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Abstract
Time-to-event (TTE) endpoints are widely used in drug development and biomedical research. Traditional statistical

models, for example the Cox regression model, have been used to predict TTE outcomes. Recent studies have also employed
flexible machine learning (ML) methods, for example, tree models, to obtain superior prediction performance. In addition,
post-baseline time-varying predictors have recently been reported to improve prediction using ML methods. In this study,
we applied the Cox model and ML methods to predict the onset of TTE with both baseline and post-baseline predictors.
We evaluated the predictive performance of these models using various metrics, including the time-dependent area under
the receiver operating characteristic curve (AUC), the concordance index (C-index), and integrated Brier scores. We
also used these metrics as criteria to guide the selection of predictors in the predictive models. Our findings indicate
that the Cox model remains a robust choice, often comparable to ML methods in moderate sample sizes, provided the
proportional hazards assumption holds. However, tree-based methods demonstrate superior performance in capturing
complex, nonlinear interactions, albeit requiring larger sample sizes to stabilize predictions.

keywords and phrases: Time-dependent predictors, Cox proportional hazards model, Survival random forest, Survival
tree, Concordance index, Brier score, Time-dependent AUC.

1. INTRODUCTION
Time-to-event (TTE) endpoints are fundamental in drug

development and biomedical research. These endpoints are
used to measure the duration until a specific event, such
as disease progression, treatment failure, or death, which
makes them critical to understanding treatment efficacy and
patient prognosis. Analyzing TTE data requires specialized
statistical and computational methods to account for cen-
soring, where the event of interest may not be observed at
the time of analysis. Traditional statistical models, such as
the Cox proportional hazards model, have long been the cor-
nerstone of the analysis of TTE outcomes. The Cox model
[14] provides a semiparametric framework that estimates
the effect of covariates on the hazard function while making
minimal assumptions about the baseline hazard. Its inter-
pretability and flexibility have made it a preferred choice in
clinical and biomedical research. However, the Cox model as-
sumes proportional hazards over time, which may not hold
in real-world datasets, and it may face challenges when han-
dling high-dimensional data or complex relationships, e.g.,
interactions among predictors.

In recent years, machine learning (ML) methods have
gained attention for predicting TTE outcomes due to their
flexibility and capacity to model nonlinear relationships and
interactions among variables. Techniques such as tree-based
models [31, 20] and deep learning approaches [34, 36] have
∗Corresponding author.

been shown to achieve improved predictive performance in
scenarios where traditional models fall short. ML methods
can accommodate large-scale data, automatically select rel-
evant features, and handle complex, high-dimensional pre-
dictors. These strengths have positioned ML as a promising
alternative to classical statistical models in survival analysis.

Moreover, recent studies indicate the improved perfor-
mance after incorporating post-baseline time-varying pre-
dictors into predictive models [20, 56, 48]. Post-baseline pre-
dictors, which evolve over time during the course of obser-
vation, can capture dynamic changes in patient status or in
responses to treatment that may significantly influence TTE
outcomes. Integrating these predictors into ML models has
been reported to further enhance prediction accuracy, offer-
ing a more comprehensive and adaptive representation of
survival dynamics.

Given these advances, a critical question remains: Which
method performs better, traditional statistical models such
as the Cox model, or flexible ML approaches, with or with-
out post-baseline predictors in typical clinical trials with
moderate sample size? Cuthbert et. al. [15] compared the
prediction performance of survival analysis methods with
only baseline predictors present. This paper aims to address
this question through a systematic comparison of these ap-
proaches using multiple evaluation metrics, and to provide
insights into their respective strengths and limitations, par-
ticularly in the context of incorporating post-baseline time-
varying predictors, and to guide researchers in selecting the
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most appropriate methodology for their TTE analyses.
In this study, we first review a range of statistical and

ML models for TTE outcomes, including the Cox propor-
tional hazards model and tree-based models, with or without
post-baseline predictors. Then, we examine several widely
used model evaluation metrics for TTE outcomes, includ-
ing the time-dependent area under the receiver operating
characteristic (ROC) curve [AUC, 29], the concordance in-
dex [C-index, 26], and Brier score and integrated Brier score
[9, 23, 58], which are commonly employed to assess predic-
tive performance in survival analysis. In addition, we eval-
uate and compare the predictive performance of traditional
statistical models, such as the Cox proportional hazards
model and ML models for TTE outcomes. This evaluation
considers scenarios with only baseline covariates and those
incorporating post-baseline covariates. Lastly, we investigate
the performance of various model evaluation metrics under
different true data generation mechanisms. By comparing
these metrics across different models, we aim to elucidate
their strengths and limitations, offering a perspective on
their capability to handle complex survival data.

While machine learning methods offer substantial mod-
eling flexibility, their suitability depends critically on the
data characteristics typical of clinical trials. Advanced ap-
proaches such as gradient boosting machines [18, 13] and
deep learning–based survival models (e.g., DeepSurv [34])
have demonstrated strong performance in large-scale ob-
servational datasets. However, clinical trials—particularly
Phase II and III oncology studies— usually have moder-
ate sample sizes, where such methods may face challenges
related to optimization stability, overfitting, and sensitiv-
ity to hyperparameter tuning. Empirical evidence suggests
that deep learning and boosting-based methods often re-
quire substantially larger sample sizes to achieve stable and
competitive performance in clinical tabular data [5, 44]. In
contrast, random forest–based approaches have been shown
to exhibit greater robustness under moderate sample sizes,
with relatively low sensitivity to hyperparameter choices
[42]. In addition, boosting algorithms may overemphasize
noisy or mislabeled observations in small samples, increasing
the risk of overfitting [16, 10, 19, 52], and tuning complexity
[42, 6, 4]. Given these considerations, this study focuses on
methods that balance nonlinear flexibility, robustness under
moderate sample sizes, and feasibility for modeling post-
baseline time-varying covariates—namely, the Cox propor-
tional hazards model, tree-based methods for LTRC data
[20], and survival random forest [31]. A more detailed dis-
cussion is provided in the Discussion section.

This paper is structured as follows. In Section 2, we de-
scribe the time-to-event (TTE) models, including the tra-
ditional Cox proportional hazards model, and modern ML
methods tailored for TTE outcomes. These models incorpo-
rate baseline predictors and, where applicable, post-baseline
predictors to enhance predictive performance. In Section 3,

we explore model evaluation metrics specific to TTE vari-
ables. In Section 4, simulation studies are conducted in vari-
ous settings to demonstrate the strengths and limitations of
the TTE prediction models and their associated evaluation
metrics. In Section 5, we conclude with a summary and a
discussion.

2. TIME-TO-EVENT MODELS
Let Xi = (Xi1, . . . , Xip)

′ denote the p time-invariant co-
variates for subject i. The hazard function for the Cox pro-
portional hazards model [14, 47] is given by:

λ(t | Xi) = λ0(t) exp (X
′
i𝜷) , (2.1)

where λ0(t) is the baseline hazard function, 𝜷 represents
the regression coefficients for time-invariant covariates. The
model assumes that the hazard ratios between different lev-
els of covariates are constant over time, which means that
the effect of the covariates on the hazard rate is multiplica-
tive and does not change as time progresses. The model does
not assume a specific form for the baseline hazard function,
which allows flexibility in capturing time-dependent risk.
The baseline hazard function can be estimated by the Bres-
low estimator [8]. The regression coefficients can be esti-
mated by maximizing the partial likelihood independent of
the baseline hazard [14, 47]. We use the R package survival
to implement the fitting and prediction of the Cox propor-
tional hazards model [49].

Ishwaran et al. [31] developed survival random forest
models (SRFs), which offer a more flexible nonparametric
alternative that can capture nonlinear relationships and in-
teractions between covariates, often achieving superior pre-
dictive accuracy in complex data settings. SRF is an en-
semble of multiple survival trees. Individual trees are grown
using bootstrap samples and, at each node, a subset of vari-
ables is randomly selected to determine the optimal split.
The nodes are divided according to survival differences us-
ing statistical measures such as the logrank test statistic [38].
Each tree produces a cumulative hazard function, which is
averaged across all trees in the forest to produce ensemble
predictions. In this study, we used random forest to model
survival outcomes using only baseline covariates. The SRF
is implemented in the R package randomForestSRC [32]. To
optimize the performance of the model, we tune key parame-
ters, including the number of trees in the forest (ntree), the
number of variables considered for splitting at each node
(mtry), and the minimum size of terminal nodes (nodesize).
A five-fold cross-validation approach is used to determine
the combination of tuning parameters that produces the lo-
cally optimal concordance index (C-index), a widely used
evaluation metric for survival models.

When both baseline and post-baseline covariates are in-
corporated into the analysis, the modeling framework be-
comes more challenging due to the time-varying nature of
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some predictors. In the presence of time-varying predic-
tors, let Zij = (Zi1j , . . . , Ziqj)

′ denote the vector of q time-
varying covariates for subject i observed at the j-th time
interval. The hazard function for the Cox proportional haz-
ards model can be conceptually extended to:

λ(t | Xi,Zij) = λ0(t) exp
(︁
X′

i𝜷 + Z′
ij𝜸

)︁
, (2.2)

where 𝜸 denotes the coefficients for the q time-varying co-
variates. However, a key rule for time-dependent covariates
is that they must not “look into the future”, or the hazard
depends on the covariate values just prior to the event time
[48]. An approach to handling time-dependent covariates is
to use the methods for time intervals that account for left
truncation and right censoring [LTRC 50, 48]. Thernea et al.
[48] provide one example of coding time-dependent covari-
ates in intervals of time. Imagine a subject whose follow-up
period extends from time 0 to death at 185 days. Suppose a
time-dependent covariate, such as the repeating laboratory
test of creatinine in a clinical trial, is measured on day 0,
day 90, and day 120, with recorded values of 0.9, 1.5 and
1.2 mg / dL, respectively. To represent these data in a suit-
able format for analysis, the follow-up time can be divided
into three intervals: 0–90, 90–120, and 120–185 days. Each
interval is represented as a separate row of data. The struc-
tured data appear in Table 1. The predictors of TTE in each
interval are observed at the beginning of the interval, pre-
venting the use of future data that would bias the results.
Each row is also referred to as a pseudo-subject [20, 56],
as each row represents a “subject” according to the inter-
val time-to-event (TTE) models. However, the rows do not
correspond to distinct true subjects in reality. Of note, the
number of pseudo-subjects can be substantially larger than
that of the true subjects, depending on the number of post-
baseline observations for each true subject.

Table 1. An example of using the intervals of time approach
to express time-dependent predictor of time-to-event outcome

for a single subject.
Subject Start

(days)
Stop
(days)

Event Creatinine
(mg/dL)

1 0 90 0 0.9
1 90 120 0 1.5
1 120 185 1 1.2

Additionally, ML methods such as survival trees for
LTRC data [20] provide a nonparametric or semiparametric
approach to handling TTE predictive modeling with post-
baseline predictors. The survival tree model effectively seg-
ments pseudo-subjects into homogeneous subgroups accord-
ing to time-invariant and time-dependent covariates. Two
survival tree models were proposed including the LTRC tree
based on conditional inference tree (LTRCIT) and LTRC
tree based on classification and regression tree (LTRCART).
The construction of LTRCIT is based on the logrank test

score specifically adjusted for LTRC data, ensuring unbiased
selection of splitting predictors. At each terminal node of the
tree, the Kaplan-Meier estimate of the survival function is
used to summarize survival times within that subgroup. In
comparison, LTRCART is a likelihood-based method and
uses deviation reduction and proportional hazards assump-
tions to select splits. The survival distribution at each ter-
minal node of the tree is estimated through the baseline
cumulative hazard function by the Nelson-Aalen estimator
and the estimated relative risk of each node. Consequently,
LTRCART is well suited for small datasets. In addition,
practical experience suggests that the computational speed
of modeling fitting and prediction for LTRCART is consid-
erably faster than that of LTRCIT. Hence, in this paper,
we use LTRCART as the ML model to predict TTE with
predictors varying over time.

The LTRCART method is implemented in the R pack-
age LTRCtrees [21].The Key tuning parameters include
the minimum sum of weights required in a terminal node
(minbucket) and the maximum allowable depth of the tree
(maxdepth), both of which influence the complexity and per-
formance of the tree. To optimize these parameters, a five-
fold cross-validation approach was implemented, with the
C-index used as the evaluation metric to determine the lo-
cal optimal settings. This methodology enables the survival
tree to provide accurate and interpretable survival predic-
tions while effectively addressing the challenges posed by the
left-truncated and right-censored data.

3. EVALUATION METRICS FOR TTE
PREDICTION MODELS

In this paper, three metrics for evaluating survival models
were investigated, including the C-index, integrated Brier
score, and time-dependent AUC. They are briefly described
in the following.

3.1 C-Index
The C-index is a widely used metric to assess the per-

formance of survival models. It quantifies the concordance
between the predicted risk and the order of survival times
for all comparable pairs of subjects. The C-index is defined
as:

C =

∑︁
(i,j) [I(Yi > Yj) · I(ri < rj) · δj ]∑︁

(i,j) [I(Yi > Yj) · δj ]
, (3.1)

where Yi and Yj are the follow-up times for subjects i and j,
respectively, ri and rj are the predicted risks, and δj is the
censoring indicator for subject j (with δj = 1 indicating an
event occurred). The numerator counts the number of con-
cordant pairs, where the subject with the shorter survival
time is assigned a higher predictive risk score, while the de-
nominator represents the total number of comparable pairs
(excluding censored data where Yj is not observed).
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The interpretation of the C-index is similar to the ratio
of concordant pairs to comparable pairs. A value of C = 0.5
indicates that the model predictions are no better than ran-
dom guessing, while a value of C = 1 represents perfect
discrimination. Higher C-index values reflect a model’s abil-
ity to accurately predict the order of survival times, making
it a valuable tool for assessing the predictive performance
of survival models. In the simulation study, we used the R
package intsurv to calculate the C-index [53].

3.2 Brier Score and Integrated Brier Score
Brier score is a widely used metric to evaluate the predic-

tive precision of survival models by evaluating the difference
between predicted survival probabilities and observed sur-
vival time and status at a specific time point t. It is defined
as:

BS(t) =
1

n

n∑︂
i=1

{︄
Ŝ2(t | Xi)

Ĝ(Yi)
I(Yi ≤ t, δi = 1) +

(︂
1− Ŝ(t | Xi)

)︂2

Ĝ(t)
I(Yi > t)

}︄
, (3.2)

where Ŝ(t | Xi) is the estimated survival function for sub-
ject i at time t. The term Ĝ(Ti) refers to the Kaplan-Meier
estimator of the survival function based on the censoring
times. Brier score combines both calibration (how well pre-
dicted survival probabilities match observed outcomes) and
discrimination (the ability to separate subjects with differ-
ent risks). A lower Brier score indicates better model per-
formance, as it suggests the predictions are closer to the
observed outcomes.

Brier score measures the predictive performance of a sur-
vival model at a specific survival time. To summarize the
overall performance of a survival model, the integrated Brier
score integrates the Brier score over the observed range of
survival time, from 0 to max(Y ). It is defined as:

IBS =
1

max(Y )

∫︂ max(Y )

0

BS(t)dt. (3.3)

The integrated Brier score provides a single overall mea-
sure of predictive accuracy, making it an intuitive evaluation
metric for survival models. Lower IBS values indicate bet-
ter overall performance of the model throughout the follow-
up period. In the simulation study, we used the R package
survex to calculate the Brier score and the integrated Brier
score [46].

3.3 Time-Dependent ROC and AUC
The time-dependent ROC curve is a tool for evaluating

the discriminatory performance of a continuous predictor,
such as a risk score r, at a specific time t. For a given thresh-
old cutoff c, the sensitivity and specificity at time t can be
defined as follows. The sensitivity at (c, t) is the probability

of correctly identifying subjects who have experienced the
event by time t:

Sensitivity(c, t) = P (r > c | Y ≤ t), (3.4)

where Y is the event time. Similarly, the specificity at (c, t)
is the probability of correctly identifying subjects who have
not experienced the event by time t, given that their predic-
tor is less than or equal to the threshold c:

Specificity(c, t) = P (r ≤ c | Y > t). (3.5)

By varying the cut-off value c, the sensitivity and 1 −
specificity pairs can be plotted to construct the time-
dependent ROC curve at time t. This curve provides a
graphical representation of the predictor’s ability to discrim-
inate between subjects who have experienced the event and
those who have not by a given time point t.

The AUC at time t, denoted as AUC(t), summarizes the
ROC curve into a single numerical value. It represents the
probability that a randomly chosen subject who experiences
the event by time t will have a higher predictor value r than
a subject who have not experienced the event by time t.
Mathematically, AUC(t) can be expressed as:

AUC(t) = P (ri > rj | Yi ≤ t, Yj > t), (3.6)

where ri and rj are the risk scores for subjects i and j, re-
spectively, and Yi and Yj represent their event times [25]. A
higher AUC(t) value indicates better discrimination, with
AUC(t) = 0.5 corresponding to random prediction and
AUC(t) = 1 representing perfect discrimination [1]. In the
simulation study, we used the R package survivalROC to
calculate the time-dependent AUC [28].

4. SIMULATION
4.1 Simulation Settings

We conduct simulation studies to evaluate the perfor-
mance of statistical and ML methods under different model
evaluation metrics. In simulation setting 1, data are gener-
ated under the assumption that the true underlying model
follows a Cox proportional hazards model. The model in-
cludes both baseline covariates, measured at the beginning
of follow-up, and post-baseline covariates that evolve over
time. Specifically, one of the covariates is time-varying, while
the other four covariates are time-invariant. For covariate ef-
fects, the time-varying covariate is assigned a coefficient of
0.8. The four time-invariant covariates are assigned coeffi-
cients of 0.5, -0.5, 0, and 0, respectively. These values rep-
resent varying degrees of association, including positive and
negative effects, as well as no effect for covariates with coeffi-
cients of 0. The baseline hazard function follows an exponen-
tial distribution. The training and testing data sets in each
replication contain 1,000 observations in each dataset, and
100 replications are generated to evaluate the performance



Predictive Performance of Statistical and Machine Learning Survival Models with Time-Dependent Covariates: An Evaluation 5

of model prediction and evaluation metrics. To mimic real-
world survival data, censoring is introduced at a rate of 20%.
The censoring mechanism results in a median time-to-event
or censoring of 7 time units, with a maximum follow-up time
of 100 time units. This simulation setting evaluates the per-
formance of model fitting and evaluation in the scenarios
where both baseline and post-baseline covariates influence
the hazard.

In the second setting, data are generated under a Cox pro-
portional hazards model where only baseline covariates are
assumed to have an effect on the hazard function. The sim-
ulation incorporates two time-invariant covariates and three
time-varying covariates; however, only the time-invariant co-
variates are assigned non-zero effects. Specifically, the coef-
ficients for the two time-invariant covariates are set to (1,
1), indicating a strong and positive association. In contrast,
the coefficients for the time-varying covariates are set to 0,
ensuring that these covariates have no influence on the out-
come. The sample size of each replication for this setting is
1,000, with an average of 7 post-baseline observations per
subject. The censoring rate is slightly higher than in the
first setting, with approximately 22% of the observations
censored. The median time to event or censoring is 16 time
units, and the maximum follow-up time is again set to 100
time units. 100 replications are generated to evaluate the
performance of model prediction and evaluation metrics.

In the third setting, data are generated under a tree-based
survival model where post-baseline time-varying covariates
play an important role in determining the hazard function.
The simulation includes three time-varying covariates and
two time-invariant covariates. However, the primary focus
is on the time-varying covariates, which are designed to ex-
hibit complex non-linear effects over time. Specifically, the
true underlying model is defined as a survival tree with haz-
ard ratios structured as a step function. This step function
is based on 9 distinct regions representing the interaction
between the first two time-varying covariates. The hazard
ratios assigned to these regions are specified as (3, 0.5, 0.1;
0.1; 3, 0.5; 0.5, 0.1, 0.3), indicating heterogeneous hazard
relationships across regions. The inclusion of the remain-
ing time-varying and time-invariant covariates provides ad-
ditional variability in the model fitting, but does not have a
direct impact on the defined step-function hazard structure.
The sample size for this setting remains at 1,000 subjects,
with each one contributing an average of 7 post-baseline ob-
servations. The censoring rate is set at a relatively low level
of 10%. The median time-to-event or censoring is 4 time
units, while the maximum follow-up time is capped at 100
time units. One hundred replications are generated to eval-
uate the performance of model prediction and evaluation
metrics.

In the fourth simulation setting, the true data-generating
mechanism is deliberately designed to deviate from the as-
sumptions of standard survival models, creating a scenario

in which none of the candidate models are correctly speci-
fied. Specifically, the hazard function is defined as:

h(t) = h0(t){4(xi1 + xi3(t) + xi4(t))} (4.1)

where h0(t) represents the baseline hazard function, and xi1,
xi3(t), and xi4(t) correspond to covariates influencing the
hazard. This structure introduces a non-standard form of
covariate effects on the hazard, which includes both time-
invariant (xi1) and time-varying (xi3(t) and xi4(t)) predic-
tors. xi1 is generated from a Bernoulli distribution with
probability equal to 0.5. xi3(t) and xi4(t) are generated from
a uniform distribution on [0, 1]. The inclusion of a single
static covariate alongside multiple dynamic covariates cre-
ates a complex, nonlinear relationship between the covari-
ates and the time-to-event outcome, challenging the validity
of standard survival models like the Cox proportional haz-
ards model. The sample size for this simulation is set to
a moderate level of 300 observations. Each individual con-
tributed an average of six post-baseline observations. The
censoring rate is about 17%. The median time-to-event or
censoring is 17 time units, while the maximum follow-up
time is capped at 100 time units. 100 replications are gen-
erated to evaluate the performance of model prediction and
evaluation metrics.

4.2 Simulation Results
In simulation setting 1, data are generated under the Cox

proportional hazards model with both effective baseline and
post-baseline covariates. The results for this simulation set-
ting are presented in Table 2. We use the C index, the in-
tegrated Brier score, and three time-dependent AUCs, that
is, to predict t = 6 with covariates up to t = 3, to predict t
= 12 with covariates up to t = 6 and to predict t = 18 with
covariates up to t=12, for model evaluation. The true model
(Cox-post-baseline), which correctly specifies the underlying
data generation process, consistently achieves the best per-
formance metrics across all evaluation criteria. The numbers
in the rows of ‘% wrong’ is the numbers of replications that
select the models other than the true model according to
the corresponding model evaluation metrics in each replica-
tion. The comparison highlights the advantage of using the
correct model specification, as reflected in superior values
for the C-index, integrated Brier score, and time-dependent
AUC. Specifically, the Cox post-baseline model outperforms
ML tree-based models and the Cox PH model that incorpo-
rates only baseline covariates (Cox-baseline). This demon-
strates the importance of incorporating both baseline and
post-baseline covariates when they are relevant to the haz-
ard function, as failure to do so leads to suboptimal perfor-
mance.

When comparing the tree model that incorporates
both baseline and post-baseline covariates (LTRCART-post-
baseline) with the SRF that uses only baseline covari-
ates (SRF-baseline), we observe that despite its ability to
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Table 2. Simulation results of setting 1.
Metric Cox-post-baseline Cox-baseline SRF-baseline LTRCART-post-baseline
C-index 0.696 (0.010) 0.681 (0.010) 0.671 (0.011) 0.615 (0.021)
% wrong - 0.05 0 0
IBS 0.112 (0.005) 0.116 (0.004) 0.119 (0.004) 0.132 (0.006)
% wrong - 0.01 0 0
AUC (t=6∥t=3) 0.756 (0.022) 0.701 (0.024) 0.691 (0.025) 0.711 (0.025)
% wrong - 0.01 0 0
AUC (t=12∥t=6) 0.761 (0.017) 0.714 (0.018) 0.700 (0.017) 0.721 (0.019)
% wrong - 0 0 0
AUC (t=18∥t=12) 0.785 (0.015) 0.748 (0.016) 0.734 (0.017) 0.724 (0.021)
% wrong - 0.01 0.02 0

Note: The numbers outside the parentheses represent the means, while those inside the parentheses are the standard deviations. C-index:
concordance index; IBS: integrated Brier score; AUC: area under the receiver operating characteristic curve; Cox-post-baseline: Cox proportional
hazards model with both baseline and post-baseline predictors; Cox-baseline: Cox proportional hazards model with baseline predictors only;
SRF-baseline: survival random forest with baseline predictors only; LTRCART: left-truncated and right-censored tree based on the classification
and regression tree, incorporating both baseline and post-baseline predictors. AUC(t=x ∥ t=y) represents the time-varying AUC used to predict
the presence of an event at time x, given the post-baseline predictors up to time y. % wrong represents the percentage of simulation replications
in which the specific misspecified model achieves the best model evaluation metric among the four fitted models.

Table 3. Simulation results of setting 2.
Metric Cox-post-baseline Cox-baseline SRF-baseline LTRCART-post-baseline
C-index 0.690 (0.011) 0.692 (0.011) 0.690 (0.011) 0.671 (0.014)
% wrong 0.05 - 0.18 0
IBS 0.144 (0.003) 0.144 (0.003) 0.145 (0.003) 0.148 (0.003)
% wrong 0.05 - 0.05 0
AUC (t=6∥t=3) 0.721 (0.022) 0.721 (0.022) 0.713 (0.023) 0.699 (0.023)
% wrong 0.4 - 0.14 0.02
AUC (t=12∥t=6) 0.741 (0.017) 0.742 (0.017) 0.735 (0.018) 0.717 (0.020)
% wrong 0.33 - 0.08 0
AUC (t=18∥t=12) 0.756 (0.014) 0.758 (0.014) 0.754 (0.014) 0.732 (0.018)
% wrong 0.25 - 0.15 0

Note: The numbers outside the parentheses represent the means, while those inside the parentheses are the standard deviations. C-index:
concordance index; IBS: integrated Brier score; AUC: area under the receiver operating characteristic curve; Cox-post-baseline: Cox proportional
hazards model with both baseline and post-baseline predictors; Cox-baseline: Cox proportional hazards model with baseline predictors only;
SRF-baseline: survival random forest with baseline predictors only; LTRCART: left-truncated and right-censored tree based on the classification
and regression tree, incorporating both baseline and post-baseline predictors. AUC(t=x ∥ t=y) represents the time-varying AUC used to predict
the presence of an event at time x, given the post-baseline predictors up to time y. % wrong represents the percentage of simulation replications
in which the specific misspecified model achieves the best model evaluation metric among the four fitted models.

account for post-baseline predictors, the performance of
LTRCART-post-baseline is inferior to that of SRF-baseline,
which does not model the effective post-baseline predictors.
A possible explanation for this is that SRF, due to its ensem-
ble nature, is better equipped to capture the continuous co-
variate effects present in the true data-generating model. In
contrast, LTRCART relies on a single-tree structure, which
represents relationships using step functions. This approach
is inefficient for modeling the continuous effects of predic-
tors, limiting its performance in scenarios where such effects
are significant.

In simulation setting 2, data are generated under a Cox
proportional hazards model with effective baseline covari-
ates only. The results for this setting are presented in Ta-
ble 3. Under this scenario, the Cox model with baseline
covariates (Cox-baseline) and the Cox model incorporat-
ing both baseline and post-baseline covariates (Cox-post-

baseline) yield overall similar values for the C-index, inte-
grated Brier score, and time-dependent AUC. When com-
paring the model in each replication, the C index and the
integrated Brier score can distinguish the true model with
the Cox post-baseline model reasonably well. In compar-
ison, AUC metrics often prefer the over-fitted Cox-post-
baseline model with ineffective predictors. Similarly, the
SRF model using only baseline covariates (SRF-baseline)
demonstrates comparable overall performance, indicating
that post-baseline covariates provide no additional predic-
tive value when the true underlying model involves only
baseline covariates. All evaluation metrics tend to select
the parametric model Cox-baseline over the nonparametric
model SRF-baseline when the parametric assumptions hold.
In contrast, the model evaluation metrics for LTRCART-
post-baseline are inferior to those of the other methods,
likely for the same reasons observed in setting 1. These
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Table 4. Simulation results of setting 3.
Metric Cox-post-baseline Cox-baseline SRF-baseline LTRCART-post-baseline
C-index 0.481 (0.015) 0.500 (0.011) 0.613 (0.017) 0.601 (0.050)
% wrong 0 0.07 0.54 -
IBS 0.172 (0.001) 0.172 (0.001) 0.161 (0.003) 0.161 (0.010)
% wrong 0.11 0.12 0.53 -
AUC (t=6∥t=3) 0.490 (0.023) 0.499 (0.019) 0.711 (0.024) 0.674 (0.087)
% wrong 0.04 0.08 0.63 -
AUC (t=12∥t=6) 0.485 (0.021) 0.498 (0.018) 0.650 (0.022) 0.640 (0.070)
% wrong 0.01 0.05 0.40 -
AUC (t=18∥t=12) 0.478 (0.025) 0.499 (0.020) 0.614 (0.022) 0.624 (0.064)
% wrong 0.02 0.06 0.36 -

Note: The numbers outside the parentheses represent the means, while those inside the parentheses are the standard deviations. C-index:
concordance index; IBS: integrated Brier score; AUC: area under the receiver operating characteristic curve; Cox-post-baseline: Cox proportional
hazards model with both baseline and post-baseline predictors; Cox-baseline: Cox proportional hazards model with baseline predictors only;
SRF-baseline: survival random forest with baseline predictors only; LTRCART: left-truncated and right-censored tree based on the classification
and regression tree, incorporating both baseline and post-baseline predictors. AUC(t=x ∥ t=y) represents the time-varying AUC used to predict
the presence of an event at time x, given the post-baseline predictors up to time y. % wrong represents the percentage of simulation replications
in which the specific misspecified model achieves the best model evaluation metric among the four fitted models.

Table 5. Simulation results of setting 4.
Metric Cox-post-baseline Cox-baseline SRF-baseline LTRCART-post-baseline
C-index 0.599 (0.024) 0.600 (0.023) 0.597 (0.021) 0.584 (0.035)
IBS 0.164 (0.005) 0.163 (0.004) 0.164 (0.004) 0.166 (0.006)
AUC (t=6∥t=3) 0.629 (0.039) 0.621 (0.042) 0.603 (0.041) 0.584 (0.056)
AUC (t=12∥t=6) 0.639 (0.034) 0.633 (0.032) 0.627 (0.037) 0.609 (0.050)
AUC (t=18∥t=12) 0.650 (0.040) 0.646 (0.038) 0.647 (0.038) 0.627 (0.056)

Note: The numbers outside the parentheses represent the means, while those inside the parentheses are the standard deviations. C-index:
concordance index; IBS: integrated Brier score; AUC: area under the receiver operating characteristic curve; Cox-post-baseline: Cox proportional
hazards model with both baseline and post-baseline predictors; Cox-baseline: Cox proportional hazards model with baseline predictors only;
SRF-baseline: survival random forest with baseline predictors only; LTRCART: left-truncated and right-censored tree based on the classification
and regression tree, incorporating both baseline and post-baseline predictors. AUC(t=x ∥ t=y) represents the time-varying AUC used to predict
the presence of an event at time x, given the post-baseline predictors up to time y. % wrong represents the percentage of simulation replications
in which the specific misspecified model achieves the best model evaluation metric among the four fitted models.

evaluation metrics effectively distinguish models that ad-
equately characterize the effects of relevant predictors from
those that do not fit the data. However, they are less sen-
sitive to identifying over-fitted models, such as Cox-post-
baseline.

In simulation setting 3, data are generated based on a sur-
vival tree model where effective post-baseline time-varying
covariates play a critical role in forming the tree structure.
The results for this setting, shown in Table 4, demonstrate
key findings related to model performance when nonlin-
ear relationships and post-baseline predictors are involved.
ML models, particularly survival tree-based methods, out-
perform the Cox proportional hazards model in identifying
complex, nonlinear predictor impacts and interactions. This
highlights the strength of ML approaches when dealing with
intricate relationships that deviate from the linear assump-
tions of the Cox model.

Among the evaluated ML models, the SRF model us-
ing baseline predictors shows slightly better performance,
reflecting its robustness in this setting. However, the LTR-
CART model incorporating post-baseline predictors exhibits

notable challenges. The results indicate that LTRCART re-
quires larger sample sizes to stabilize its performance, as
the metrics for this model display considerable variation. A
larger sample size, such as n = 2000, is necessary to re-
duce variability and enhance the reliability of LTRCART in
capturing the nonlinear effects of post-baseline covariates.
Overall, this setting emphasizes the superiority of ML mod-
els over the Cox model in identifying complex predictor im-
pacts and interactions. It also underscores the importance
of sufficient sample size when applying tree-based models
with post-baseline time-varying covariates to ensure stable
and accurate performance.

In simulation setting 4, no model is correctly specified
to represent the true data-generating mechanism, creating
a scenario where all evaluated models are misspecified. The
results, shown in Table 5, reflect the challenges associated
with model misspecification when the sample size is moder-
ate. Interestingly, despite the non-linearity of the logarith-
mic hazard ratio function, Cox proportional hazards mod-
els perform similarly to the Survival Random Forest (SRF)
model. This indicates that with a moderate sample size, the
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Cox models can still approximate the relationships reason-
ably well, even when the assumptions about linearity and
proportional hazards are violated. The comparable perfor-
mance of the SRF and Cox models suggests that moder-
ate sample sizes may limit the ability to detect nonlinear-
ity effectively. Overall, this setting highlights the robustness
of the Cox model under mild misspecification and demon-
strates that larger sample sizes may be necessary for ML
models such as SRF to fully exploit their ability to capture
complex nonlinear relationships in survival data.

5. DISCUSSION
In this study, we systematically evaluated and compared

the predictive performance of the Cox proportional hazards
(PH) model and ML methods, including tree-based models,
for analyzing time-to-event (TTE) outcomes. We investi-
gated four distinct simulation settings that varied in com-
plexity, incorporating both baseline and post-baseline time-
varying covariates, as well as scenarios where no model was
correctly specified. To comprehensively assess model perfor-
mance, we utilized evaluation metrics such as the concor-
dance index (C index), the integrated Brier score (IBS) and
the time-dependent area under the curve (AUC).

The simulation studies highlight the importance of cor-
rect model specification, the strengths and limitations of
ML approaches, and the role of sample size in model perfor-
mance. In settings where the true model is correctly specified
(e.g., Cox-post-baseline in Setting 1), it consistently out-
performs alternatives, emphasizing the value of including
both baseline and post-baseline covariates when relevant.
ML models, such as SRF, excel in capturing complex non-
linear relationships and interactions, as seen in Setting 3, but
require larger sample sizes to stabilize performance, particu-
larly for tree-based models like LTRCART. When only base-
line covariates are relevant (Setting 2), post-baseline pre-
dictors add no value, and simpler models perform compara-
bly. However, evaluation metrics such as the time-dependent
AUCs can fail to distinguish over-fitted models. In misspec-
ified scenarios (Setting 4), the Cox model demonstrates ro-
bustness, performing similarly to ML models despite violat-
ing assumptions. The Cox model may serve as a valuable
option, offering performance comparable to that of machine
learning (ML) methods in practical applications, particu-
larly when the sample size is moderate and/or the model
assumptions, such as proportional hazards and linear ef-
fects of predictors on the log hazard ratio, are reasonably
satisfied. In general, the studies underscore the utility of
ML methods for complex data structures, the robustness of
traditional models with mild misspecification, and the need
for sufficient sample sizes for reliable performance in ML
approaches.

Several studies in the literature have investigated model
comparison criteria that include penalties for model com-
plexity in the context of time-to-event (TTE) outcomes with

baseline predictors only. Karabey and Tutkun [33] used the
Akaike Information Criterion [AIC; 2] and the Bayesian In-
formation Criterion [BIC; 43] to compare nested survival
models. Habibi et al. [24] employed AIC to compare vari-
ous survival models, including Exponential, Weibull, Gom-
pertz, Log-normal, Log-logistic, and Generalized Gamma
models. Ozaki and Ninomiy [39] utilized AIC to identify
change-points in the Cox proportional hazards model. Sim-
ilarly, Fagbamigb et al. [17] compared parametric and semi-
parametric survival models using both AIC and BIC. How-
ever, these model evaluation methods require the specifica-
tion of a likelihood function and may not be directly appli-
cable to many machine learning models. More research is
needed to develop model evaluation metrics that are more
effective in detecting and addressing over-fitting in machine
learning contexts and with post-baseline predictors.

For ML methods with post-baseline predictors, we only
considered the tree model LTRCART and did not include
ensemble methods. In the literature, Yao et al. [56] pro-
posed ensemble approaches to estimate survival functions
with time-varying covariates, based on conditional infer-
ence [51] and relative risk forests [30]. These methods are
implemented in the R package LTRCforests [57]. However,
as noted in this study, the number of pseudo-subjects can
be substantially larger than the number of true subjects,
leading to computational challenges. The computational de-
mands of LTRCforests are significantly higher than those of
SRF and LTRCART, exceeding our computational capacity
for simulation studies. Furthermore, the large sample size re-
quirement observed for LTRCART in simulation studies is
likely applicable to LTRCforests as well. Further research in
this direction is warranted to better understand the perfor-
mance of ensemble tree methods for time-to-event outcomes
with post-baseline predictors.

It is important to emphasize that our comparison was not
intended to serve as an exhaustive benchmark of all ma-
chine learning approaches for survival prediction. Rather,
we deliberately focused on methods that are most appro-
priate for clinical trial settings characterized by moderate
sample sizes and post-baseline time-varying covariates. We
did not include gradient boosting or deep learning–based
survival models for three interrelated reasons. First, sample
size considerations play a critical role. Deep learning mod-
els generally require substantially larger datasets to achieve
stable optimization and outperform classical approaches. As
demonstrated by Billichová et al. [5], DeepSurv required
a sample size of approximately 6,000 to match the per-
formance of the Cox model. Likewise, Silvey and Liu [44]
showed that gradient boosting methods required consider-
ably larger sample sizes than random forests to achieve sta-
ble AUC estimates in clinical tabular data. These require-
ments can exceed the typical sample sizes available in Phase
II and III clinical trials. Second, hyperparameter robust-
ness was a key consideration. Survival random forests were
selected because random forest–based methods have been
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shown to exhibit low hyperparameter sensitivity, with de-
fault parameter settings often yielding near-optimal perfor-
mance [42]. In contrast, gradient boosting methods rely on
extensive tuning of multiple interdependent hyperparame-
ters, including learning rate, tree depth, number of boosting
iterations, and regularization parameters, to achieve optimal
performance [42, 6]. In simulation studies, this sensitivity
can introduce variability that reflects the efficiency of the
tuning strategy rather than the intrinsic predictive capa-
bility of the method itself. Third, overfitting concerns are
particularly relevant in smaller or noisy datasets. Boosting
algorithms such as AdaBoost are known to overemphasize
misclassified observations, which may include mislabeled
or noisy data points, leading to excessive fitting of noise
rather than underlying signal [16, 19]. Although regulariza-
tion and early stopping can mitigate these effects, their suc-
cessful application further depends on careful hyperparam-
eter tuning, compounding the robustness issues discussed
above [10, 52, 4]. For these reasons, we restricted our com-
parison to the Cox model, tree-based method for LTRC data
and survival random forest, which are computationally fea-
sible, robust to moderate sample sizes, and well suited for
time-varying covariates. Future work leveraging large-scale
real-world evidence databases may enable more comprehen-
sive comparisons that include gradient boosting and deep
learning methods under conditions where their advantages
can be more fully realized.

Handling missing data is critical in data analysis and
modeling, particularly in contexts like survival analysis with
longitudinal post-baseline predictors. In the current paper,
we only consider statistical and ML methods for datasets
without missingness. Specifically, only pseudo-subjects with
complete observations of baseline and post-baseline covari-
ates consider are kept in the model. This approach al-
lows us to focus on the modeling fitting and evaluation of
TTE models. However, in practice, such an approach could
lead to a significant reduction in sample size and poten-
tial bias when the missing mechanism is not trivial, for
example, it is not random [37]. Methods for fitting Cox
model with missing data have been proposed in the liter-
ature [12, 54]. SRF introduces a novel adaptive tree impu-
tation algorithm to manage missing covariates and outcomes
during the tree growth and prediction phases [31]. Eval-
uating TTE models with missing data will be considered
in future studies. The R code supporting the computation
in this paper is available at https://github.com/zhaohualu/
SurvivalPredictiveModelEvaluation.
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