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ABSTRACT
The Cox proportional hazards regression model is frequently used to develop clinical prediction models for time-to-event out-
comes, allowing clinicians to estimate an individual’s risk of experiencing the outcome within specified time horizons (e.g.,
estimate an individual’s 10-year risk of death). The Cox regression model models the association between covariates and the haz-
ard of the outcome. A key assumption of the Cox model is the proportional hazards assumption: the ratio of the hazard function
for any two individuals is constant over time, and the ratio is a function of only their covariates and the regression coefficients.
Calibration is an important aspect of the validation of clinical prediction models. Calibration refers to the concordance between
predicted and observed risk. The impact of the violation of the proportional hazards assumption on the calibration of clinical pre-
diction models developed using the Cox model has not been examined. We conducted a set of Monte Carlo simulations to assess
the impact of the magnitude of the violation of the proportional hazards assumption on the calibration of the Cox model. We
compared the calibration of predictions obtained using a Cox regression model that ignored the violation of the proportional haz-
ards assumption with those obtained using accelerated failure time (AFT) models, Royston and Parmar’s spline-based parametric
survival models, and generalized linear models using pseudo-observations. We found that violation of the proportional hazards
assumption had negligible impact on the calibration of predictions obtained using a Cox model.

1 | Introduction

Clinical prediction models are increasingly being developed and
used to estimate an individual’s risk of having a disease or experi-
encing an outcome. Time-to-event or survival outcomes are com-
mon in clinical and epidemiological research. Regression models
from survival analysis allow investigators to estimate the absolute
risk of an event within specified prediction horizons (e.g., 10-year
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risk of death). The most popular regression model for the analy-
sis of time-to-event outcomes in settings with censoring appears
to be the Cox proportional hazards regression model [1]. The Cox
regression model models the association between covariates and
the hazard of the outcome. A key assumption of the model is the
proportional hazards assumption: the ratio of the hazard function
for any two individuals is constant over time, and this ratio is a
function of only their covariates and the regression coefficients.
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Violation of the proportional hazards assumption can have effects
on inferences about the estimated model coefficients. The esti-
mated hazard ratio can be biased [2]. This is because the esti-
mated hazard ratio will be a weighted average of the time-varying
hazard ratios [3]. Furthermore, the magnitude of the estimated
hazard ratio will depend on the length of follow-up [4]. Thus,
the estimated hazard ratios could differ across studies if the dura-
tion of follow-up varied across studies. Another consequence of
the violation of the proportional hazards assumption is that, in
multivariable models, the estimated standard errors can be incor-
rect [3]. A consequence of the bias in estimated standard errors
is that estimated confidence intervals may be too wide or too
narrow and that significance levels of the associated hypothesis
tests may be incorrect. Estimates of the risk of the occurrence
of the outcome of interest within a specified duration of time
(i.e., of the complement of the estimated survival function) are,
in part, a function of the estimated regression coefficients. Thus,
if the estimated regression coefficients are biased in settings in
which the proportional hazards assumption is violated, it would
be natural to anticipate that estimates of risk are also subject
to bias.

Calibration is an important aspect of assessing the accuracy of a
clinical prediction model. Calibration refers to the concordance
between predicted and observed risk. The impact of the viola-
tion of the proportional hazards assumption on calibration has
received little attention. The objective of the current paper was to
examine the impact of the violation of the proportional hazards
assumption on the calibration of prediction models developed
using the Cox proportional hazards regression model. The paper
is structured as follows: In Section 2, we describe a series of Monte
Carlo simulations that were designed to address this question. In
Section 3, we report the results of these simulations. Finally, in
Section 4, we summarize our findings and place them in the con-
text of the existing literature.

2 | Monte Carlo Simulation Methods

We conducted a set of Monte Carlo simulations to examine the
impact of violation of the proportional hazards assumption on the
calibration of predictions obtained from a Cox proportional haz-
ards model. We compared the calibration of the Cox model under
violation of the proportional hazards assumption with alternative
methods for estimating risk with time-to-event outcomes: a Cox
model that stratified on the variable for which the proportional
hazard assumption was violated, parametric accelerated failure
time (AFT) survival models, Royston and Parmar’s spline-based
parametric survival models, and generalized linear models based
on pseudo-observations.

2.1 | Factors in the Monte Carlo Simulations

We allowed two factors to vary in the Monte Carlo simulations:
(i) the magnitude of the violation of the proportional hazards
assumption; (ii) whether the variable for which the proportional
hazards assumption was violated was binary or continuous. The
first factor took on nine values while the second factor took
on two values. In each of the 18 scenarios, we simulated 1000
datasets.

2.2 | Empirical Analyses to Inform
the Data-Generating Process

We used data on 19 559 patients who were hospitalized with
an acute myocardial infarction (AMI or heart attack) in 2016
in Ontario, Canada. These data were obtained from the Ontario
Myocardial Infarction Database (OMID) [5]. We extracted the age
and sex of each individual. We standardized age so that it had
a mean zero and a standard deviation of one. We followed each
individual from the time of hospital admission until the time of
death (including out-of-hospital deaths), censoring patients after
5 years if they were still alive after 5 years.

We used a Weibull parametric survival model to regress time
to death on age and sex (observed survival times of zero were
changed to 0.5 to avoid the removal of individuals who died on
the day of hospital admission). The estimated shape and scale
parameters of the underlying Weibull distribution were 0.4836
and 0.0073, respectively. We then fit a Cox proportional hazards
model in which we regressed the hazard of death on age and sex,
assuming proportional hazards for both variables. The regression
coefficients for age and female sex were 1.084 and −0.018, respec-
tively. Thus, a one standard deviation increase in age was associ-
ated with a 2.96-fold increase in the hazard of death. Similarly,
female sex was associated with a 2% decrease in the hazard of
death compared to males.

These analyses were conducted using the R statistical program-
ming language (version 3.6.3). The Weibull parametric survival
model was fit using the weibreg function from the eha package
(version 2.10.1). The Cox regression model was fit using the coxph
function from the survival package (version 3.2-11).

2.3 | Data-Generating Process

We describe the data-generating process for the scenarios in
which the proportional hazards assumption was violated for a
continuous variable. In each simulation iteration, we simulated
a sample of size 2000. For each individual, we generated two
baseline covariates: a continuous baseline variable (X1) and a
binary baseline variable (X2). We assumed that the former fol-
lowed a standard normal distribution (reflecting the fact that in
the empirical analyses described in the previous section, we had
standardized age so that it had mean zero and standard devia-
tion one). We simulated these two variables so that there they
were correlated. We generated two continuous variables from a
multivariate normal distribution with a mean vector (0,0) and

variance–covariance matrixΣ =
(

1 0.2
0.2 1

)
. We retained the first

variable as continuous. We then dichotomized the second vari-
able such that it was set equal to 1 if it was less than zero and set
equal to 0 otherwise.

We assumed that the underlying model relating the hazard of
the outcome to the two baseline covariates was of the form:
log(ℎ(𝑡)) = log

(
ℎ0(𝑡)

)
+
(
𝛽0 + 𝛽1𝑡

)
𝑋1 + 𝛽2𝑋2, where h(t) denotes

the hazard function and h0(t) denotes the baseline hazard func-
tion. Thus, the regression coefficient for X1 is a linear function
of time and the proportional hazards assumption was violated
for this coefficient. In simulating event times, we assumed that
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the maximum observed event time was 1825 days (i.e., 5 years), to
reflect what was observed in the empirical analyses described in
the previous section. We allowed the value of 𝛽1 to vary from 0 to
0.0008 in increments of 0.0001. For a given value of 𝛽1, we deter-
mined the value of 𝛽0 so that the average regression coefficient
across the 1825 days would be equal to 0.4836 (i.e., it was equal
to the time-invariant regression coefficient for age estimated in
the previous section). We thus examined nine different scenar-
ios, with the first scenario (𝛽1 = 0) denoting a scenario in which
the proportional hazards assumption was satisfied. Increasing
values of 𝛽1 denote stronger violations of the proportional haz-
ards assumption. The regression coefficient for the binary vari-
able (𝛽2) was set to equal the regression coefficient for female sex,
which was estimated in the empirical analyses described above.
Time-to-event outcomes were simulated from a Weibull model
using methods described by Crowther and Lambert [6]. This pro-
cedure was repeated 1000 times so that for each simulation sce-
nario, we created 1000 simulated datasets.

The time-varying hazard ratios under different magnitudes of
violation of the proportional hazards assumption are described
in Figure 1. The left panel describes the time-varying hazard
ratios for the binary variable when the proportional hazards
assumption is violated for the binary variable. The right panel
describes the corresponding information for the continuous vari-
able. On each panel, we have superimposed a horizontal line
denoting the average hazard ratio over the 1825 days of follow-up.
The figure illustrates that we considered scenarios in which the

magnitude of violation of the proportional hazards assumption
was small and scenarios in which it was large.

2.4 | Analyses in the Simulated Datasets

Each simulated dataset was split into a derivation sample and a
validation sample, each of size 1000. In each simulated deriva-
tion sample, we regressed the hazard of the outcome on the
two baseline covariates using a Cox regression model in which
we assumed that the proportional hazards assumption was sat-
isfied (i.e., we fit a misspecified model of the form: log(ℎ(𝑡)) =
log

(
ℎ0(𝑡)

)
+ 𝛽1𝑋1 + 𝛽2𝑋2). The fitted model was then applied to

the validation sample, and a predicted probability of the outcome
at 1, 2, 3, 4, and 5 years (i.e., at 365, 730, 1095, 1460, and 1825 days)
was obtained for each individual in the validation sample.

Calibration of the model in the validation sample was assessed
at each of the five time points (1–5 years) using four quantita-
tive metrics: the integrated calibration index (ICI), E50, E90, and
the ratio of observed-to-predicted risk. The ICI, E50, and E90
are the mean, median, and 90th percentile, respectively, of the
absolute difference between predicted survival probabilities and
smoothed survival frequencies [7]. Smoothed survival frequen-
cies were obtained using Kooperberg’s flexible adaptive hazard
regression model with the complementary log–log transforma-
tion of the predicted probabilities as the sole predictor variable
[8]. The ratio of observed-to-predicted risk was computed by

FIGURE 1 | Time-varying hazard ratio under different scenarios.
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dividing the observed risk of the outcome at the specified time
by the mean predicted risk of the outcome derived from the fit-
ted Cox regression model. The observed risk of the outcome was
determined using the Kaplan–Meier estimate of risk at the given
duration of time. The above four methods for assessing calibra-
tion are quantitative metrics. We also computed graphical cali-
bration curves to allow for a graphical assessment of calibration
[7]. Thus, in each simulated validation sample, we computed
the ICI, E50, E90, the ratio of observed-to-predicted risk, and a
graphical calibration curve. The mean of each of these was then
computed across the 1000 simulated samples for each simulation
scenario.

We also examined the calibration of three other methods for
obtaining estimates of risk at specified durations of time: an AFT
parametric survival model, Royston and Parmar’s spline-based
parametric survival models, and generalized linear models that
used pseudo-observations. For the AFT parametric survival
model, we fit a generalized gamma model in the derivation sam-
ple. We used the generalized gamma model because it is not a pro-
portional hazards model. We then applied the fitted AFT model
to the validation sample and computed the probability of the out-
come occurring within 1, 2, 3, 4, and 5 years for each individual.
Royston and Parmar’s spline-based parametric survival model
uses natural cubic splines to model the baseline log-cumulative
hazard function [9]. We used splines with four degrees of free-
dom (this decision was made through analyses conducted in one
simulated dataset in which we fit models with one through four
degrees of freedom and selected the model with the lowest AIC
value). For the pseudo-observation-based method, we computed
pseudo-observations for each individual in the derivation and
validation samples [10]. In the derivation sample, we regressed
the pseudo-observations at 1 year on the two baseline covariates
using a generalized linear model with a normal distribution and a
bounded logit link function (we then repeated this method using
a bounded complementary log–log link function) [11]. We then
applied the fitted linear model to the validation sample to obtain
the probability of the occurrence of the outcome within 1 year.
This was repeated for Years 2–5.

In those settings in which the proportional hazards assumption
was violated for the binary variable, we considered an additional
method in which we fit a Cox regression that stratified on the
binary variable, thereby allowing a separate baseline hazard func-
tion for each of the two levels of the binary variable. This strati-
fied model had a single predictor variable: the continuous base-
line variable. The stratum-specific baseline hazard function was
used to estimate the risk of the outcome at each of the prediction
horizons.

2.5 | Software

The simulations were conducted using the R statistical program-
ming language (version 3.6.3) [12]. Time-to-event outcomes were
simulated using the simsurv function from the simsurv package
(version 1.0.0). The Cox model was fit using the coxph func-
tion from the survival package (version 3.2-11). Observed risk
for the observed-predicted ratio was computed using the surv-
fit function from the survival package. The predicted risk from
the fitted Cox model was estimated using the predictSurvProb

function from the pec package (version 2019.11.03). Graphical
calibration curves were computed using the hare function from
the polspline package (version 1.1.19), while ICI, E50, and E90
were computed from smoothed survival frequencies generated
using the hare function. The generalized gamma AFT model was
fit using the flexsurvreg function from the flexsurv package (ver-
sion 2.3). Royston and Parmar’s spline-based parametric survival
model was fit using the stpm2 function from the rstpm2 pack-
age (version 1.5.2). Pseudo-observations were computed using
the pseudosurv function from the pseudo package (version 1.4.3).
The generalized linear model with the pseudo-observations was
fit using the glm function using the bounded logit link function
blogit from the survival package. The bounded complementary
log–log link function was implemented using the cloglog func-
tion from the survival package. Simulation results were summa-
rized using the simsum function from the rsimsurv package (ver-
sion 0.13.0).

3 | Monte Carlo Simulation Results

We report our results separately for the scenarios when the vari-
able for which the proportional hazards assumption was violated
was binary and when it was continuous.

3.1 | Proportional Hazards Assumption
Violated for a Binary Variable

Results for the time prediction horizons of 1 and 5 years are
reported in Figures 2 and 3, respectively, while those for Years
2–4 are reported in Figures A1–A3, respectively, in the online
supplemental material. Each of these figures consists of four pan-
els, one for each of the quantitative calibration metrics (ICI, E50,
E90, and the observed-predicted ratio). For a given metric, the
scale of the vertical axis is the same across the five figures, allow-
ing results to be compared across prediction horizons.

Across all five prediction horizons, the use of pseudo-
observations with the bounded complementary log–log link
function resulted in predictions that displayed the worst calibra-
tion across all four calibration metrics. Among the remaining
methods, the use of pseudo-observations with the bounded
logit link function tended to have worse performance than the
other methods across the five prediction horizons and the four
calibration metrics. The performance of the AFT (generalized
gamma) model varied across the five prediction horizons. At
shorter prediction horizons (e.g., 1 and 2 years), the AFT model
systematically underestimated risk when the proportional haz-
ards assumption was not violated or when the magnitude of
its violation was low, while it systematically overestimated risk
when the magnitude of the violation of the proportional hazards
assumption was high. However, the magnitude of underesti-
mation and overestimation diminished as the length of the
prediction horizon increased, such that with the 5-year predic-
tion horizon, the observed-to-predicted ratio was very close to
one, regardless of the magnitude of the violation of the propor-
tional hazards assumption. The misspecified Cox model that
ignored the violation of the proportional hazards assumption,
the Cox model that stratified on the binary variable for which
the proportional hazards assumption was violated, and Royston

4 of 11 Statistics in Medicine, 2025
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FIGURE 2 | Relationship between 𝛽1 and calibration at 1 year (binary covariate).

and Parmar’s spline-based parametric survival model had com-
parable performance and displayed the least lack of calibration
of all the prediction methods. Furthermore, the magnitude of
the violation of the proportional hazards assumption tended to
have no meaningful impact on the magnitude of miscalibration
for these three methods. The Monte Carlo standard errors of the
mean estimated ICI are described in Figure A4.

Graphical calibration curves are described in Figures 4 and 5
for the 1-year prediction horizon and 5-year prediction horizon,
respectively, and in Figures A5–A7 for the 2-year prediction hori-
zon, the 3-year prediction horizon, and the 4-year prediction hori-
zon, respectively. Each figure consists of nine panels, one for
each of the values of 𝛽1 (with 𝛽1 = 0 denoting that the propor-
tional hazards assumption was valid). We have superimposed a
diagonal line on each panel, denoting the line of perfect calibra-
tion. Deviation from this line denotes a lack of calibration. Across
all five prediction horizons, the use of pseudo-observations with
a generalized linear model with a bounded complementary
log–log link function displayed a minor lack of calibration, par-
ticularly when the predicted risk of the outcome was high. The
other five methods tended to display very good calibration across
all five prediction horizons. The calibration curve for the conven-
tional Cox model that ignored the violation of the proportional
hazards assumption and the calibration curve for Royston and
Parmar’s spline-based parametric survival model were essentially
indistinguishable from one another.

3.2 | Proportional Hazards Assumption
Violated for a Continuous Variable

Results for the time prediction horizons of 1 and 5 years are
reported in Figures 6 and 7, respectively, while those for Years
2–4 are reported in Figures A8–A10, respectively.

When assessing calibration using ICI, E50, and E90, the pri-
mary observation was that, when using the conventional mis-
specified Cox regression model, increasing magnitude of the vio-
lation of the proportional hazards assumption did not result in a
meaningful increase in the lack of calibration for predictions at
longer prediction horizons (i.e., at 3, 4, and 5 years). However,
at shorter prediction horizons (i.e., 1 and 2 years), the magni-
tude of miscalibration increased as the magnitude of the viola-
tion of the proportional hazards assumption increased. While the
use of pseudo-observations with a generalized linear model with
a bounded logit link function did not have the best calibration
across all scenarios or across all metrics, it often resulted in esti-
mates of risk that displayed good calibration and were not mean-
ingfully affected by the magnitude of the violation of the pro-
portional hazards assumption. At shorter prediction time hori-
zons (i.e., 1 and 2 years), the use of pseudo-observations with the
bounded complementary log–log link function tended to result
in estimates of risk that displayed the greatest lack of calibra-
tion when the magnitude of the violation of the proportional
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FIGURE 3 | Relationship between 𝛽1 and calibration at 5 years (binary covariate).

FIGURE 4 | Calibration curves: Predictions at 1 year (binary covariate).

6 of 11 Statistics in Medicine, 2025
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FIGURE 5 | Calibration curves: Predictions at 5 years (binary covariate).

FIGURE 6 | Relationship between 𝛽1 and calibration at 1 year (continuous covariate).
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FIGURE 7 | Relationship between 𝛽1 and calibration at 5 years (continuous covariate).

hazards assumption was weak to moderate. At longer predic-
tion time horizons, this method tended to result in estimates
with the greatest lack of calibration across all magnitudes of
violation of the proportional hazards assumption. The Monte
Carlo standard errors of the mean estimated ICI are described
in Figure A11.

When assessing calibration using the observed-to-predicted ratio,
the primary observation was that the use of the conventional
Cox model that ignored the violation of the proportional haz-
ards assumption displayed an increasing lack of calibration
as the magnitude of the violation of the proportional hazards
assumption increased. In particular, the magnitude of the under-
estimation of risk increased as the magnitude of the violation
of the proportional hazards assumption increased. In contrast
to this, the use of pseudo-observations with a generalized linear
model with a bounded logit link function displayed a modest lack
of calibration, but the magnitude of underestimation of risk was
not affected by the magnitude of the violation of the proportional
hazards assumption.

Graphical calibration curves are described in Figures 8 and 9
for the 1-year prediction horizon and 5-year prediction horizon,
respectively, and in Figures A12–A14 for the 2- to 4-year predic-
tion horizons, respectively. The primary observation was that at
shorter prediction time horizons (i.e., 1 and 2 years), the use of the

conventional Cox model, which ignored the violation of the pro-
portional hazards assumption, tended to result in predictions that
displayed very good calibration when the magnitude of the vio-
lation of the proportional hazards assumption was weak to mod-
est. When the violation of the proportional hazards assumption
was moderate to strong, this method resulted in a lack of cal-
ibration, particularly in those subjects for whom the predicted
risk was high. When the prediction time horizon was longer (i.e.,
3–5 years), this method tended to result in risk estimates that dis-
played very good calibration. Both the AFT (generalized gamma)
model and the Royston–Parmar spline-based parametric survival
model tended to result in risk estimates that displayed a calibra-
tion very similar to that of the conventional Cox regression model.
Indeed, the calibration curve for the conventional Cox model that
ignored the violation of the proportional hazards assumption and
the calibration curve for Royston and Parmar’s spline-based para-
metric survival model were essentially indistinguishable from
one another. Consistent with the settings in which the propor-
tional hazards assumption was violated for the binary variable,
the use of pseudo-observations with the bounded complemen-
tary log–log link function tended to result in predictions that
displayed a lack of calibration across all five prediction time hori-
zons, particularly in those subjects for whom the predicted risk
was high.

8 of 11 Statistics in Medicine, 2025
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FIGURE 8 | Calibration curves: Predictions at 1 year (continuous covariate).

4 | Discussion

Our primary finding was that when the proportional hazards
assumption was violated for a binary variable, the resultant mis-
specified Cox model still had excellent calibration. In particu-
lar, the magnitude of the violation of the proportional hazards
assumption had no discernible impact on the magnitude of mis-
calibration. When the proportional hazards assumption was vio-
lated for a continuous variable, at most, minor to modest miscali-
bration was observed when the predicted risk of the outcome was
high. Furthermore, in the settings with a continuous variable for
which the proportional hazards assumption was violated, even
when miscalibration was observed, it tended to be observed only
for some prediction horizons and when the magnitude of the vio-
lation of the proportional hazards assumption was moderate to
strong.

We also examined the performance of alternative predic-
tion methods in settings in which the proportional hazards
assumption was violated. The use of a parametric AFT (gener-
alized gamma) survival model did not result in predictions with
improved calibration compared to the Cox model. The likely rea-
son for this is that, while the Cox model was misspecified by fail-
ing to account for nonproportional hazards, the AFT model was
also misspecified. The generalized gamma AFT is not a propor-
tional hazards model; however, it made an incorrect assumption
about the distribution of event times. Event times were gener-
ated under a Weibull model, whereas the AFT model we used
assumed a generalized gamma model for event times. While

pseudo-observations appear to be rarely used in practice when
developing clinical prediction models, we found that the use
of pseudo-observations with a generalized linear model with a
bounded logit link function tended to perform well across a wide
variety of settings.

There is a paucity of research on the impact of the violation of the
proportional hazards assumption on the accuracy of predictions
obtained from a Cox regression model. van Houwelingen sug-
gested that one can obtain survival probabilities from a misspeci-
fied Cox model in which one has ignored the violation of the pro-
portional hazards assumption and that this will work well if “𝛽(t)
does not vary too much over time, the effect of the covariate is not
too big and the follow-up is not too long” [13]. van Houwelingen
and Putter suggest that this is the case because it is the cumulative
hazard function, and not the instantaneous hazard function, that
is important for estimating the survival function (or its comple-
ment, the cumulative incidence function), and that the effect of
a variable on the survival function is through a weighted aver-
age of the time-varying regression coefficient over the interval
between zero and the time at which the survival function is being
evaluated [14]. Royston and Altman, when discussing principles
for the external validation of a clinical prediction model devel-
oped using Cox regression, suggested that investigators can assess
the validity of the proportional hazards assumption in the exter-
nal validation sample [15]. They proceeded to state that “even if
the proportional hazards assumption is untenable, a model may
still provide good discrimination . . . , but the calibration would
need to be scrutinised. Such a ‘partially validated’ model may
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FIGURE 9 | Calibration curves: Predictions at 5 years (continuous covariate).

perform well enough to retain clinical utility.” Our findings sug-
gest that the proportional hazards assumption can be violated,
and the calibration of the model can still be good. In particular,
in many settings, the magnitude of the violation of the propor-
tional hazards assumption can have, at most, a negligible impact
on the calibration of the Cox model. van Houwelingen and Putter
suggested that an alternative approach in the presence of the vio-
lation of the proportional hazards assumption is to use a stopped
Cox model [16]. Using this approach, when making predictions at
time 𝑡horizon, one induces administrative censoring at time 𝑡horizon
and then uses a conventional Cox model that ignores the violation
of the proportional hazards assumption.

A notable omission from the current study is Aalen’s additive
hazard model [17]. Aalen’s additive hazard model is a model in
which coefficients have an additive rather than a relative effect on
the hazard function. Furthermore, Aalen’s additive hazard model
does not require the assumption of proportional hazards. For this
reason, one might assume that Aalen’s additive hazard model
would result in risk estimates that display good calibration in set-
tings in which the proportional hazards assumption was violated.
In preliminary simulations, we found that Aalen’s additive model
tended to have worse calibration than all the other methods (data
not shown). However, we did not include Aalen’s additive model
in the study because, strictly speaking, it is a misspecified regres-
sion model in this setting, as outcomes were generated under a
relative model.

The primary limitation of the current study is its reliance on
Monte Carlo simulations. The simulations were computationally

intensive, not only because of the statistical models that were fit
in the simulated datasets but also because of the complexity of the
data-generating process. Using a Cox–Weibull model to simulate
time-to-event outcomes required using numerical integration of
the cumulative hazard function and root-finding techniques to
invert the cumulative hazard function. This was computation-
ally intensive, limiting the number of scenarios that we could
examine. However, we examined 18 different scenarios charac-
terized by the type of variable for which the proportional hazards
assumption was violated and by the magnitude of the violation of
the proportional hazards assumption. Furthermore, parameters
used in the data-generating process were obtained from empirical
analyses of individuals hospitalized with AMI. Thus, the simu-
lated datasets reflected those observed in a specific clinical set-
ting. A second limitation is that the use of pseudo-observations
requires the assumption of non-informative censoring [11]. Fur-
ther research is required on the impact of informative censor-
ing on the performance of these methods. A third limitation is
that the current study did not include a case study or an empiri-
cal analysis but relied solely on Monte Carlo simulations. While
we could have used the different methods in an empirical analy-
sis of data in which it was known that the proportional hazards
assumption was violated, this would only have allowed us to com-
pare the calibration of the different methods. It would not have
allowed us to compare the observed calibration with the calibra-
tion that would have been observed had the proportional haz-
ards assumption not been violated. This latter comparison was
the focus of the study: the impact of the violation (and the mag-
nitude of the violation) of the proportional hazards assumption
on the calibration of predictions obtained from the Cox model.
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Such a question cannot be addressed using empirical analyses.
A final limitation was that in our simulations, we simulated out-
comes using a Weibull parametric survival model. It is possible
that different results would be observed when different models
were used to generate outcomes.

In summary, the magnitude of the violation of the proportional
hazards assumption had, at most, a minor impact on the cali-
bration of the Cox regression model. In particular, when the pro-
portional hazards assumption was violated for a binary variable,
the calibration of the Cox model, even under a very strong vio-
lation of the proportional hazards assumption, was comparable
to the calibration of the Cox model when the proportional haz-
ards assumption was satisfied. The use of well-known alternative
methods, such as AFT parametric survival models, did not result
in improved calibration compared to the use of the Cox model.
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