selected without providing
any insight into its correctness. In addition, we investigated
the performances of methods in several different scenarios,
including those with less than ten events available per varia-
ble [47, 48]. Our findings might be useful in those PRO stud-
ies with insufficient sample sizes compared to the number
of potentially meaningful collinear PRO scales that can be
included in the model, particularly when no a priori knowl-
edge is available about their clinical relevance. In addition,
the application of all the methods described in this work is
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feasible using the most common statistical programs, such
as R, SAS and SPSS.

This study further emphasizes the impact of harmful
multicollinearity in PRO-based prognostic factor analysis,
thereby encouraging researchers to carefully check for its
presence before performing any modeling procedure. In
addition, this study underlines the drawbacks of the model
identification using automatic stepwise selection proce-
dures and shows the benefits of using the Cox-R approach
in PRO-based prognostic factor analysis. Overall, the Cox-R
achieves more accurate estimates of the prognostic impor-
tance of multiple collinear PROs than other methods while
retaining all of these in the multivariable model. This result
was consistent throughout all the scenarios we explored,
according to different issues such as the sample size, event
rate and degree of multicollinearity. This suggested that the
penalized Ridge regression approach was the most appropri-
ate, particularly when covariates are affected by multicol-
linearity of at least p=0.4 and the sample size is less than
n=2300. Although this work was focused on overall survival,
we are confident that our findings might be generalized to
prognostic modeling for any outcome of interest in time to
event analysis.
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