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ABSTRACT Survival analysis on biomedical data has seen quick methodological growth, but practitioners
face limited guidance on which family of methods to prefer when censoring rates are high or the ratio of
predictors to events is unsuitable. This paper presents a systematic benchmark of six survival models—the
classical Cox model, lasso-penalized Cox, the Bayesian elastic net Cox model (BEN-Cox), random survival
forests, DeepSurv, and Cox-Time—across three publicly available datasets (METABRIC, SUPPORT, and
TCGA-BRCA) under controlled censoring regimes. The experimental grid scans events-per-variable (EPV)
ratios from 0.6 to 7.6 and censoring rates from 33% to 86%. Performance is evaluated using Harrell’s
concordance index, time-dependent concordance, the integrated Brier score, and the calibration slope, with
statistical comparisons carried out by paired Wilcoxon signed-rank tests with Holm correction. Three main
findings are obtained. First, BEN-Cox, lasso-Cox, and random survival forests form a narrow top tier in
discrimination, with pooled C-index values within 0.003 of each other, while DeepSurv and Cox-Time do
not reach this tier in any configuration. Second, calibration separates models that discrimination does not:
BEN-Cox achieves the lowest integrated Brier score in all six configurations, while lasso-Cox produces
calibration slopes closest to one on the high-dimensional datasets; deep models and the unpenalized Cox
model are systematically overconfident. Third, increasing censoring widens the gap between the regularized
top tier and the deep architectures without changing which model family is preferred. An empirical partition
of the (c,EPV) plane summarizes these observations. Because the entire grid falls below the classical EPV
threshold of ten, the partition documents the low-EPV regime in which regularized models dominate but
does not identify the boundary at which deep models may become competitive.

INDEX TERMS Bayesian elastic net, censoring, Cox proportional hazards model, deep learning, events per
variable, survival analysis.

I. INTRODUCTION
Survival analysis remains one of the main statistical tools
for modeling time-to-event outcomes in biomedical research,
where censoring is intrinsic to the data structure and absolute
risk estimation is often as important as discrimination. Since
the seminal work of Cox [1], the proportional hazards model
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has occupied a central place in this literature because it
combines a semiparametric formulation with relatively clear
interpretation and practical estimation through the partial
likelihood. In many applied areas, including oncology and
biomarker-driven clinical studies, it continues to serve as the
main reference model against which newer approaches are
evaluated.

However, the methodological landscape of survival mod-
eling has expanded substantially over the last two decades.

83652

 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.

For more information, see https://creativecommons.org/licenses/by/4.0/ VOLUME 14, 2026

https://orcid.org/0000-0002-9871-4700
https://orcid.org/0000-0002-9899-0609


E. Yılmaz: Regularized Cox Models Versus Deep Survival Networks in Low EPV Regimes

As biomedical datasets became larger, more heterogeneous,
and often higher dimensional, penalized Cox extensions such
as the lasso and elastic net became standard tools for handling
settings in which the number of candidate predictors is not
negligible relative to the amount of event information [2],
[3]. In parallel, Bayesian regularized Cox formulations were
developed to place shrinkage directly in a probabilistic frame-
work, thereby allowing posterior uncertainty quantification
together with regularized estimation [4], [5]. More recently,
Bayesian elastic-net type Cox formulations have also been
revisited in benchmark-oriented biomedical settings, where
they have shown competitive predictive performance and
promising calibration behavior in difficult regimes [6]. At the
same time, machine learning and deep learning approaches,
including random survival forests, DeepSurv, Cox-Time, and
related neural survival models, have been proposed to capture
nonlinear effects, interactions, and possible departures from
proportional hazards [7], [8], [9], [10]. Taken together, these
developments have created a rich but practically difficult
model space for applied researchers.

Despite this methodological progress, one practical ques-
tion remains insufficiently clarified: under which data
conditions should one prefer a classical or regularized
Cox model over a more flexible machine-learning or
deep-learning alternative? Existing benchmark studies have
improved the empirical picture [11], [12], [13], but many of
them summarize performance across datasets and methods in
a way that does not isolate the specific roles of censoring and
effective event information which can be interpreted as an
important omission. In biomedical survival data, censoring
may be substantial, and the number of observed events
may be small relative to the predictor dimension. Under
such conditions, model flexibility alone is not necessarily
an advantage, because the effective amount of information
available for fitting and evaluation becomes limited.

This issue is closely related to the classical events-per-
variable (EPV) discussion. Earlier work showed that low
EPV may lead to instability, bias, and weak precision in Cox
regression, while later studies made clear that the well-known
EPV heuristics should not be interpreted as universal
fixed thresholds [14], [15], [16]. Even so, the interaction
between EPV and censoring has not been systematically
mapped for modern survival model families, especially
when Bayesian shrinkage methods and deep survival models
are compared within the same benchmark. The literature
also suggests that calibration should not be treated as
secondary in this setting. A model may rank individuals
reasonably well while still producing risk estimates that are
not sufficiently reliable for practical use. For this reason,
a comparison that considers discrimination and calibration
together is more informative than one based only on ranking
performance.

The present study is motivated by this gap. We consider
a benchmark framework that compares six representative
survival models drawn from the main methodological
families currently used in practice: the classical Cox

proportional hazards model, lasso-penalized Cox regression,
a Bayesian elastic net Cox model (BEN-Cox) [6], random
survival forests, DeepSurv, and Cox-Time. The comparison
is conducted on three publicly available biomedical datasets,
namely METABRIC, SUPPORT, and TCGA-BRCA, chosen
to reflect different sample sizes, predictor structures, and
baseline censoring levels [17], [18], [19]. Rather than
comparing methods only at their native censoring levels,
we evaluate them under controlled censoring regimes so that
the effect of increasing information loss can be examined
more directly. We then assess performance using both
discrimination-oriented and calibration-sensitive measures,
with particular attention to how model ranking changes as a
function of censoring and events per variable.

The contribution of this paper is primarily empirical
and comparative. First, it provides a focused benchmark in
which Bayesian regularized Cox models and deep survival
models are examined within the same evaluation framework,
which is still less common than comparisons confined
either to penalized Cox variants or to machine-learning
methods alone. Second, it studies censoring and events per
variable jointly, rather than treating them as background
characteristics. The experimental grid spans EPV values from
approximately 0.6 to 7.6 and censoring rates from 33% to
86%, a range that falls entirely below the classical EPV =

10 guideline and is representative ofmany applied biomedical
survival settings, particularly in oncology and molecular
cohorts. Third, it summarizes the observed model behavior
over the (c,EPV) space in a descriptive and interpretable
way, documenting that regularized models—both Bayesian
and frequentist—form a competitive top tier throughout
the low-EPV regime covered here, while deep survival
architectures do not reach that tier in any configuration of
the present grid. We emphasize that this summary should
be viewed as an empirical characterization of the regimes
observed in the present benchmark, not as a universal
conclusion about deep survival models, whose advantage
may materialize at higher EPV values not covered by the
present experimental design. In this sense, the paper offers
an empirical complement to the classical EPV discussion by
making censoring an explicit part of the comparison.

The remainder of the paper is organized as follows.
Section II briefly reviews the methodological streams most
relevant to the benchmark and clarifies the specific gap
addressed here. Section III introduces the survival setting
and the models under comparison. Section IV describes
the datasets, censoring protocol, preprocessing, and eval-
uation strategy. Section V reports the empirical findings.
Section VI describes the empirical partition of the (c,EPV)
plane. Section VII discusses the interpretation, limitations,
and implications for practical model choice. Section VIII
concludes the paper.

II. RELATED WORK
The literature most relevant to the present study can be
grouped into four closely connected streams: penalized Cox
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regression, Bayesian regularized Cox modeling, machine-
learning and deep-learning survival methods, and recent
benchmark studies.

Penalized Cox regression remains the most established
extension of the classical proportional hazards model in high-
dimensional settings. The lasso formulation of Tibshirani [2]
introduced sparsity into Cox regression, and later elastic-net
implementations made regularized Cox fitting computation-
ally practical at scale [3]. These methods remain strong
baselines because they preserve the Cox structure while
stabilizing estimation when the amount of event information
is limited. In applied work, they are often preferred for
their combination of interpretability, mature software, and
relatively stable optimization.

A second strand concerns Bayesian regularized Cox mod-
els. In this line of work, shrinkage is imposed through prior
distributions rather than only through penalized optimization,
which allows regularization and uncertainty quantification
to be handled within the same inferential framework.
This literature includes Bayesian variable-selection and
Bayesian elastic-net type constructions for semiparametric
proportional hazards models [4], [5]. From the perspective
of the present paper, this direction is important because it
provides a principled alternative to purely optimization-based
regularization, especially in regimes where event information
is limited and calibration may be sensitive to overfitting.
It is also directly relevant here because BEN-Cox-type
formulations have recently been considered in biomedical
benchmark settings and have shown that Bayesian shrinkage
may remain competitive even when more flexible survival
learners are included in the comparison [6]. At the same time,
Bayesian Cox variants are still represented less often in broad
empirical benchmarks, partly because of their computational
cost and their less standardized software ecosystem.

The third strand is the machine-learning and deep-learning
survival literature. Random survival forests provided an early
nonparametric alternative to Cox-type models by relaxing
linearity and proportional-hazards structure while naturally
accommodating interactions and nonlinear effects [7]. Later,
neural survival models expanded in two main directions.
The first direction retains the Cox partial likelihood while
replacing the linear predictor with a nonlinear risk function,
as in DeepSurv [8]. The second direction moves further away
from the proportional hazards structure, either by allowing
time-dependent effects, as in Cox-Time [9], or by modeling
the event-time distributionmore directly in discrete time, as in
DeepHit [10]. These methods have shown promising results,
especially in larger and structurally richer datasets, but their
practical advantage is not uniform across data regimes.

Recent reviews and benchmark studies help clarify this
point. Herrmann et al. [11] showed in a large-scale multi-
omics benchmark that more complex methods do not auto-
matically dominate Cox-based baselines. The conclusions
also depend on which metric is emphasized and on the
structure of the underlying dataset. More recent review work
has similarly noted that deep survival learning is expanding

rapidly, but that reproducibility, task coverage, and careful
regime-specific comparison remain open issues [12]. These
observations are important for the present study because they
suggest that the practical value of a method cannot be judged
only by its flexibility or novelty.

Against this background, the specific gap addressed here
is narrower and more targeted than a general ‘‘which method
is best’’ benchmark. Our interest is in how the relative
performance of Bayesian regularized Cox models and deep
survival models changes when censoring and effective event
information are considered jointly. Existing benchmarks
contain important pieces of this picture, but they do not
usually isolate censoring through controlled regimes while
simultaneously interpreting model behavior through the EPV
perspective. The present study is designed to address that
narrower question, while keeping both discrimination and
calibration visible in the comparison.

III. METHODS
This section formalizes the survival setup used throughout
the benchmark, describes the six models under comparison,
defines the effective covariate dimension and the role of
the proportional hazards assumption, and lists the evaluation
metrics.

A. SURVIVAL SETUP AND NOTATION
Let (Ti,Ci, xi) denote independent observations for subjects
i = 1, . . . , n, where Ti ∈ R+ is the true event time, Ci ∈ R+

is the right-censoring time, and xi ∈ Rp is a vector of baseline
covariates. We observe

T̃i = min(Ti,Ci), δi = 1{Ti ≤ Ci},

that is, theminimumof the event and censoring times together
with the event indicator. The survival and hazard functions
conditional on covariates are

S(t | x) = Pr(T > t | x), h(t | x) = −
d
dt

log S(t | x).

Throughout the paper we assume non-informative right-
censoring, Ti ⊥ Ci | xi. This assumption is preserved by
construction under the censoring augmentation protocol of
Section IV-C, since the auxiliary censoring times are drawn
independently of Ti and xi.
The Cox proportional hazards model [1] specifies

h(t | x) = h0(t) exp(β⊤x), (1)

where h0(t) is an unspecified baseline hazard and β ∈ Rp is
a vector of log hazard ratios. Estimation of β is based on the
partial likelihood

L(β) =

∏
i: δi=1

exp(β⊤xi)∑
j∈R(T̃i) exp(β

⊤xj)
, (2)

whereR(t) = {j : T̃j ≥ t} is the risk set at time t . All models
considered in this paper either maximize, or approximate,
a penalized or regularized version of (2), or replace the linear
predictor β⊤x with a nonlinear function f (x).
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B. MODELS COMPARED
Six models are included in the benchmark. The selection
is intended to span the methodological families currently in
active use through mature software, rather than to enumerate
every published variant. For each model we record whether
it retains the proportional hazards structure, since this
distinction interacts with the interpretation of the results
reported in Section V and with the proportional hazards
diagnostics described below.

1) COX PROPORTIONAL HAZARDS MODEL
The unpenalized model (1) serves as the reference baseline.
When p/n is non-trivial or the number of observed events
is small, this estimator is known to suffer from instability
and inflated coefficient magnitudes, and its behavior in
such regimes is itself informative for the comparison. The
proportional hazards structure is retained.

2) LASSO-PENALIZED COX MODEL
The lasso-Cox model [2] estimates β by maximizing the
penalized log partial likelihood

ℓ(β) − λ

p∑
j=1

|βj|, (3)

where ℓ(β) = logL(β) and λ ≥ 0 is a tuning
parameter selected by inner cross-validation. We use the
coordinate descent implementation of [3] available in the
glmnet package. The proportional hazards structure is
retained.

3) BAYESIAN ELASTIC NET COX MODEL (BEN-COX)
BEN-Cox places a hierarchical global-local shrinkage prior
on β, constructed so that the marginal prior density corre-
sponds to the elastic net penalty in the sense of [20]. Let
λ1, λ2 > 0 denote the global shrinkage hyperparameters, and
let zj > 0, j = 1, . . . , p, be latent scale variables. The prior is
specified hierarchically as

βj | zj, λ2 ∼ N
(
0, (1/zj + λ2)−1

)
, zj ∼ Exp(λ21/2),

with half-Cauchy hyperpriors on λ1 and λ2. In this param-
eterization, λ2 controls the quadratic shrinkage component
shared across coefficients, while the latent scale zj induces
coefficient-specific adaptive shrinkage in the spirit of the
Bayesian lasso. The posterior of β given the observed
data is obtained by combining this prior with the partial
likelihood (2), and inference is performed using Hamiltonian
Monte Carlo. The construction is designed to retain the
grouping behavior associated with the frequentist elastic net
at the posterior mode, while also yielding full posterior
distributions for hazard ratios and patient-level survival
curves. The proportional hazards structure is retained.
A complete description of the model and its computational
implementation is given in [6].

4) RANDOM SURVIVAL FORESTS (RSF)
Random survival forests [7] extend the random forest
paradigm to censored outcomes by using a log-rank splitting
rule and estimating the cumulative hazard within terminal
nodes via the Nelson-Aalen estimator. The method is fully
nonparametric and makes no proportional hazards assump-
tion, and it naturally captures nonlinear and interaction effects
at the cost of less direct interpretability of individual covariate
contributions. Tuning parameters include the number of trees,
the number of variables sampled per split (mtry), and the
minimum terminal node size.

5) DeepSurv
DeepSurv [8] replaces the linear predictor in (1) with a
feedforward neural network fθ(x), yielding the hazard model

h(t | x) = h0(t) exp
(
fθ(x)

)
.

The network parameters θ are estimated by minimizing the
negative log partial likelihood with standard regularization
techniques, including dropout and weight decay. Since the
time dependence remains confined to the baseline hazard, the
proportional hazards structure is retained.

6) COX-TIME
Cox-Time [9] generalizes DeepSurv by letting the relative
risk depend on both covariates and time through a network
gθ(t, x), so that

h(t | x) = h0(t) exp
(
gθ(t, x)

)
.

This relaxation allows non-proportional hazards and has
been reported to improve predictive performance when the
proportionality assumption is substantively violated, at the
cost of additional computational effort and less interpretable
individual effect estimates. Of the six models, Cox-Time is
the only one that does not assume proportional hazards.

C. EFFECTIVE DIMENSION AND THE PROPORTIONAL
HAZARDS ASSUMPTION
Two structural quantities recur in the interpretation of the
results and deserve to be defined explicitly at the methods
stage, since both bear directly on how the events-per-variable
ratio of Section IV-E should be read.

1) EFFECTIVE COVARIATE DIMENSION
Although the raw predictor count p is fixed once pre-
processing has been carried out (see Section IV-B), the
effective covariate dimension actually used by each model
can be substantially smaller, in particular after regularization.
We denote this quantity by peff and define it on a model-
specific basis. For lasso-Cox we take peff to be the number
of nonzero coefficients at the cross-validated penalty λ,
which corresponds to the standard lasso degrees-of-freedom
estimate [21]. For BEN-Cox we use the posterior mean of the
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implied number of unshrunk coefficients,

peff = E

 p∑
j=1

(
1 − κj

) ∣∣∣ data
 ,

where κj ∈ (0, 1) denotes the posterior shrinkage factor
for coefficient j, with values close to one corresponding
to strong shrinkage toward zero and values close to zero
indicating that the coefficient is left essentially unshrunk.
This construction follows the Bayesian analog of model size
used in related shrinkage formulations [22] and provides
a comparable counterpart to the lasso degrees-of-freedom
estimate. For the unpenalized Cox model, RSF, DeepSurv,
and Cox-Time, an effective dimension is less straightforward
to define, since none of these models applies an explicit
shrinkage operator on the covariate representation in the
same sense as the penalized Cox variants. For these models
we therefore set peff = p as a conservative proxy rather
than a formal degrees-of-freedom estimate, which has the
consequence that any EPV-based comparison should be read
as nominally favorable to shrinkage models; this asymmetry
is acknowledged again as a limitation in Section VII.
The events-per-variable ratio reported throughout the paper,
defined formally in Section IV-E as Equation (5), is computed
using peff rather than the raw p.

2) PROPORTIONAL HAZARDS
Five of the six models assume proportional hazards; only
Cox-Time relaxes this assumption. To document the extent to
which the assumption is consistent with the data, the score test
of Grambsch and Therneau [23] is applied to the unpenalized
Cox model fitted on each training fold of each dataset-
regime combination, and the global p-values are summarized
alongside the predictive results in Section V. The tests are not
used to gate the inclusion of any model, since the benchmark
is descriptive in character. Their role is to indicate whether
the relative performance of Cox-Time in a given regime can
plausibly be related to departures from proportional hazards
rather than to model flexibility alone, and to provide context
for the interpretation of the empirical partition described in
Section VI.

D. EVALUATION METRICS
Predictive performance is assessed along two complementary
dimensions, discrimination and calibration, using four met-
rics that are standard in the survival literature. Consistent with
the position taken in Section I, the two dimensions are treated
as equally important: ranking quality and absolute risk quality
jointly determine the practical value of a survival model,
and a comparison restricted to either dimension alone would
obscure precisely the trade-offs that the present benchmark is
designed to expose.

1) HARRELL’S CONCORDANCE INDEX
The concordance index [24] estimates the probability that,
for a randomly chosen pair of comparable subjects, the

subject with the higher predicted risk experiences the
event first. Values range from 0.5 (no discrimination) to
1 (perfect discrimination) and are insensitive to monotone
transformations of the risk score.

2) TIME-DEPENDENT CONCORDANCE
As a complement to Harrell’s statistic, we report the inverse-
probability-of-censoring-weighted concordance measure
of [25], which mitigates the dependence of Harrell’s index
on the censoring distribution. This adjustment is particularly
relevant in the high-censoring regimes studied here.

3) INTEGRATED BRIER SCORE
The Brier score at time t is the expected squared error
between the predicted survival probability Ŝ(t | x) and the
true event status, and can be estimated consistently in the
presence of censoring using inverse-probability-of-censoring
weights [26]. Integrating over a clinically meaningful time
horizon yields the integrated Brier score (IBS), a proper
scoring rule that rewards both discrimination and calibration.
Lower values indicate better performance.

4) CALIBRATION SLOPE
To assess calibration directly, we regress the observed event
indicator on the log cumulative hazard implied by each model
at a pre-specified evaluation horizon defined consistently
within each dataset-regime combination, and report the
resulting slope. The horizon is fixed in advance and shared
across models so that the calibration comparison within a
given regime is not affected by model-specific choices of
evaluation time. A slope of one indicates perfect calibration;
slopes below one indicate overconfident risk predictions,
a common failure mode in small-event regimes.

5) STATISTICAL COMPARISON
Differences between models are assessed using paired
Wilcoxon signed-rank tests across cross-validation folds,
with Holm correction for multiple comparisons. In addition to
p-values, we report median differences and rank-based effect
sizes to facilitate substantive interpretation, in line with the
recommendations of recent benchmark studies in the survival
literature [11].

IV. EXPERIMENTAL DESIGN
This section describes the datasets, preprocessing steps,
censoring augmentation protocol, cross-validation scheme,
hyperparameter tuning strategy, and computational environ-
ment used in the benchmark. The design choices are intended
to ensure that the six models of Section III-B are compared
under fair and consistent conditions, so that the empirical
contrasts reported in Section V reflect differences in model
behavior rather than asymmetries in tuning or preprocessing.

A. DATASETS
Three publicly available biomedical datasets are used,
selected to span a range of sample sizes, covariate
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dimensionalities, and baseline censoring proportions.
Together, they provide a useful range of settings for the joint
(c,EPV) analysis from large clinical cohorts with moderate
censoring to smaller high-dimensional cohorts with very high
censoring.

1) METABRIC
The Molecular Taxonomy of Breast Cancer International
Consortium cohort [17] contains n = 1,903 patients with
breast cancer, for whom clinical variables and gene expres-
sion measurements are available. After an unsupervised
low-variance filter, p = 440 gene expression features are
retained. The primary endpoint is overall survival, with
baseline censoring of approximately 58%.

2) SUPPORT
The Study to Understand Prognoses and Preferences for
Outcomes and Risks of Treatments [18] is used here in
its publicly distributed subset of n = 1,000 seriously
ill hospitalized adults, as commonly adopted in recent
survival benchmarks [8], [9]. This subset is used to maintain
consistency with prior methodological comparisons and to
keep the analysis within the low-EPV regime that is the focus
of the present study.

3) TCGA-BRCA
The Breast Invasive Carcinoma cohort of The Cancer
Genome Atlas [19] contributes n = 1,071 patients
with clinical annotations. The present benchmark uses
the clinical covariate block (p = 27 raw features,
expanded to p = 91 after one-hot encoding of categorical
covariates); molecular features are not included. The baseline
censoring proportion is approximately 86%, representative of
early-stage oncology cohorts in which follow-up is limited
relative to the typical time to event.

Taken together with the censoring augmentation protocol
described in Section IV-C, the three datasets contribute six
distinct (dataset, regime) combinations to the experimental
grid, which is the set of combinations over which Sections V
and VI report results.

B. PREPROCESSING
Continuous covariates are standardized to zero mean and unit
variance using statistics computed on the training folds only.
Categorical covariates are one-hot encoded. Missing values
in continuous variables are imputed with the training-fold
median and in categorical variables with the training-fold
mode; this simple strategy is used consistently across all mod-
els in order to isolate model-level effects from imputation-
level effects. For TCGA-BRCA, the present benchmark
uses the clinical covariate block only; no molecular feature
block is included, and no supervised or unsupervised
dimensionality-reduction step is applied beyond the encoding
of categorical covariates. For METABRIC, an unsupervised
low-variance filter is applied to the gene expression block

before modeling, retaining the 440 most variable genes.
This unsupervised reduction is applied only to make the
molecular feature space computationally comparable to the
rest of the benchmark setting and does not use outcome
information; the other two datasets are left at their native
dimensionalities. No further supervised feature selection is
performed outside each model’s own regularization, so that
the effective dimension peff introduced in Section III-C
reflects only what each model itself shrinks away rather than
an externally imposed preselection.

C. CENSORING AUGMENTATION PROTOCOL
To study performance under controlled censoring regimes,
we augment each dataset with additional independent non-
informative right-censoring. Recall from Section III-A that
the observed data are (T̃i, δi, xi), with T̃i = min(Ti,Ci)
and δi = 1{Ti ≤ Ci}. For each target censoring rate
c ∈ {0.30, 0.50, 0.70}, we draw auxiliary censoring times
C⋆
i ∼ Uniform(0, τc) independently of Ti and xi, and define

the augmented observations

T̃ (c)
i = min(T̃i,C⋆

i ), δ
(c)
i = δi · 1{T̃i ≤ C⋆

i }. (4)

The threshold τc is chosen by bisection so that the empirical
censoring rate of {δ

(c)
i }

n
i=1 matches the target c up to a

tolerance of 0.01. This construction augments censoring
without modifying any observed event time, and follows
the general framework of [27] for simulation studies with
predefined censoring rates.

Two properties of the protocol deserve emphasis. First,
the procedure can only increase the censoring proportion
relative to the baseline. Consequently, for TCGA-BRCA,
whose baseline censoring of approximately 0.86 exceeds all
three target rates, only the baseline regime is considered.
For METABRIC, whose baseline censoring of approximately
0.58 exceeds the 0.30 and 0.50 targets, only the baseline
and c = 0.70 regimes are evaluated. For SUPPORT, whose
baseline censoring of approximately 0.33 is below 0.50, the
baseline, c = 0.50, and c = 0.70 regimes are evaluated. The
c = 0.30 target is never binding across the three datasets. This
asymmetry restricts the number of (c,EPV) combinations
available for the partition analysis of Section VI and is
acknowledged again as a limitation in Section VII. Second,
non-informative censoring is preserved by construction since
C⋆
i is independent of both Ti and xi. The conclusions drawn

from the augmented data should therefore be read as applying
to the non-informative censoring case, and any extension
to informative censoring would require either a different
augmentation mechanism or datasets in which informative
censoring is explicitly documented.

D. CROSS-VALIDATION AND TUNING
Predictive performance is estimated using 5 × 2 repeated
cross-validation, that is, five independent repetitions of
two-fold cross-validation with different random seeds. This
scheme provides ten train-test pairs per model-dataset-regime
combination while reducing the risk of the optimistic bias

VOLUME 14, 2026 83657



E. Yılmaz: Regularized Cox Models Versus Deep Survival Networks in Low EPV Regimes

that can arise with conventional k-fold cross-validation in
small-event settings [11]. Within each training fold, hyper-
parameters are selected by inner five-fold cross-validation on
the training portion only, so that no information from the outer
test fold leaks into model selection.

The tuning procedures are kept deliberately modest and
approximatelymatched in computational budget acrossmeth-
ods, so that no single family is favored by a substantiallymore
aggressive search. For lasso-Cox, the penalty parameter λ is
searched over a log-spaced grid, with the final value selected
by inner-fold partial-likelihood deviance. For BEN-Cox, the
global shrinkage hyperparameters λ1 and λ2 introduced in
Section III-B are equippedwith their half-Cauchy hyperpriors
and are sampled jointly with β rather than tuned by grid
search; posterior inference uses two Hamiltonian Monte
Carlo chains of 2,000 iterations each, discarding the first half
as warm-up, with convergence assessed by the potential scale
reduction factor R̂ and effective sample size diagnostics. For
random survival forests, mtry and the minimum terminal
node size are searched over small grids with the number of
trees fixed at 500. For DeepSurv and Cox-Time, a random
search of fixed size is performed over the learning rate,
dropout rate, hidden layer width, and number of hidden
layers, using early stopping on the inner validation fold
to limit overfitting. The size of the random search is kept
comparable, in wall-clock terms, to the inner cross-validation
cost of lasso-Cox so that the deep models do not benefit from
a substantially larger effective tuning budget.

This budget-matched design is a deliberate choice. It may
understate the performance of the deep survival models,
which are known to benefit from more extensive architecture
search, but it arguably better reflects the conditions under
which applied researchers typically operate, and it protects
against the optimistic bias that arises when one family
of models is tuned more aggressively than another. The
implications of this choice are revisited in Section VII as a
threat to validity.

E. EFFECTIVE DIMENSION AND EVENTS-PER-VARIABLE
RATIO
For each dataset-regime combination and each model,
we report the events-per-variable ratio

EPV =

∑n
i=1 δ

(c)
i

peff
, (5)

where δ
(c)
i is the augmented event indicator defined in

Equation (4) and peff is the effective covariate dimension
introduced in Section III-C. As discussed there, peff is
computed as the number of nonzero coefficients at the
cross-validated penalty for lasso-Cox, as the posterior
expected number of unshrunk coefficients for BEN-Cox,
and as the raw post-preprocessing predictor count p for the
unpenalized Cox model, RSF, DeepSurv, and Cox-Time.
Equation (5) therefore yields a model-specific EPV that is
strictly equal to or larger than the raw events-to-p ratio for

the regularized Cox variants, and equal to it for the remaining
four models.

To make this asymmetry transparent, both the model-
specific EPV based on peff and the raw events-to-p ratio
are reported alongside the discrimination and calibration
results in Section V. The empirical partition described in
Section VI is constructed using the raw events-to-p ratio, and
the implications of this choice are discussed in Section VII-D.

F. REPRODUCIBILITY AND COMPUTATIONAL
ENVIRONMENT
All experiments are conducted with fixed random seeds at
each level of the cross-validation hierarchy to support close
computational reproducibility. Classical and penalized Cox
models are fit using glmnet; random survival forests are
fit using randomForestSRC; DeepSurv and Cox-Time
are fit using pycox; the Grambsch-Therneau score test of
Section III-C is computed using survival::cox.zph;
and BEN-Cox is fit using a Stan implementation developed
by the author. All computations are performed on a single
workstation with standard specifications. Complete source
code, package versions, and seeds are made available in
a public repository accompanying this paper to facilitate
independent replication.

V. RESULTS
This section reports the empirical performance of the six
models described in Section III-B across the datasets and cen-
soring regimes defined in Section IV. Results are organized
in four parts: overall performance aggregated across datasets,
the effect of the censoring rate c on discrimination and
calibration, the interaction between the events-per-variable
ratio (Eq. 5) and model ranking, and computational cost.
Unless otherwise stated, reported values are medians over
the 5 × 2 cross-validation folds, with interquartile ranges in
parentheses.

A. OVERALL PERFORMANCE
Table 1 reports the four evaluation metrics of Section III-D
pooled across the six dataset–regime combinations of the
experimental grid. Three performance groups are visible.

In discrimination, BEN-Cox, lasso-Cox, and random
survival forests form a narrow top tier, with pooled Harrell’s
C-index between 0.723 and 0.726 and pooled Uno’s C-
statistic between 0.722 and 0.724. The three models are not
separated at the pooled level: their medians lie within a range
smaller than the typical cross-fold interquartile range of any
single combination. The unpenalized Cox model and the
two deep survival architectures sit roughly 0.02 below this
top tier on both concordance measures. The gap is largest
on datasets in which the predictor dimension is comparable
to the number of events: on METABRIC (p = 440) the
unpenalized Cox model drops to C ≈ 0.56, consistent with
the known instability of the partial likelihood estimator in that
regime.
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In integrated Brier score, BEN-Cox is first at the pooled
level, with an IBS of 0.146 against 0.150 for lasso-Cox
and 0.153 for RSF. The separation between the regularized
linear models and the deep architectures is larger here
than for discrimination: DeepSurv, Cox-Time, and the
unpenalized Cox model cluster around 0.165–0.169, and the
unpenalized Cox model shows a pronounced IBS penalty
on high-dimensional combinations (for example 0.32 on
METABRIC at baseline censoring).

The calibration-slope picture is partly distinct from the IBS
picture, and the distinction is informative. Lasso-Cox attains
the slope closest to one at the pooled level (1.09), followed
by RSF (1.02). BEN-Cox is slightly overconfident at the
pooled level with a slope of 0.87. DeepSurv, Cox-Time, and
the unpenalized Cox model are substantially overconfident,
with pooled slopes near 0.5 and, for the unpenalized Cox
on high-dimensional configurations, collapsing to values
close to zero. The apparent contrast between BEN-Cox’s
IBS advantage and its sub-unit calibration slope reflects the
two quantities measuring different aspects of the predictive
distribution: the IBS rewards both sharpness and calibration
jointly, while the calibration slope isolates the width of the
predicted risk spread.

Paired Wilcoxon signed-rank tests with Holm correction,
applied within each (dataset, regime, metric) stratum as
described in Section III-D, yield 15 paired comparisons
per stratum and 90 comparisons per metric across the six
configurations. After Holm correction, 64 of 90C-index
comparisons, 65 of 90 Uno C comparisons, 66 of 90 IBS
comparisons, and 82 of 90 calibration-slope comparisons
remain significant at the 0.05 level. The statistical tests
confirm the grouping visible in Table 1: the ordering within
the top discrimination tier (BEN-Cox, lasso-Cox, RSF) is
not resolved in a majority of strata, while the separation
of those three from the deep architectures and from the
unpenalized Cox model is resolved in a majority of strata,
and the calibration-slope separation is sharpest of all.

TABLE 1. Overall predictive performance pooled across the six
dataset–regime combinations of the experimental grid. Values are
medians over the 5 × 2 cross-validation folds within each combination,
then pooled across combinations. Higher is better for C-index and Uno’s
C-statistic; lower is better for IBS; closer to one is better for the
calibration slope. Training time is the median wall-clock time per fold.

B. EFFECT OF THE CENSORING RATE
The censoring augmentation protocol of Section IV-C
produces two datasets with multiple regimes: SUPPORT
(baseline c ≈ 0.33, c = 0.50, c = 0.70) and METABRIC
(baseline c ≈ 0.58, c = 0.70). TCGA-BRCA enters the grid

only at its baseline censoring of c ≈ 0.86, as discussed in
Section IV-C.
A methodological remark is necessary before model-level

patterns are described. Because the augmentation protocol
of Eq. (4) is applied to the full dataset prior to the cross-
validation split, both the training and the test folds carry the
augmented censoring structure. The set of comparable pairs
entering the concordance computation therefore changes with
c: at higher censoring, fewer events are observed, and the
evaluation is restricted to a different subset of the original
follow-up. Consequently, absolute values of the C-index and
the IBS should not be compared across censoring regimes;
the meaningful comparison is the relative ranking of models
within each regime.

1) DISCRIMINATION
Table 2 and Figure 1 report median Harrell’s C-index and
interquartile range for eachmodel within each dataset–regime
combination. Three observations emerge.

First, the relative ordering of the six models is broadly
stable across censoring regimes. BEN-Cox, lasso-Cox, and
RSF occupy the top three ranks in every configuration except
SUPPORT at c = 0.70, where RSF takes the lead by a margin
of 0.005 over BEN-Cox. DeepSurv and Cox-Time occupy
the lower tier in every configuration, regardless of censoring
level.

Second, the gap between the top tier and the deep architec-
tures does not narrow as censoring decreases. On SUPPORT
at baseline (c ≈ 0.33), the lowest censoring level in the
grid, the gap between BEN-Cox and DeepSurv is 0.021 in
C-index; at c = 0.70 the corresponding gap between RSF and
DeepSurv is 0.028. If deep architectures benefited primarily
from larger effective sample sizes at low censoring, the gap
should close in low-c configurations; the data do not show this
pattern in the EPV range covered by the experimental grid.

Third, the unpenalized Cox model is a consistent outlier on
METABRIC, withC ≈ 0.56 at both censoring levels, roughly
0.12 below the regularized models. On SUPPORT, where the
post-preprocessing predictor count (p = 44) is small relative
to the event count, the unpenalized Cox model is competitive
with the top tier, confirming that its poor performance on
METABRIC is driven by the high-dimensional covariate
structure rather than by censoring alone.

2) INTEGRATED BRIER SCORE
Table 3 and Figure 2 report median IBS per configuration.
BEN-Cox achieves the lowest IBS in all six configurations of
the experimental grid. The margin over lasso-Cox is small
(typically 0.002–0.004) but consistent, and the separation
from the deep architectures is larger (typically 0.015–0.030).
On METABRIC, the unpenalized Cox model produces
IBS values approximately double those of the regularized
linear models (for example 0.322 versus 0.157 at baseline),
an expected consequence of variance inflation when p
approaches the number of events.

VOLUME 14, 2026 83659



E. Yılmaz: Regularized Cox Models Versus Deep Survival Networks in Low EPV Regimes

FIGURE 1. Harrell’s C-index as a function of the censoring rate c . Each panel corresponds to one dataset; each curve corresponds to one model.
Error bars indicate the interquartile range over the 5 × 2 cross-validation folds. TCGA-BRCA is shown at its baseline censoring level only,
as explained in Section IV-C.

TABLE 2. Median Harrell’s C-index (interquartile range) per dataset–regime combination. Bold indicates the highest median within each combination.

3) CALIBRATION SLOPE
Table 4 and Figure 3 report median calibration slopes at
the per-fold evaluation horizon defined in Section IV-D. The
most informative contrast is across censoring regimes on
SUPPORT, where three levels of c are available. Lasso-Cox
and BEN-Cox maintain slopes within [0.99, 1.18] across
all three regimes, indicating stable calibration as censoring
increases. RSF degrades from 1.08 at baseline to 0.86 at
c = 0.70. DeepSurv remains overconfident with slopes near
0.50 at all three censoring levels. Cox-Time improves from
0.54 at baseline to 0.78 at c = 0.70, the opposite of the pattern
shown by DeepSurv, but remains below the calibrated range.

On METABRIC, the unpenalized Cox model collapses to
a calibration slope of 0.03 at both censoring levels, indicating
that its predicted risk spread bears essentially no relation
to observed outcomes. On TCGA-BRCA, all models except
lasso-Cox (slope = 0.88) fall below 0.65, reflecting the
difficulty of calibrating absolute risk predictions when 86%
of subjects are censored.

4) PROPORTIONAL HAZARDS DIAGNOSTICS
The Grambsch–Therneau global test described in
Section III-C was computed on each training fold.
On METABRIC and TCGA-BRCA the test could not be
evaluated reliably because the unpenalized Cox model failed
to converge or produced numerically unstable Schoenfeld

residuals. On SUPPORT the global p-value is below 0.01 in
all three censoring regimes (median p < 10−3 at baseline
and c = 0.50; median p ≈ 0.004 at c = 0.70), indicating that
the proportional hazards assumption is violated in this dataset
across all regimes considered.

This finding has a direct bearing on the interpretation of
the relative performance of Cox-Time, the only model in
the benchmark that relaxes the proportional hazards assump-
tion. Despite the documented PH violation on SUPPORT,
Cox-Time does not achieve the highest discrimination or
the best calibration in any SUPPORT configuration. This
suggests that, in the EPV range covered by the present
benchmark, the sample-efficiency advantage of regularized
proportional-hazards models outweighs the specification
advantage of a non-proportional model, even when the PH
assumption is substantively violated.

C. CALIBRATION AND INTEGRATED BRIER SCORE
The per-configuration results of Section V-B show that
BEN-Cox achieves the lowest IBS in every configuration
while its calibration slope ismildly below one (pooledmedian
0.87), whereas lasso-Cox has slopes closer to one (pooled
median 1.09) but higher IBS. This apparent contrast reflects
the fact that the two quantities measure different aspects of
the predictive distribution.
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FIGURE 2. Integrated Brier score as a function of the censoring rate c . Lower values indicate better predictive accuracy. Layout and error bars as
in Fig. 1.

TABLE 3. Median integrated Brier score per dataset–regime combination. Bold indicates the lowest (best) median within each combination.

TABLE 4. Median calibration slope per dataset–regime combination. Values closer to one indicate better calibration. Bold indicates the value closest to
one within each combination.

The integrated Brier score is a proper scoring rule that
rewards both sharpness and calibration jointly: a model that
produces well-separated predicted probabilities with slight
overconfidence can achieve a lower IBS than a model with
a slope closer to one but wider predicted intervals. BEN-
Cox’s posterior predictive distribution is sharper than that
of lasso-Cox and RSF on most configurations, and this
sharpness advantage compensates for its mildly sub-unit
slope in the IBS composite. Lasso-Cox, conversely, achieves
near-unit slopes by producing a less concentrated risk spread.
The two measures are therefore complementary rather than
contradictory, and both are needed to characterize predictive
performance: the IBS for overall predictive accuracy, and the
calibration slope for the reliability of absolute risk estimates.

Neither BEN-Cox nor lasso-Cox can be declared uni-
formly best-calibrated across the grid. On SUPPORT,
BEN-Cox is closer to one at all three censoring levels.
On METABRIC, lasso-Cox is closer to one at both levels.

On TCGA-BRCA, lasso-Cox again leads with a slope of
0.88 against 0.62 for BEN-Cox. This dataset dependence
suggests that the calibration advantage of Bayesian shrinkage
is most pronounced in the moderate-p, moderate-c regime
(SUPPORT), while frequentist penalization provides more
stable calibration in the high-p and very-high-c regimes
(METABRIC, TCGA-BRCA). DeepSurv, Cox-Time, and the
unpenalized Cox model remain substantially overconfident
across the full grid, with pooled slopes of 0.44, 0.50, and 0.51
respectively.

The TCGA-BRCA configuration calls for a bit closer
reading, since it is the only point in the experimental
grid with c ≈ 0.86 and therefore the closest available
approximation to the extreme-censoring regime. At this level,
the linear calibration estimator is itself fitted on a small
effective sample, and the slope is correspondingly noisier
than in the moderate-censoring configurations. Even so, the
qualitative ordering remains interpretable. Lasso-Cox attains
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FIGURE 3. Calibration slope per dataset–regime combination. The dotted horizontal line marks slope = 1 (perfect calibration). Slopes below one
indicate overconfident risk predictions; slopes above one indicate underconfident predictions.

a slope of 0.88, BEN-Cox and RSF settle near 0.60, and the
unpenalized Cox model collapses to 0.07, while DeepSurv
and Cox-Time remain near 0.50. The pattern suggests that
strong regularization helps maintain a credible risk spread
even when the event count is seriously reduced, whereas
unregularized and flexible estimators degrade sharply in
this part of the grid. A more complete characterization of
calibration behavior at extreme censoring would require
datasets that natively sit in this regime, and this extension is
identified as a direction for future work in Section VII-E.

D. INTERACTION BETWEEN CENSORING AND EVENTS
PER VARIABLE
The empirical findings of Sections V-A–V-C are further
clarified by examining the joint structure of the censoring
rate c and the events-per-variable ratio defined in Eq. (5).
Figure 4 displays the six dataset–regime configurations of
the experimental grid in the (c,EPV) plane, with each
configuration labeled by the model that achieved the highest
median C-index across the 5 × 2 cross-validation folds.
The most striking feature of Figure 4 is that the

entire experimental grid lies below the classical EPV =

10 guideline of [14]. The observed EPV values range from
approximately 0.6 (METABRIC at c = 0.70) to 7.6
(SUPPORT at baseline), a range that is representative ofmany
applied biomedical survival settings, particularly in oncology
and molecular cohorts where the number of candidate
predictors is large relative to the number of observed events.

Within this low-EPV range, two models share the top rank.
BEN-Cox achieves the highest median C-index in four of
six configurations (METABRIC at c = 0.70, SUPPORT
at baseline, SUPPORT at c = 0.50, and—effectively tied
with lasso-Cox—METABRIC at baseline). RSF achieves the
highest median C-index in the remaining two configurations
(SUPPORT at c = 0.70 and TCGA-BRCA at baseline). The
margins separating the top two models are small in most

configurations (Table 2), with only the METABRIC c =

0.70 configuration showing a gap exceeding 0.005. These
margins are comparable to or smaller than the cross-fold
interquartile ranges reported in Figure 1, so the partition
should be read as indicating which model families are
competitive in each region rather than which model is
definitively superior.

Deep survival models do not achieve the top rank in
any configuration of the present grid. This finding does not
imply that deep architectures are uniformly inferior; rather,
it indicates that in the EPV range covered here (EPV < 8),
the sample-efficiency advantage of regularized linear models
and ensemble methods outweighs the flexibility advantage
of neural survival architectures. Whether deep models would
gain an advantage at higher EPV values, for example on larger
clinical cohorts with lower predictor dimensionality, cannot
be determined from the present data and is identified as a
direction for future work in Section VII-E.

E. COMPUTATIONAL COST
Figure 5 reports median wall-clock training time per fold,
pooled across all dataset–regime combinations. The six
models span roughly four orders of magnitude in training
cost. The unpenalized Cox model is fastest at 0.07 seconds
per fold, followed by lasso-Cox at 1.2 seconds. Cox-Time
(6.2 s) and DeepSurv (15.1 s) occupy an intermediate
range, with their cost driven primarily by the random
hyperparameter search described in Section IV-D. RSF
requires 22.5 seconds per fold with 500 trees. BEN-Cox is the
most expensive at 114 seconds per fold due to Hamiltonian
Monte Carlo sampling, roughly twice the cost of DeepSurv
and five times that of Cox-Time.

From a practical standpoint, all six models remain feasible
on a single workstation for the dataset sizes considered.
The 5 × 2 cross-validation scheme produces ten folds per
dataset–regime combination, so the total per-configuration
cost ranges from under one second (Cox) to approximately
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FIGURE 4. Empirical partition of the (c, EPV) plane. Each point
corresponds to one dataset–regime combination, positioned at its
censoring rate c and events-per-variable ratio (Eq. 5), and labeled with
the model that achieved the highest median C-index. The dashed line
marks EPV = 10, the classical guideline of [14]. All six configurations fall
below this threshold.

twenty minutes (BEN-Cox). The full benchmark, comprising
six configurations and six models, completed in approxi-
mately eight hours of wall-clock time. Per-model training
times are also reported in the last column of Table 1.

Training cost, however, should not be interpreted as the
whole computational burden of the methods. After model
fitting is completed, prediction becomes almost constant
time per subject for the partial-likelihood-based models,
namely Cox, lasso-Cox, and BEN-Cox. This is because
prediction only requires evaluating a linear risk score and
using the already estimated baseline hazard. For BEN-Cox,
the posterior summary is also obtained once during model
fitting, and it is not recomputed at the prediction stage.
In contrast, RSF needs to traverse all 500 trees for each
subject, and therefore it is slower at prediction, although
the required time is still only in the millisecond range
on a standard workstation. DeepSurv and Cox-Time only
require a single forward pass through a neural network with
at most three hidden layers, and in terms of wall-clock
time this is comparable to RSF traversal. The peak resident
memory usage was modest for all six methods, including
the METABRIC case with p = 440 predictors. In our
setting, the main memory requirement came from storing
cross-validation predictions rather than from any individual
fitted model. Therefore, for the cohort sizes considered
in this study, none of the six methods can be considered
computationally prohibitive. The main differences shown in
Fig. 5 are mostly related to model fitting rather than to the
deployment or prediction stage.

VI. EMPIRICAL PARTITION OF THE (C, EPV) PLANE
The empirical findings of Section V, and in particular the
interaction between censoring and the events-per-variable
ratio examined in Section V-D, suggest that two quantities
computable directly from the data, the censoring rate c
and the events-per-variable ratio defined in Eq. (5), capture

FIGURE 5. Median wall-clock training time per fold for each model,
pooled across all dataset–regime configurations. The horizontal axis is on
a log10 scale.

much of the variation in relative model performance across
the experimental grid. This section describes the partition
observed in the benchmark, compares it with the classical
events-per-variable guideline, and discusses its interpretation
and limitations. The partition is reported as a descriptive
summary of the present experiments, not as a prescriptive rule
for new datasets.

A. DESCRIPTION OF THE PARTITION
For each dataset–regime combination in the experimental
grid, we record the model that achieved the highest median
C-index across the 5×2 cross-validation folds, together with
the pair (c,EPV) computed from the training folds using
Eq. (5). The resulting labeled points are displayed in Figure 4,
together with the winning model in each configuration.

The most prominent feature of the partition is that
all six configurations fall below the classical EPV =

10 threshold of [14], with observed EPV values ranging
from approximately 0.6 (METABRIC at c = 0.70) to
7.6 (SUPPORT at baseline). This range is representative
of many applied biomedical survival settings, particularly
in oncology and molecular cohorts where the number of
candidate predictors is large relative to the number of
observed events. No configuration in the present grid reaches
the regime in which deep survival models have been reported
to show their strongest advantage.

Within this low-EPV range, two model families share
the top rank. BEN-Cox achieves the highest median
C-index in four of six configurations: METABRIC at
c = 0.70, SUPPORT at baseline, SUPPORT at c =

0.50, and METABRIC at baseline (where lasso-Cox is
within 0.0003). RSF achieves the highest median C-index
in the remaining two configurations: SUPPORT at c =

0.70 and TCGA-BRCA at baseline. The deep survival models
DeepSurv and Cox-Time do not achieve the top rank in any
configuration of the present grid. Table 5 summarizes the
observed partition.

The margins separating the top two models are small in
most configurations (Table 2), with only theMETABRIC c =
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TABLE 5. Observed partition of the (c, EPV) plane in the experimental
grid. The entries summarize the best-performing model family in each
region and should be interpreted as descriptive of the present benchmark
rather than prescriptive for new datasets.

0.70 configuration showing a gap exceeding 0.005. These
margins are comparable to or smaller than the cross-fold
interquartile ranges reported in Figure 1, so the partition
should be read as indicating which model families are
competitive in each region rather than which model is
definitively superior.

B. RELATION TO THE CLASSICAL EVENTS-PER-VARIABLE
GUIDELINE
The classical recommendation of [14] that unpenalized Cox
regression requires approximately ten events per variable
to yield stable estimates is contextualized by the present
findings in two ways.

First, the threshold is not sharp: performance degrades
gradually as the events-per-variable ratio decreases, and the
model that best handles the low-EPV regime is not the
unpenalized Cox model but BEN-Cox and, to a comparable
extent, lasso-Cox and RSF. The hierarchical shrinkage
prior of BEN-Cox absorbs much of the instability that
motivated the original guideline, while lasso-Cox achieves
similar discrimination through frequentist penalization. The
unpenalized Cox model, by contrast, collapses on the
high-dimensional datasets (calibration slopes near zero on
METABRIC and TCGA-BRCA), confirming that the EPV =

10 guideline retains practical relevance specifically for
unregularized estimators.

Second, censoring plays a role that the original guideline
did not consider.Within the EPV range covered by the present
benchmark (EPV < 8), increasing censoring does not change
which model family is preferred—BEN-Cox and RSF remain
competitive throughout—but it does widen the gap between
the regularized top tier and the deep architectures. At baseline
censoring on SUPPORT (c ≈ 0.33), the gap between
BEN-Cox and DeepSurv is 0.021 in C-index; at c = 0.70 the
corresponding gap between RSF and DeepSurv is 0.028. This
asymmetric degradation suggests that the classical EPV rule
is best understood as one coordinate of a joint criterion in
(c,EPV), with the censoring rate modulating the severity of
the sample-efficiency constraint rather than the identity of the
preferred model family.

C. INTERPRETATION AND LIMITATIONS
Three caveats merit emphasis before the partition is used to
inform practice.

First, the partition is constructed from only six
dataset–regime combinations: two regimes fromMETABRIC,
three from SUPPORT, and one from TCGA-BRCA. This
coverage is constrained by the baseline censoring rates of the
three datasets and by the one-sided nature of the censoring
augmentation protocol described in Section IV-C, which
can only increase censoring relative to the baseline. The
boundaries between regions should therefore be understood
qualitatively and not as sharp numerical thresholds; a larger
experimental grid would be required to estimate such
thresholds with statistical confidence, and this extension is
identified as a priority in Section VII-E.
Second, the partition depends only on (c,EPV) and ignores

other structural features such as covariate correlation, the
plausibility of the proportional hazards assumption, and the
availability of informative prior information. These factors
are known to influence model performance and would need
to be incorporated into any richer analysis. For these reasons,
the partition is presented as an empirical characterization of
the regimes observed in the benchmark, and as a starting point
for discussion rather than as a replacement for careful model
selection in any individual study.
Third, the experimental grid does not include any con-

figuration with EPV ≥ 10, which is precisely the regime
in which deep survival models are most likely to show a
competitive advantage. The absence of deep models from
the top rank in Table 5 should therefore not be read as
evidence that deep architectures are generally inferior, but
rather as evidence that their advantage does not materialize
in the low-EPV conditions that characterize the present
benchmark. Extending the grid to include larger cohorts with
lower predictor dimensionality, such as the full SUPPORT
cohort or the Rotterdam breast cancer dataset, would be
necessary to map the boundary at which deep models become
competitive, and this extension is identified as future work in
Section VII-E.

VII. DISCUSSION
The benchmark reported in Sections V and VI was designed
to address a specific question: how does the joint structure
of the censoring rate c and the events-per-variable ratio
EPV (Eq. 5) shape the relative performance of Bayesian
regularized and deep learning survival models? This section
interprets the findings, relates them to the existing literature,
and discusses threats to validity, limitations, and directions
for future work.

A. INTERPRETATION OF THE MAIN FINDINGS
Three principal observations emerge from the benchmark.

First, model ranking in discrimination is not determined
by model complexity. BEN-Cox, lasso-Cox, and RSF, three
methodologically distinct models spanning Bayesian shrink-
age, frequentist penalization, and nonparametric ensembles,
form a narrow top tier with pooled C-index values within
0.003 of each other (Table 1). The deep architectures
DeepSurv and Cox-Time do not reach this tier in any of the
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six dataset–regime configurations examined, despite having
the capacity to capture nonlinear effects and, in the case of
Cox-Time, non-proportional hazards. This ordering is stable
across censoring regimes: the gap between the top tier and
the deep models does not narrow as censoring decreases
(Section V-B).

Second, calibration separates models that discrimination
does not. While BEN-Cox, lasso-Cox, and RSF are nearly
indistinguishable in C-index, they differ meaningfully in
calibration behavior. BEN-Cox achieves the lowest integrated
Brier score in all six configurations, reflecting the joint
contribution of sharpness and calibration to the IBS com-
posite (Section V-C). Lasso-Cox produces calibration slopes
closest to one on the high-dimensional datasets (METABRIC
and TCGA-BRCA), while BEN-Cox is closest to one on
SUPPORT. DeepSurv, Cox-Time, and the unpenalized Cox
model are systematically overconfident, with pooled slopes
near 0.5 or below. In applied settings where absolute risk
estimates inform patient-level decisions, this calibration gap
may matter more than the small discrimination differences
within the top tier.

Third, the entire experimental grid falls below the classical
EPV = 10 guideline (Figure 4), with observed EPV
values between 0.6 and 7.6. In this low-EPV regime,
the sample-efficiency advantage of regularized models
dominates the flexibility advantage of neural architectures.
Whether deep models would become competitive at higher
EPV cannot be determined from the present data.

Two mechanisms plausibly explain these patterns. The
hierarchical shrinkage prior of BEN-Cox, described in
Section III-B, encodes a structural assumption of approxi-
mate sparsity that is particularly valuable when the effective
sample size is small relative to p. In such regimes, the vari-
ance reduction attributable to shrinkage outweighs the bias
introduced by the prior, in a manner reminiscent of the
classical bias–variance trade-off for ridge-type estimators.
Concurrently, the Cox partial likelihood of Eq. (2) loses
information with each additional censored observation, and
deep architectures with many parameters have less informa-
tion with which to regularize themselves in high-censoring
regimes. Lasso-Cox benefits from an analogous mechanism
through its ℓ1 penalty, which explains its comparable discrim-
ination to BEN-Cox at a fraction of the computational cost
(Section V-E). RSF, while not applying explicit coefficient
shrinkage, achieves implicit regularization through ensemble
averaging and the restriction of splits to random covariate
subsets, which yields similar sample efficiency in the regimes
studied here.

A remark on the proportional hazards assumption is war-
ranted. The Grambsch–Therneau test indicates PH violation
on all SUPPORT configurations where it could be evaluated
(Section V-B). Despite this, Cox-Time, the only model that
relaxes the PH assumption, does not outperform the PH-based
models on SUPPORT in either discrimination or calibration.
This suggests that, at the sample sizes and EPV values
covered by the present benchmark, correct specification

of the time-dependence structure is less important than
sample-efficient estimation of the covariate effects. This
finding should not be generalized to larger datasets or to
settings with stronger departures from proportionality.

A practical implication of these findings is related to
how predicted survival probabilities are used in later clinical
decision-making. In some clinical settings, absolute risk
estimates directly support individual-level decisions, such
as adjuvant therapy planning, risk-stratified surveillance,
or selecting patients who may need more intensive follow-
up. Therefore, the calibration difference observed between
the regularized linear models and the deep learning models
is not only a technical issue, but it also affects the
reliability of these decisions. A model may rank patients
reasonably well, but if it gives systematically overconfident
absolute risk estimates, it may still lead to inappropriate
decisions when these probabilities are interpreted directly
rather than only used as risk scores. For the EPV ranges
considered in this benchmark, BEN-Cox and lasso-Cox
therefore seem to be more defensible default choices
when the predicted probabilities, and not only the rela-
tive ranking of patients, are used in subsequent clinical
reasoning.

B. RELATION TO PRIOR BENCHMARKS
The results of Section V are broadly consistent with the
findings of [11], who reported that classical Cox-based
methods remain competitive with more complex alternatives
on multi-omics cancer data. The present study extends
that observation by showing that the competitiveness of
regularized Cox methods is concentrated in the low-EPV
regime and persists across the full range of censoring
levels examined, while the deep architectures do not reach
the top tier in any configuration of the present grid.
A recent systematic review by O’Donnell et al. [28]
across 90 cancer survival predictors reached a consistent
conclusion, noting that regularized and tree-based methods
frequently perform comparably to or better than deep learning
alternatives.

The systematic review of [12] noted that benchmarks
of deep survival methods often lack clear guidance on
the regimes in which these methods are preferable. The
(c,EPV) partition of Figure 4 and the descriptive summary
of Section VI-A represent one empirical step toward such
guidance, with the important caveat that the present grid
covers only the low-EPV regime and therefore cannot identify
the boundary at which deep models become competitive.

The classical rule of ten events per variable originally
proposed by [14] for unpenalized Cox regression is contextu-
alized here as one coordinate of a joint criterion in (c,EPV).
The finding that regularized models—both Bayesian and
frequentist—perform well below EPV = 10 is consistent
with the relaxations suggested by [15], and the present
benchmark adds the observation that censoring modulates
the severity of the low-EPV penalty differently across model
families.
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C. THREATS TO VALIDITY
Three threats to validity warrant careful discussion.

First, the censoring augmentation protocol of Section IV-C
generates non-informative censoring by construction, since
the auxiliary times C⋆

i are drawn independently of Ti and
xi. In real-world data, censoring is often informative, for
examplewhen patients with deteriorating prognosis withdraw
from follow-up. The conclusions of this paper should
therefore be understood as applying to the non-informative
censoring case, and methods explicitly designed to handle
informative censoring may alter the relative ranking of
models in informative settings.

Second, the experimental grid consists of three datasets
and a discrete set of target censoring rates, producing
only six dataset–regime configurations. Although the three
datasets differ substantively in sample size, dimensionality,
and clinical context, they do not exhaust the heterogeneity
of biomedical survival data. In particular, no configuration
reaches EPV ≥ 10, so the regime in which deep models
are most likely to be competitive is not represented. The
qualitative regions reported in Table 5 should accordingly
be interpreted as a descriptive summary of the present
experiments rather than as sharp or universal boundaries.

Third, the tuning budgets allocated to the six mod-
els are deliberately modest and matched across methods,
as described in Section IV-D. This design choice favors
methods that are less sensitive to hyperparameter configu-
ration and may understate the performance of deep survival
models, which are known to benefit from more extensive
architecture search. While this asymmetry cannot be fully
eliminated without committing substantially more compute,
a budget-matched comparison arguably better reflects the
conditions under which applied researchers typically operate,
and it protects against the optimistic bias that arises when
one family of models is tuned more aggressively than
another. The deep models in the present benchmark used a
random search of fixed size with early stopping; a larger
search budget or more sophisticated tuning strategies such as
Bayesian optimization could improve their performance, and
this possibility should be considered when interpreting the
results.

D. LIMITATIONS
Beyond the threats to validity discussed above, several
limitations of the present study should be acknowledged.
The benchmark is confined to right-censored single-event
data, and competing risks, interval censoring, and recurrent
events are not considered. Time-dependent covariates are
likewise not used, even where available, in order to keep
the comparison focused on the role of the baseline covariate
vector xi ∈ Rp introduced in Section III-A. The empirical
partition described in Section VI depends on only two
quantities, (c,EPV), and intentionally ignores other relevant
structural features such as covariate correlation, the validity
of the proportional hazards assumption, and the availability

of domain-informed priors. These factors are known to affect
model performance and could, in principle, be incorporated
into a richer analysis at the cost of reduced interpretability.

Additionally, the EPV values reported throughout the
paper use the raw post-preprocessing predictor count p
for RSF, DeepSurv, and Cox-Time, and the effective
dimension peff for lasso-Cox and BEN-Cox, as discussed
in Section III-C. This asymmetry means that the EPV for
the regularized Cox variants is nominally higher than the
EPV for the remaining models at the same configuration,
which should be kept in mind when reading the partition of
Section VI-A.

E. DIRECTIONS FOR FUTURE WORK
Several extensions of the present study would be informative.

A first natural direction is to enlarge the dataset grid with
additional public cohorts spanning a wider range of baseline
censoring levels and events-per-variable ratios, in particular
cohorts with EPV ≥ 10. Candidates include the full
SUPPORT cohort (n ≈ 9,000), the Rotterdam breast cancer
dataset (n ≈ 3,000), and the GBSG trial (n ≈ 2,200), each
of which would contribute configurations in the moderate-
to-high EPV range that is absent from the present grid. Such
an expansion would make it possible to determine whether
the deep survival models become competitive at higher EPV,
as the existing literature suggests but the present benchmark
cannot confirm.

A second direction is to extend the benchmark to
informative censoring settings, either through simulation
or by using datasets for which informative censoring is
documented, in order to assess the robustness of the empirical
partition in that more demanding regime.

A third direction concerns the role of covariate correlation:
a controlled simulation study in which the correlation
structure of x is varied while holding (c,EPV) fixed would
help disentangle the contribution of correlation from that of
dimensionality.

Finally, the empirical partition could be extended beyond
(c,EPV) to incorporate formal tests of the proportional
hazards assumption, which would allow Cox-Time and
related non-proportional methods to be characterized on
principled grounds rather than purely empirically. The
finding that PH violation on SUPPORT did not translate
into a Cox-Time advantage (Section V-B) suggests that
the relationship between PH violation severity, sample size,
and model ranking is itself a research question deserving
systematic study.

VIII. CONCLUSION
This paper presented a systematic benchmark of six rep-
resentative survival models, spanning the classical Cox
proportional hazards model, its lasso-penalized and Bayesian
elastic net extensions, random survival forests, and two
deep survival architectures, evaluated across three public
biomedical datasets under controlled censoring regimes. The
benchmark was designed to isolate the joint effect of the
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censoring rate c and the events-per-variable ratio EPV (Eq. 5)
on model ranking, a question that has received limited
systematic attention in prior benchmark studies.

Three findings emerged. First, in the low-EPV regime
covered by the experimental grid (EPV < 8), BEN-Cox,
lasso-Cox, and random survival forests form a narrow top
tier in discrimination, with pooled C-index values within
0.003 of each other, while the deep survival architectures
DeepSurv and Cox-Time do not reach this tier in any
dataset–regime configuration examined. Second, calibration
separates models that discrimination does not: BEN-Cox
achieves the lowest integrated Brier score in all six configu-
rations, reflecting its sharper posterior predictive distribution,
while lasso-Cox produces calibration slopes closest to one
on the high-dimensional datasets. Deep models and the
unpenalized Cox model are systematically overconfident
across the full grid. Third, the entire experimental grid
falls below the classical EPV = 10 guideline, and within
this range, increasing censoring widens the gap between
the regularized top tier and the deep architectures without
changing which model family is preferred.

These findings were summarized descriptively through
an empirical partition of the (c,EPV) plane, presented in
Section VI. The partition complements the classical events-
per-variable guideline by explicitly accounting for censoring
and by documenting that regularized models, both Bayesian
and frequentist, perform well below EPV = 10. It is offered
as a compact summary of the present experiments rather than
as a prescriptive rule, and its qualitative nature reflects the
limited number of dataset–regime combinations that were
available.

An important limitation of the present benchmark is
that no configuration reaches the EPV ≥ 10 regime in
which deep survival models are most likely to show a
competitive advantage. The absence of deep models from the
top rank should therefore be read as specific to the low-EPV
conditions studied here, not as a general verdict on their
utility. The principal directions for future work identified
in Section VII-E concern the extension of the benchmark
to larger cohorts with higher EPV, informative censoring
settings, and the incorporation of covariate correlation and
proportional hazards diagnostics into the partition analysis.
Together, these extensions would clarify the boundary at
which deep survival models become competitive and provide
a more complete account of when each family of methods is
preferable in practice.

DATA AVAILABILITY
All datasets used in this study are publicly available. The
METABRIC dataset [17] is accessible through the cBioPor-
tal for Cancer Genomics (https://www.cbioportal.org). The
SUPPORT dataset [18] is available through the Vander-
bilt Biostatistics dataset archive (https://hbiostat.org/data).
The TCGA-BRCA dataset [19] is accessible through the
Genomic Data Commons portal of the National Cancer Insti-
tute (https://portal.gdc.cancer.gov). The benchmark-ready

versions of all three datasets, including the preprocessing
and censoring augmentation scripts used in this study, are
provided in the accompanying code repository.

CODE AVAILABILITY
Complete source code for all experiments, including data
loading, preprocessing, censoring, augmentation, cross-
validation scaffolding, model fitting, evaluation, and statis-
tical comparison is publicly available at
https://github.com/yilmazersin13/survival-model-benchmark-
r. The repository includes all R scripts, the Stan imple-
mentation of BEN-Cox, Python wrappers for the pycox
models (DeepSurv and Cox-Time), fixed random seeds,
and package version information sufficient for independent
replication. The BEN-Cox Stan model code is also available
as part of the repository accompanying the original BEN-Cox
publication [6].
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