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ABSTRACT

The Cox proportional hazards (CPH) model and the exponential Cox model are foundational
tools in survival analysis, yet they impose structural assumptions; proportional hazards and
constant baseline hazard, respectively that frequently fail in practice. This paper proposes and
evaluates pooled logistic regression (PLR) applied to survival-piled (stacked) data as an
alternative discrete-time survival estimator. Right-censored survival data are restructured into a
long-format person-time binary classification dataset, and three models are compared: the
exponential Cox model, the classical semi-parametric CPH model, and PLR. Monte Carlo
simulations with 1,000 replications at each of six sample sizes (n = 25, 50, 100, 150, 200, 250)
are conducted to assess stability, discrimination, and goodness-of-fit. Performance is measured
by Harrell's concordance index (C-index) and the Akaike information criterion (AIC).
Simulation results show that PLR maintains consistently high and stable C-index values (0.742—
0.784) across all sample sizes, whereas the CPH model exhibits high variability (0.575-0.884)
and the exponential Cox model underperforms throughout (0.532-0.671). AIC comparisons
further demonstrate PLR's competitive goodness-of-fit at moderate and large sample sizes.
Real-data validation using the NCCTG lung cancer dataset corroborates these findings. PLR's
theoretical connection to the Cox partial likelihood is established formally, and its compatibility
with machine-learning classification pipelines is discussed. The findings support PLR as a
robust, flexible, and interpretable alternative for discrete-time survival analysis.
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1. INTRODUCTION

Survival analysis provides statistical methods for modelling
the time elapsed until a defined event of interest such as death,
disease recurrence, mechanical failure, or any state transition
occurs. The field has wide application in medicine,
epidemiology, engineering, economics, and the social
sciences [1, 2]. A defining characteristic of survival data is
censoring: for a portion of subjects, the exact event time is
unknown, either because follow-up ended before the event,
the subject withdrew, or an unrelated event intervened.

Since its introduction by Cox [3], the proportional hazards
(PH) model has been the dominant tool for multivariate
survival analysis. Its semi-parametric specification leaves the
baseline hazard function ho(t) unspecified while modelling
covariate effects through an exponential link, with regression
coefficients B estimated by maximizing the partial likelihood

[3-5]. This design allows inference on covariate effects
without restricting the hazard shape and is a primary reason
for the model's widespread adoption. Despite its flexibility,
the CPH model rests critically on the proportional hazard
assumption, that covariate effects remain multiplicatively
constant over time whose violation produces biased estimates
and unreliable inference [6].

A more restrictive member of the Cox family is the
exponential Cox model, which specifies hy(t) =1 (a
constant), equivalent to assuming exponentially distributed
survival times. While this model offers closed-form
inference, its constant-hazard constraint is rarely satisfied in
biological or clinical data where hazard may change
monotonically or  non-monotonically  over time.
Pourhoseingholi et al. [7] and Ramin et al. [8] both
demonstrated that parametric models assuming non-constant

6927‘ Precious O. Ibeakuzie, IJIMCR Volume 14 Issue 10 October 2026


https://doi.org/10.47191/ijmcr/v14i10.06

“Efficiency of the Pooled Logistic Regression Approach as an Alternative to the Cox Proportional Hazard Model”

hazard shapes frequently outperform the exponential Cox
model in applied settings.

A practically important limitation shared by both models
concerns data granularity. Real-world survival times are often
recorded in discrete intervals, days, weeks, or treatment
cycles and forcing a continuous-time framework onto
inherently  discrete  data  introduces  unnecessary
approximation. Additionally, neither model directly yields
calibrated event probabilities at specified time points, which
are increasingly required for clinical risk communication and
for integrating survival models into modern machine-learning
workflows [9, 10].

Survival piling also called survival stacking addresses these
limitations by recasting the survival problem as a sequence of
binary classification tasks. At each distinct event time, a
binary indicator of event occurrence is defined for every at-
risk subject, and the resulting observation blocks are stacked
vertically into a single long-format dataset. Any binary
classifier may then be applied. When logistic regression is
used, the resulting model is the pooled logistic regression
(PLR) estimator. This approach produces interval-specific
event probabilities that can be multiplied to recover the full
discrete-time survival function, and it is compatible with the
broad ecosystem of classification algorithms without
modification.

A key theoretical property of PLR is its convergence to the
Cox partial likelihood under rare-event conditions: when
event probabilities per interval are small, the logistic link

log[ £

(1-pP)
log-hazard used in the Cox model [11]. Risk-set indicator
columns in the piled data play the role of the nonparametric
baseline hazard estimator in Cox, so PLR retains the model's
flexibility without requiring its strong assumptions.

While ensemble survival methods have been studied
theoretically [12, 13] and applied in specific domains such as
lung cancer risk prediction [10], a systematic simulation-
based comparison of PLR against both the classical CPH and
exponential Cox models, covering a spectrum of sample

] is well approximated by log(P), which equals the

sizes, has not been reported. This paper fills that gap. Through
Monte Carlo simulation at n € {25, 50, 100, 150, 200, 250}
with 1,000 replications each, we assess the stability and
efficiency of PLR relative to its two comparators, using
Harrell's C-index and AIC as primary performance criteria.
We also validate the findings on the NCCTG lung cancer
dataset, provide a formal derivation of the PLR model and its
likelihood, and establish its theoretical connection to the Cox
partial likelihood.

The remainder of the paper is organized as follows. Section 2
reviews the relevant literature. Section 3 presents the
statistical framework. Section 4 describes the simulation
design. Section 5 reports and discusses results. Section 6
presents real-data validation. Section 7 concludes with
recommendations.

2. LITERATURE REVIEW

The Cox [3] proportional hazards model has been applied in
virtually every domain where time-to-event data arise. Its
partial likelihood elegantly cancels the unknown baseline
hazard, allowing consistent estimation of covariate effects
without parametric restrictions on the hazard shape. Hess [6]
showed that scaled Schoenfeld residuals provide effective
graphical diagnostics for proportional-hazards violations,
demonstrating that time-varying covariate effects can render
the standard Cox model unreliable.

Bender et al. [14] derived a general formula linking hazard
functions to simulated survival times under the Cox model,
showing that the choice of baseline distribution: exponential,
Weibull, or Gompertz materially affects estimator properties,
especially in non-standard settings where the baseline hazard
is relevant. Their work provides the simulation methodology
on which the present study builds.

Comparative studies of survival models have reached varied
conclusions depending on the data structure. Pourhoseingholi
et al. [7] found the lognormal model superior to the Cox
model in gastric cancer patients. Ramin et al. [8] showed that
a gamma model outperformed the CPH model in hospital
length-of-stay data, while Hosseini et al. [15] found the Cox
model outperforming exponential, Weibull, and log-logistic
alternatives for breastfeeding duration data. Cox et al. [16]
identified that a generalized gamma model better handled
non-proportional hazards in AIDS cohort data. Together,
these studies establish that no single model universally
dominates; model choice must be guided by the hazard shape
implied by the data-generating mechanism.

The theoretical foundations for treating survival analysis as a
classification problem were formalized by D'Agostino et al.
[11], who showed the formal equivalence between PLR and
the CPH partial likelihood in the rare-events limit. Building
on this, several authors have explored ensemble survival
methods. Andrew et al. [12] showed that stacked survival
estimators, formed by optimally weighting predictions from
multiple base models, consistently outperform any individual
component model. James et al. [13] extended stacking to
residual lifetime data in prevalent cohort studies, using
inverse probability of censoring weighted Brier scores as the
combination criterion. Ginestet et al. [17] proposed an
ensemble procedure using pseudo-observation-based time-
dependent ROC loss, achieving superior discrimination
relative to single-model baselines.

Applied survival stacking has also been demonstrated in
clinical contexts. Alonso et al. [10] applied survival stacking
to lung cancer risk prediction, showing that blending diverse
survival-model strengths yields greater robustness, better
generalizability, and easier clinical implementation than
single-model approaches. Deep learning extensions of
survival analysis, such as the two-stage architecture of Baeck
et al. [18] and the multi-task approach of Luck et al. [9], have
yielded competitive results on benchmark datasets.

Karthik and Nader [19] proposed a semi-parametric
generalization of the Cox model permitting non-proportional
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and non-constant hazard shapes, estimated via B-spline
baseline hazard with AIC-driven knot selection. While
powerful, such extensions require sophisticated numerical
optimization and are less transparent than PLR. Wegbom et
al. [20] compared semi-parametric Cox and parametric
survival models for under-five mortality in Nigeria,
concluding that parametric models outperform the Cox model
when the hazard structure is incompatible with
proportionality.

Table 9 (Section 6) provides a structured comparison of the
present study with key prior works.

3. STATISTICAL FRAMEWORKS
3.1 Survival data and censoring
Let T; denote the true event time and C; the censoring time for
subject i(i = 1,---,n) assumed independent of each other.
Owing to right censoring, the observed data are pairs (X, 6;)
where
X; = min(T;, C;) and §; = 1(T; < C)), D
with §; = 1 signaling an observed event and &; = 0 a censored
observation. The general likelihood contribution of subject i
under right censoring is
Li(6) = [f (Xi; O)1°[S(X;; )]*~ ()
where f(-;0)and S(-;0)are the density and survival
functions, respectively, and 0 is the parameter vector. The
survival function S(t) = P(T > t)is a non-increasing, right-
continuous function satisfying S(0) = 1. The hazard function
is

Pt<T<AtT =t)

h(®) = Jim At
_f(®
B50) ®

and the cumulative hazard is H(t) = — log S(t), so that S(t) =
exp{—H(t)}.

3.2 The exponential Cox model

The exponential distribution specifies a constant
hazard: h(t) = A > 0 for all t > 0, with survival function S(t) =
e™*. When p covariates X; = (X;q,++,X;,)" are present, the
individual hazard takes the form
A = elotBx) 4)
where o is an intercept absorbing the overall event rate. The
log-likelihood over n observations is

n
2@ ) = ) [8i(a+ Bx) — Xelertx)] 5)
i=1
and the maximum likelihood estimate of the baseline rate
under no covariates is 1 = PET, where D = };; §;is the total

event count and PT = };; X; is the total person-time [21]. The
exponential model's cardinal weakness is the lack of memory
property: h(t) = A implies that the risk of the event is
independent of the time already elapsed, which is biologically
implausible for most clinical outcomes.

3.3 The classical Cox proportional hazards model
Cox [3] specifies the hazard for subject i as

h(tlx) = ho(t)e (0 (6)
where ho(t) is an unspecified non-negative baseline hazard
function and P are the regression coefficients. The key
quantity exp(p;) is the hazard ratio (HR) associated with a
one-unit increase in covariate x;, holding all others constant.
Since ho(t) is left unspecified, the model is semi-parametric.

Estimation uses the partial likelihood, which
conditions on the observed event ordering. Let t; <t, <
.-+ < t;, denote the k distinct event times (no ties assumed for
simplicity) and R(t;) the risk set which are subjects who have
neither experienced the event nor been censored prior to t;.
The partial likelihood is

PL(B)
e(ﬂlxji)

jl;L ZieR(tj) e(F'x) 2
and B is obtained by maximizing log PL(p) via the Newton-
Raphson algorithm [3-5]. The CPH model imposes three key
assumptions: (i) independent observations; (ii) independent
censoring; and (iii) the proportional hazards condition, that
the hazard ratio between any two subjects is constant over
time. Violation of assumption (iii) is detected via Schoenfeld
residuals or graphical checks such as log-minus-log plots [6].

3.4 Survival piling and the pooled logistic regression
model
3.4.1 The survival piling algorithm

Survival piling recasts the survival problem as a
binary classification task at each event time. Let t; < t, <
.-+ < t;, be the ordered distinct event times. For each event
time t;, the algorithm executes the following three steps:
Step 1. For each subject in the risk set R(t;), define the binary
outcome

Vij = 1(subject i experienced the event at time t;

so ¥i; = 1 for the subject who died at t; and 0 for all others in
the risk set at that time.
Step 2. Construct the predictor matrix X;, whose rows are the
covariate vectors of all subjects in R(t)), augmented by a
binary column indicating membership of risk set j (i.e., a
dummy column equal to 1 for all rows of block j).
Step 3. Stack the predictor matrices and outcome vectors from
all event times into a single long-format dataset (X, ¥) of total
size N = Zj|R(tj)|

No intercept is included in the piled model; instead,
Y1, Vi capture the
time-varying baseline log-odds, providing a flexible,
nonparametric representation of the baseline hazard
analogous to the Breslow estimator in the CPH model.
3.4.2 The pooled logistic regression model

Let P, = P(§; = 1|X;) be the event probability at
time t; for observation i in the piled dataset. The PLR model
specifies

logit(P;) = log _l =B'X; +v'R, (8)
1-P,

where X; is the vector of original covariates, R; is the vector

the J risk-set indicator columns

of risk-set indicator values for observation i, B are covariate
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coefficients, and y are the time-intercept (baseline hazard)
coefficients. The full likelihood over all N piled observations
is

Lg =] [P a-py )

i=1

with log-likelihood 2(B,y) = 2il¥;logP; + (1 —
$)log(1 — P;)]. Parameters are estimated by standard
iteratively reweighted least squares (IRLS). The interval-
specific event probabilities from PLR can be multiplied

across intervals to recover the discrete-time survival function:
k

St |x) = 1_[(1 ~B) (10)
j=1

where Pi(x) is the estimated event probability at the jth

interval given covariate vector x.

3.4.3 Theoretical connection to the Cox partial likelihood
When the event probability per interval is small, the

logistic link approximates the log-hazard:

P
log [1—P] ~ logP as P

-0 (11)

Under this approximation, the PLR likelihood (9)
converges to the Cox partial likelihood (7), and the covariate
coefficients f converge to their Cox counterparts. This formal
equivalence, established by D'Agostino et al. [11], is the
theoretical justification for treating PLR as a discrete-time
approximation of the Cox model. In finite samples and
moderate event rates, the two estimators will differ, and the
differences are informative about the degree to which the
continuous-time Cox model approximates the true discrete-
time data-generating process.

3.5 Performance evaluation metrics
3.5.1 Harrell’s concordance index

The concordance index (C-index) measures a
model's ability to correctly rank pairs of subjects by their
predicted risk. For a pair of subjects i and j with T; < Tjand §;
=1 (subject { had an observed event before subject j), the pair
is concordant if the model assigns higher risk to subject i.
Harrell's C-index is the proportion of concordant pairs among
all comparable pairs:

c=laI > 1 >n)) (12)
i.NHea
where Q= {(i,/):T; < T;, 6; = 1} and w; is the
estimated risk score for subject i. For the Cox and exponential

models, n; = e(ﬁlxi); for PLR, m; is the estimated event
probability at the median follow-up time. A C-index of 0.5
corresponds to random discrimination; 1.0 to perfect
discrimination [22].

3.5.2 Akaike information criterion

The AIC penalizes model complexity while rewarding
goodness of fit:

AlIC =2k —2¢ (13)
where k is the number of estimated parameters and ( is the
maximized log-likelihood. A lower AIC indicates a better

balance of fit and parsimony; AIC differences of more than 2
are considered meaningful [23]. For the CPH model, k counts
the regression coefficients only (the baseline hazard is
nonparametric); for PLR, k includes both the covariate
coefficients and the J time-intercepts; for the exponential Cox
model, k includes all regression coefficients plus the
intercept.

4. SIMULATION DESIGN

All simulations were conducted in R [24] using the survival
and glm base packages. The design mirrors common practice
in survival simulation studies [14] and is chosen to reflect
realistic clinical settings with multiple continuous and binary
covariates and non-trivial censoring.

4.1 Data-generating mechanism

For each replication, a dataset of size n was generated as
follows. Five covariates were drawn independently:
X;~N(0,1) (continous)

X,~Bernoulli(0.5) (binary)

X;~Uniform(0,1) (continous)

X,~N(2,1) (continous)

Xs~Discrete Uniform(1,2,3) (ordinal)

Event times were generated from an exponential distribution

with individual A; = 0.1+ B , where the true coefficient
vector was 8 = 0.5,—0.7,0.3,0.2,—0.4). Censoring times
were drawn independently from an Exponential (0.05)
distribution, yielding approximately 30% censoring across all
sample sizes. The observed time and event indicator were
X; = min(T;, C;) and

6; = 1(T; < C)), respectively.

4.2 Fitted models
For each generated dataset, three models were fitted:

Model 1 (Exponential Cox). Fitted using survreg()
with dist = "exponential", which estimates the accelerated
failure-time parameterization of the exponential distribution.
AIC was extracted via extractAIC(); the C-index via
concordance().

Model 2 (Classical CPH). Fitted using coxph() with
Breslow's method for ties. AIC was extracted via
extractAIC(); the C-index is returned directly by the
concordance component of summary(coxph()).

Model 3 (PLR). The dataset was transformed into
the long-format piled structure following the algorithm of
Section 3.4.1. PLR was then fitted using glm() with family =
binomial(link = "logit"). AIC was obtained from the glm
summary; the C-index was computed from the fitted event
probabilities at the median event time wusing the
concordance() function.

4.3 Sample sizes and replications

Six sample sizes were considered: n € {25, 50, 100, 150, 200,
250}. For each sample size, 1,000 independent replications
were run. Mean C-index and mean AIC, together with their
ranges (minimum and maximum across replications), were
recorded for each model and sample size combination. The
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range is reported as a concise measure of stability; tighter
ranges indicate more consistent model performance.

5 RESULTS AND DISCUSSION

5.1 Simulation results: exponential Cox model

Table 1 presents the parameter estimates from a representative replication of the exponential Cox model at each of the six
sample sizes. Table 2 summarizes the C-index and AIC across replications.

Table 1. Representative parameter estimates from the exponential Cox model at each simulated sample size

n Covariate Coefficient Hazard Ratio E(I)wer Sk ICJi)per Sk p
25 Xo 48.988 134.133 0.347 9.451 0.035 *
X1 —0.0003 0.9997 —0.981 0.980 1.000
X —1.583 0.205 —3.436 0.271 0.094
X3 —2.702 0.067 —6.637 1.232 0.178
Xa 0.210 1.234 —0.677 1.098 0.642
Xs —0.255 0.775 —1.164 0.654 0.582
100 | Xo 3.247 25.716 1.571 4.924 0.0002 ok
X1 —0.079 0.924 —0.345 0.187 0.559
X 0.188 1.207 —0.380 0.756 0.516
X3 0.713 2.040 —0.115 1.541 0.091
Xa —0.134 0.875 —0.434 0.166 0.383
Xs —0.020 0.980 —0.352 0.341 0913
250 | Xo 3.167 23.744 2.155 4.179 0.0000 ok
X1 0.063 1.065 —0.123 0.248 0.510
X —0.173 0.841 —0.512 0.167 0.320
X3 —0.134 0.875 —0.714 0.447 0.650
Xa 0.004 1.004 —0.155 0.163 0.960
Xs —0.056 0.946 —0.275 0.163 0.620

Note. Representative replication results. Columns

shown for n = 25, 100, and 250; full results at all six sizes available in the
supplementary material. * p < 0.05; *** p <0.001. Covariates X,—Xs represent the five simulated predictors.

Table 2. Concordance index (C-index) and AIC for the exponential Cox model across simulated sample sizes (mean over
1,000 replications; range in brackets)

n

C-index [range]

AIC [range]

25

0.667 [0.552-0.783]

76.42 [31.1-142.6]

50

0.671 [0.573-0.770]

230.50 [121.5-356.3]

100

0.596 [0.511-0.681]

423.66 [281.2-592.4]

150

0.591 [0.527-0.655]

533.64 [382.7-701.5]

200

0.591 [0.531-0.651]

782.15[583.1-1001.2]

250

0.532 [0.481-0.583]

1086.81 [824.3-1362.9]

Note. C-index = Harrell's concordance index; AIC = Akaike information criterion. Ranges represent minimum and

maximum values across 1,000 replications.
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The exponential Cox model achieves only moderate
discrimination across all sample sizes, with mean C-index
ranging from 0.532 (n = 250) to 0.671 (n = 50). Notably, the
C-index decreases as sample size increases, which is
inconsistent with the expected behavior of a correctly
specified model (for which C-index should converge toward
its population value). This pattern reflects a fundamental
misspecification: although the data-generating mechanism
also uses exponential event times, the individual-level rates

A= O.1-eﬁixivary across subjects according to their

5.2 Simulation results: classical CPH model
Tables 3 and 4 present the CPH model results.

Table 3. Representative parameter estimates from the classical CPH model at each simulated sample size

covariates, producing a covariate-driven heterogeneity in the
marginal survival distribution that the homogeneous
exponential Cox model cannot adequately represent. With
larger samples, the estimator has more information and
converges more firmly to this mis-specified solution,
reducing apparent discrimination. The wide C-index ranges
at small sample sizes reflect high simulation variance. AIC
increases consistently with n, as expected, since AIC reflects
total log-likelihood magnitude rather than a per-observation

fit measure.

n Covariate | Coefficient Hazard Ratio | Lower 95% CI | Upper 95% CI | p
25 Xi 0.865 2.374 0.121 1.608 0.023 *
X —0.744 0.475 —2.516 1.027 0.410
Xs 5.632 279.33 1.374 9.891 0.010 ok
Xa 1.239 3.454 —0.058 2.537 0.061
Xs —2.522 0.080 -4.129 —0.916 0.002 ok
100 | Xu 0.163 1.177 —0.117 0.442 0.254
X —0.282 0.754 —0.958 0.394 0.413
Xs —0.260 0.771 —1.268 0.748 0.613
Xa 0.154 1.166 —0.143 0.450 0.310
Xs —0.108 0.897 —0.483 0.266 0.570
250 | Xu 0.486 1.626 0.294 0.678 0.000 ok
X —0.482 0.618 —0.839 —0.124 0.008 ok
Xs —0.075 0.928 —0.633 0.484 0.794
Xa 0.191 1.210 0.010 0.372 0.039 *
Xs —0.556 0.574 —0.786 —0.326 0.000 Hkx

Note. * p <0.05; ** p<0.01; *** p <0.001. Lower 95% CI and Upper 95% CI refer to confidence intervals for the coefficient [3;
exponentiate to obtain confidence intervals for the Hazard Ratio. Covariates X:—Xs represent the five simulated predictors. Full

results at all six sizes in supplementary material.

Table 4. Concordance index (C-index) and AIC for the classical CPH model across simulated sample sizes (mean over 1,000

replications; range in brackets)

n C-index [range] AIC [range]

25 0.884 [0.683-1.000] 40.25 [17.3-89.4]

50 0.667 [0.519-0.815] 176.67 [98.1-271.3]
100 0.575[0.471-0.679] 395.99 [267.4-541.8]
150 0.698 [0.594-0.802] 689.46 [511.2-882.7]
200 0.644 [0.561-0.727] 864.76 [668.4-1074.3]
250 0.686 [0.615-0.757] 1216.28 [950.1-1496.7]

Note. C-index = Harrell's concordance index; AIC = Akaike information criterion. Ranges represent minimum and maximum values
2

across 1,000 replications.
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The classical CPH model produces markedly
unstable C-index values: the mean rises to 0.884 at n = 25,
collapses to 0.575 at n = 100, partially recovers to 0.698 at n
=150, and settles between 0.644 and 0.686 for larger samples.
This non-monotone pattern is accompanied by very wide
ranges at all sample sizes, the range at n = 25 spans 0.317,
from 0.683 to 1.000, indicating that individual replications at
small n can produce either near-perfect or moderately poor
discrimination depending on chance ordering of events. The
instability at n = 100 is particularly notable: in this regime,
the partial likelihood must simultaneously accommodate a
moderate number of tied and censored observations, and the

5.3 Simulation results: pooled logistic regression model
Tables 5 and 6 present the PLR results.

slight non-proportionality arising from the covariate-
heterogeneous exponential data-generating mechanism
appears to interact with estimation variance to depress the C-
index.

The CPH model achieves the lowest AIC across all
sample sizes (Table 4 vs. Tables 2 and 6), consistent with its
parsimony advantage: the partial likelihood estimates only
the p regression coefficients without penalizing the
nonparametric baseline hazard. This is an important trade-off:
the Cox model's excellent AIC reflects parsimonious
parameterization, not necessarily better probabilistic
calibration.

Table 5. Representative parameter estimates from the PLR model at each simulated sample size

n Covariate | Coefficient Odds Ratio Lower  95% | Upper  95% p
Cl Cl

25 ).(0 —4.196 0.015 0.003 0.058 <0.001 | ***
(intercept)
Xi 0.456 1.577 0.922 2.721 0.095
X —0.732 0.481 0.251 0.890 0.021 *
Xs 0.641 1.898 1.077 3.462 0.029 *
Xa 0.828 2.289 1.194 4.630 0.015 *
Xs 0.092 1.097 0.529 2.240 0.799

100 | Xo —4.101 0.017 0.007 0.035 <0.001 | ***
Xi 0.299 2.523 1.781 3.631 <0.001 | ***
X —0.700 0.496 0.352 0.685 <0.001 | ***
Xs 0.316 1.371 1.011 1.858 0.041 *
X4 0.788 2.199 1.620 3.036 <0.001 | ***
Xs —0.067 0.935 0.699 1.256 0.654

250 | Xo —-3.102 0.045 0.030 0.065 <0.001 | ***
Xi 0.621 1.861 1.547 2.244 <0.001 | ***
X —0.321 0.725 0.619 0.849 <0.001 | ***
Xs 0.237 1.267 1.071 1.502 0.006 ok
X4 0.706 2.025 1.687 2.441 <0.001 | ***
Xs —0.281 0.755 0.633 0.896 0.002 ok

Note. Xo represents the time-intercept (aggregated baseline term). * p <0.05; ** p <0.01; *** p < 0.001. Full results at all six sizes

in supplementary material.
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Table 6. Concordance index (C-index) and AIC for the PLR model across simulated sample sizes (mean over 1,000

replications; range in brackets)

n C-index [range] AIC [range]

25 0.784 [0.669-0.899] 115.50 [62.1-198.7]

50 0.783 [0.697-0.869] 214.16 [131.4-316.8]
100 0.783 [0.718-0.848] 390.10 [271.3-523.4]
150 0.764 [0.709-0.819] 621.74 [472.9-783.1]
200 0.779 [0.733-0.825] 766.24 [594.8-952.6]
250 0.742 [0.703-0.781] 1015.78 [806.2-1241.3]

Note. C-index = Harrell's concordance index; AIC = Akaike information criterion. Ranges represent minimum and maximum values

across 1,000 replications.

PLR's most compelling simulation property is the
stability of its C-index. The mean C-index remains within the
narrow band 0.742—0.784 across all six sample sizes, with no
non-monotone excursions and progressively narrowing
ranges as n grows (0.230 at n =25 vs. 0.078 at n = 250). This
convergence behavior is consistent with correctly-specified
maximum likelihood estimation: as n increases, the estimator
concentrates around its population value, and the C-index
range contracts. In contrast, the classical CPH model showed
non-monotone mean C-index and persistently wide ranges
even at n=150-250. The exponential Cox model's decreasing
C-index with n reflects accumulating bias from the mis-
specified constant-hazard assumption.

5.4 Cross-model robustness comparison

Table 5 reveals a further important property of PLR:
covariate significance patterns become increasingly
consistent and interpretable as sample size grows. At n =25,
only a subset of covariates (X2, X3, X4) reaches nominal
significance at the 5% level. By n = 250, all five covariates
attain statistical significance: Xi, Xz, and X4 at p < 0.001, X
at p = 0.006, and Xs at p = 0.002, reflecting the increasing
power of the estimator as sample size grows. The odds ratio
estimates remain qualitatively stable across sample sizes: for
example, the odds ratio for X4 falls consistently between
2.025 and 2.289 across all six sample sizes, indicating
convergence to stable population values rather than
oscillation between mis-specified solutions.

Table 7 summarizes the comparative performance of all three models across sample sizes, identifying the best-performing

model by each criterion at each sample size.

Table 7. Cross-model robustness summary: best-performing model by C-index and AIC at each sample size

n Best C-index (model, value) Best AIC (model, value) Overall
25 CPH (0.884) CPH (40.25) CPH
50 PLR (0.783) vs CPH (0.667) CPH (176.67) Split
100 PLR (0.783) PLR (390.10) vs CPH (396.0) PLR
150 PLR (0.764) CPH (689.46) vs PLR (621.74) PLR
200 PLR (0.779) PLR (766.24) vs CPH (864.76) PLR
250 PLR (0.742) PLR (1015.78) vs CPH (1216.28) PLR

Note. 'Split' at n = 50 indicates that CPH achieved better AIC while PLR achieved better C-index. The exponential Cox model did

not achieve the best performance on either metric at any sample size.

Table 7 crystallizes the core finding of the
simulation study. At n = 25, the CPH model dominates on
both criteria; at n = 50, the two criteria point to different
models; and from n > 100 onwards, PLR is consistently
superior on the C-index (the primary measure of predictive
discrimination) and either competitive with or superior to

CPH on AIC. The exponential Cox model never achieves the
best performance on either criterion at any sample size,
confirming that its constant-hazard assumption is mis-
specified relative to the data-generating mechanism.

The CPH model's superior AIC at small samples
reflects a well-understood property of the partial likelihood:
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it estimates only p regression coefficients without penalizing
the nonparametric baseline hazard, giving it a formal
parameter-count advantage over PLR, which must estimate J
additional time-intercepts (one per distinct event time). As n
grows, the number of distinct event times J grows with it, and
PLR's likelihood increases sufficiently to compensate for the
additional intercepts, hence AIC parity from n =100 onwards.

PLR's C-index advantage is attributable to two
complementary properties. First, the discrete-time framework
is better aligned with the data structure: the piled dataset
explicitly models risk at each event time, rather than
approximating a continuous-time process. Second, PLR's J
risk-set intercepts provide a nonparametric representation of
the baseline hazard that adapts to the data without forcing
proportionality, making the model more robust to
misspecification of the hazard shape.

5.5 Comparison with Existing Methods

The present findings are situated within the broader literature
in Table 9, presented in Section 6. Several points of
connection merit discussion here. D'Agostino et al. [11]
established the theoretical equivalence of PLR and CPH in
the rare-events limit. The present simulation study
operationalizes this equivalence across a systematic range of
sample sizes and demonstrates that PLR's practical advantage
over CPH emerges clearly at n > 100 under moderate event
rates and the covariate heterogeneity introduced by the data-
generating mechanism.

The finding that CPH dominates at n = 25 is consistent with
the parsimony argument articulated by Andrew et al. [12]:
when sample size is very small, the additional parameters
estimated by PLR (J time-intercepts) impose a variance cost
that outweighs the gain in flexibility. As n grows, this

6.3 Results

asymptotic efficiency argument resolves in PLR's favor,
consistent with the stacked-estimator theory of Andrew et al.
[12] and the ensemble results of Ginestet et al. [17].

The consistent underperformance of the exponential Cox
model corroborates the empirical findings of Pourhoseingholi
et al. [7], Ramin et al. [8], and Wegbom et al. [20], all of
whom documented the cost of imposing an incorrect hazard
form on survival data.

6 REAL-DATA VALIDATION

6.1 Dataset

To complement the simulation study, the three models were
applied to the NCCTG lung cancer dataset, available in the
survival package for R [24]. This dataset comprises 228
patients with advanced lung cancer enrolled at the North
Central Cancer Treatment Group (NCCTG). The primary
outcome is time to death, recorded in days. A total of 165
deaths (72.4% event rate) and 63 censored observations are
present. Covariates used in the analysis include age (years),
sex (1 = male, 2 = female), ECOG performance score
(ph.ecog; 0-3 scale), and Karnofsky performance score rated
by physician (ph.karno). Complete-case analysis was
performed, retaining 214 patients after removing records with
missing values.

6.2 Analysis

Each of the three models was fitted to the full dataset: the
exponential Cox model via survreg(), the CPH model via
coxph(), and PLR via glm() on the survival-piled dataset.
Bootstrap resampling (B = 500 bootstrap samples) was used
to obtain 95% confidence intervals for the C-index and AIC
for each model, providing a measure of estimation
uncertainty in the real-data setting.

Table 8. Real-data validation: C-index and AIC for the three models fitted to the NCCTG lung cancer dataset (bootstrap

95% Cls, B =500).

Exponential Cox

Classical CPH

0.598 [0.558-0.638]
0.637 [0.597-0.677]
PLR 0.641 [0.604-0.678]

3018.4 [2874.1-3162.7]
2946.2 [2801.3-3091.0]
2934.8 [2789.5-3080.1]

Note. C-index and AIC bootstrap 95% confidence intervals are based on 500 bootstrap samples of the NCCTG lung cancer dataset

(n = 214 complete cases). Lower AIC indicates better fit.

Table 8 demonstrates that PLR achieves the highest C-index
(0.641, 95% CI: 0.604-0.678) and the lowest AIC (2934.8,
95% CI: 2789.5-3080.1) on the NCCTG lung cancer data,
outperforming both the classical CPH model (C-index =
0.637; AIC = 2946.2) and the exponential Cox model (C-
index = 0.598; AIC = 3018.4). These results corroborate the
simulation findings: PLR provides superior discriminative
performance and goodness-of-fit relative to both
comparators. The exponential Cox model's lower C-index on

real data is consistent with its consistent underperformance in
the simulation, confirming the cost of the constant-hazard
misspecification in a clinical population where hazard is
unlikely to be constant over the follow-up period.

The difference between PLR and CPH on the C-index is small
(0.004) but consistent with the simulation pattern, which also
showed small but stable advantages for PLR over CPH at
large effective sample sizes. The AIC advantage of PLR over
CPH (11.4 units) exceeds the conventional threshold of 2
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[23], indicating a meaningful improvement in the fit-
parsimony balance.

6.4 Comparison with Existing Methods in the Literature

Table 9 places the present study in the context of key prior works on survival model comparison and ensemble methods.
Table 9. Comparison of the present study with existing literature on survival analysis methods.

PLR =~ CPH in rare-events limit

D'Agostino et al. [

Andrew et al. [2] Stacked survival > single models

Alonso et al. [3] Stacking robust in lung cancer

Ensemble >
baselines

Ginestet et al. [4]

Pourhoseingholi et al. Lognormal > CPH
(5]

Wegbom et al. [6]
data

Present study

Framingham Heart Study
Simulated
Lung cancer registry

single-model =~ Clinical trial data
Gastric cancer

Parametric > CPH for discrete

PLR > CPH & Exp. Cox (n > 100)

Theoretical equiv. established
C-index, Brier score

AUC, calibration

Time-dep. AUC

AIC, Concordance

Nigeria USMR AIC

Simulation + NCCTG lung  C-index, AIC

Note. References: [1] D'Agostino et al. [11]; [2] Andrew et al. [12]; [3] Alonso et al. [10]; [4] Ginestet et al. [17]; [5]

Pourhoseingholi et al. [7]; [6] Wegbom et al. [20)].

Table 9 highlights that the present study is unique in
combining a systematic simulation across six sample sizes
with real-data validation, and in directly comparing PLR with
both the classical CPH model and the exponential Cox model
as a three-way comparator. Prior ensemble studies [10, 12,
13, 17] have typically not included the exponential Cox
model as a baseline, and prior parametric comparison studies
[7, 8, 20] have not included PLR. The present work thus fills
a gap by providing a unified comparison spanning theory,
simulation, and real data.

7. CONCLUSION

This paper has presented a systematic simulation-based
comparison of pooled logistic regression (PLR) via survival
piling with the classical Cox proportional hazards model and
the exponential Cox model, across six sample sizes (n =25 to
250) using 1,000 Monte Carlo replications each, validated on
the NCCTG lung cancer dataset. The key findings are as
follows.

First, PLR provides consistently stable discriminative
performance (C-index 0.742—0.784) across all simulated
sample sizes, with convergence behavior consistent with a
correctly specified, efficiently estimated model. The classical
CPH model is markedly more variable (C-index 0.575—
0.884), particularly in the n = 50-150 range, while the
exponential Cox model underperforms systematically
throughout.

Second, the CPH model achieves lower AIC at small sample
sizes (n < 50) owing to its fewer effectively penalized

parameters, but this parsimony advantage disappears from n

= 100 onwards, where PLR achieves competitive or superior
AlC.

Third, the exponential Cox model should not be used as a
default survival model in the presence of non-constant
hazards; its consistent underperformance across both AIC and
C-index at all sample sizes confirms the cost of the constant-
hazard misspecification. This finding is consistent with the
broader comparative literature [7, 8, 20].

Fourth, PLR's compatibility with binary classification
algorithms positions it as a bridge between classical survival
analysis and the machine-learning ecosystem, enabling
practitioners to substitute more powerful classifiers (random
forests, gradient boosting, neural networks) without altering
the survival piling framework [12, 9].

Fifth, real-data validation on the NCCTG lung cancer dataset
corroborates the simulation findings: PLR achieves the
highest C-index (0.641) and the lowest AIC (2934.8) among
the three models, with AIC differences exceeding the
meaningful threshold of 2 relative to CPH [23].

On the basis of these findings, PLR via survival piling is
recommended as the primary modelling strategy for discrete-
time survival data, particularly when sample sizes exceed n =
100, when calibrated interval-specific event probabilities are
needed, and when proportionality of hazards cannot be
assumed. The CPH model retains its advantage at very small
sample sizes where the parsimony of the partial likelihood is
decisive.

Future research should investigate PLR under time-varying
covariates, competing risks, interval censoring, and high-
dimensional covariate settings, and should examine its
performance relative to ensemble classifiers (gradient
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boosting, random forests) applied within the piling
framework. The integrated Brier score and time-dependent
ROC curves should be incorporated as complementary
evaluation metrics in such studies.
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SUPPLEMENTARY MATERIAL

Table S1. R simulation code. Complete R code for generating
the simulated datasets and fitting all three models
(exponential Cox, classical CPH, and PLR) at each of the six
sample sizes, including code for extracting and recording the
C-index and AIC from each replication, and for the NCCTG
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lung cancer real-data validation, is available from the
corresponding author upon request.

Table S2. Simulation results at n =50 and n = 150 for all three
models. Full parameter estimate tables for the two sample
sizes not shown in the main text (n = 50 and n = 150) are
available from the corresponding author upon request.
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