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Clinical time-to-event data are routinely collected across multiple healthcare institutions
but are rarely pooled due to privacy regulations such as GDPR and HIPAA. This fragmenta-
tion limits the development of robust and generalizable survival models for clinical decision-
making. Federated Survival Analysis (FSA) enables collaborative modeling without sharing
patient-level data, but the reliability, calibration, and robustness of survival models in fed-
erated settings remain insufficiently understood. We present FSA-Bench, a comprehensive
benchmark for evaluating survival models under realistic federated and multi-institutional
healthcare conditions. FSA-Bench includes classical statistical methods (Kaplan Meier,
Weibull Accelerated Failure Time, and Cox Proportional Hazards), machine learning mod-
els, and modern deep learning approaches, including attention-based federated architectures
such as FedPAttn. The benchmark evaluates these models across diverse clinical datasets
under realistic challenges, including heterogeneous patient populations, varying censoring
rates, and non-IID data distributed across multiple institutions. Across diverse clinical
benchmark datasets, we evaluate model performance using clinically meaningful metrics,
including discrimination (time-dependent C-index), calibration (Integrated Brier Score and
negative log-likelihood), and ranking consistency using Spearman’s correlation, Kendall’s
rank correlation, stability, and Jaccard similarity. An aggregated cross-dataset analysis fur-
ther provides a comprehensive assessment of ranking robustness, revealing that Fed CoxPH
offers the strongest overall ranking consistency, while FedPLSTM and FedPAttn achieve the
highest stability and top-model agreement across heterogeneous federated settings. Collec-
tively, FSA-Bench establishes a standardized and reproducible evaluation framework for
benchmarking federated survival models and offers practical guidance for selecting reliable
survival modeling approaches in privacy-preserving, multi-institutional healthcare environ-
ments.

1. Introduction

Survival (time-to-event) analysis plays a central role in clinical research and decision-
making, supporting applications such as prognosis, disease progression modeling, and treat-
ment evaluation. In practice, survival data are distributed across multiple healthcare in-
stitutions and cannot be readily pooled because of privacy regulations such as HIPAA and
GDPR. This fragmentation limits the development of robust and generalizable survival
models that reflect diverse patient populations. Federated Survival Analysis (FSA)
addresses this challenge by enabling collaborative model training without sharing patient-
level data. Instead, institutions train models locally and exchange only model parameters or
summary statistics, preserving privacy while leveraging distributed clinical data. However,
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federated learning introduces additional challenges, including heterogeneous patient popu-
lations, institutional variability, non-IID data distributions, and varying censoring patterns,
all of which can substantially affect model reliability and generalizability.

Several survival models has been adapted to federated settings, including classical sta-
tistical approaches such as Kaplan—Meier estimators (von Maltitz et al., 2021), Accelerated
Failure Time (AFT) models (Saikia and Barman, 2017), and Cox proportional hazards
(CoxPH) models (Seidi et al., 2024), as well as machine learning and deep learning methods
such as DeepHit (Lee et al., 2018), DeepPseudo (Rahman et al., 2021), and attention-based
federated architectures including FedPAttn (Rahman and Purushotham, 2023). While these
approaches differ in their modeling assumptions and complexity, there remains no systematic
benchmark that evaluates their performance under realistic federated, multi-institutional
healthcare conditions. Existing benchmark studies have focused primarily on centralized
settings. For example, SurvBenchmark (Zhang et al., 2022b) provides a comprehensive com-
parison of survival models using pooled datasets, while subsequent studies (Burk et al., 2024;
Oexner et al., 2025) evaluate statistical and machine learning methods under centralized
learning. Although these benchmarks provide valuable insights into predictive performance,
they do not address the unique challenges of federated healthcare, including heterogeneous
client distributions, varying censoring rates, institutional variability, or the reproducibility
of model explanations. Consequently, they provide limited guidance for selecting reliable
survival models for privacy-preserving, multi-institutional clinical applications. Table 1
summarizes the key differences between existing benchmark studies and FSA-Bench.

In this work, we introduce FSA-Bench, the first comprehensive benchmark for feder-
ated survival analysis. We systematically evaluate statistical, machine learning, and deep
learning survival models across ten real-world clinical datasets under realistic federated
learning settings. Beyond conventional predictive performance, FSA-Bench evaluates dis-
crimination, calibration, robustness, and explanation stability, providing a comprehensive
assessment of model reliability. In particular, we introduce an explanation-stability evalu-
ation that measures the consistency of feature importance rankings across cross-validation
folds, federated clients, and centralized versus federated training using rank-based agree-
ment metrics. Our main contributions are summarized as follows:

e We introduce FSA-Bench, the first comprehensive benchmark for federated survival
analysis, comprising ten diverse multi-institutional clinical datasets with realistic hetero-
geneity, censoring patterns, and federated data distributions.

e We develop a unified evaluation framework that systematically evaluates federated
survival models using complementary metrics for discrimination, calibration, probabilistic
accuracy, robustness, and explanation stability.

e We present the first benchmark of explanation stability for federated survival anal-
ysis by quantifying the consistency and reproducibility of feature importance rankings
across folds, sites, and learning paradigms.

e We provide the first comprehensive comparison of statistical, machine learning, and
attention-based federated survival models under realistic heterogeneous, multi-institutional
healthcare settings.

e We provide practical guidelines for trustworthy federated survival model selec-
tion through the joint evaluation of discrimination, calibration, robustness, and expla-
nation stability.
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Table 1: Comparison of existing benchmark studies for survival analysis. Prior work primarily
evaluates centralized settings, whereas our work provides the first comprehensive benchmark for
federated survival analysis.

Zhang et al. Dirick et al. Burk et al. Oexner et al.

Aspect Property (2022b) (2017) (2024) (2025) This Work
Data. Centralized v v v v v
Federated - - - - v
Non-param. - - v - v
Statistical ~ Semi-param. v v v v v
Parametric - v — - v
Tree-based v - v v v
ML Deep v - v v v
Attention — - — - v
Ranking v v v v v
. Discrimination v - v - v

Evaluation .

Censoring - - - - v
Stability - - - - v
Cancer v - v v v
Events Infectious v - v v v
v Organ failure v - v v v
Other v v - N v

Generalizable Insights about Machine Learning in the Context of Healthcare

Survival (time-to-event) analysis is fundamental to clinical decision-making, supporting
prognosis, risk stratification, and treatment evaluation. In real-world healthcare settings,
these data are inherently distributed across institutions and cannot be centrally aggre-
gated because of privacy regulations, motivating Federated Survival Analysis (FSA) as
a framework for privacy-preserving, multi-institutional modeling. Our results show that
model performance in federated settings is driven primarily by data characteristics, in-
cluding heterogeneity, censoring, and institutional variability, rather than model class or
training paradigm alone. While federated models achieve discrimination comparable to
centralized approaches, they exhibit important differences in calibration, robustness, and
explanation stability. Attention-based federated models (e.g., FedPAttn) provide more sta-
ble and better-calibrated survival predictions, whereas federated Cox proportional hazards
models demonstrate the strongest overall consistency in feature importance rankings across
sites and data partitions. Our explanation-stability analysis further reveals that models
differ substantially in the reproducibility of their feature importance rankings under het-
erogeneous federated settings. In particular, classical statistical models generally produce
more consistent explanations, while some deep learning models exhibit greater variability,
indicating that strong predictive performance does not necessarily imply reliable or repro-
ducible explanations. Overall, our benchmark demonstrates that trustworthy evaluation
of federated survival models should extend beyond discrimination to jointly assess calibra-
tion, robustness, and explanation stability. These findings provide practical guidance for
selecting survival models that are not only accurate but also reliable, interpretable, and
reproducible for privacy-preserving, multi-institutional healthcare applications.



AHMED PURUSHOTHAM

2. Related Work

Survival analysis has long been used for clinical time-to-event prediction, with classical
statistical methods such as the Kaplan—-Meier estimator (Kaplan and Meier, 1958), Cox
proportional hazards (CoxPH) (Cox, 1972), and Accelerated Failure Time (AFT) mod-
els (Kalbfleisch and Prentice, 2002) serving as the foundation of clinical risk modeling.
More recently, these approaches have been extended to federated learning to enable privacy-
preserving model development across multiple institutions. To improve modeling flexibility,
deep learning methods such as DeepHit (Lee et al., 2018), DeepPseudo (Rahman et al.,
2021), and the FedPseudo framework (Rahman and Purushotham, 2023) have been pro-
posed, allowing nonlinear survival modeling under heterogeneous federated settings. How-
ever, existing studies typically focus on individual models or a single model family rather
than providing a systematic comparison across diverse survival approaches.

Several benchmark studies have evaluated survival models in centralized settings. For
example, SurvBenchmark (Zhang et al., 2022b) compares statistical and deep learning sur-
vival models using pooled datasets, while large-scale evaluations (Burk et al., 2024; Oexner
et al., 2025) assess classical and machine learning approaches across multiple datasets. Other
studies, such as (Dirick et al., 2017), focus on specific application domains. Although these
benchmarks provide valuable insights into predictive performance, they assume centralized
data and do not evaluate the challenges introduced by federated healthcare, including het-
erogeneous client distributions, varying censoring rates, and institutional variability.

Table 1 summarizes the key differences between existing benchmarks and FSA-Bench.
In contrast to prior work, FSA-Bench provides the first unified benchmark for federated
survival analysis, evaluating statistical, machine learning, and attention-based models un-
der realistic multi-institutional settings. Beyond conventional predictive performance, our
benchmark jointly evaluates discrimination, calibration, robustness, and explanation stabil-
ity, enabling a comprehensive assessment of both predictive reliability and the reproducibil-
ity of model explanations across heterogeneous federated healthcare environments.

3. FSA-Bench

In this section, we describe the design of FSA-Bench, including the benchmark datasets,
survival models, and evaluation framework used throughout the study. An overview of the
proposed framework is shown in Fig. 1. The pipeline begins with data extraction, prepro-
cessing, and feature selection to construct standardized time-to-event datasets distributed
across multiple federated clients. We evaluate a diverse set of federated survival models
spanning three categories: classical statistical models (Kaplan-Meier, AFT Weibull, and
Cox proportional hazards), statistical neural models (NNPH and NNnPH), and deep learn-
ing approaches (DeepPseudo, DeepHit, FedPDNN, FedPLSTM, and FedPAttn).

To ensure a fair and reproducible comparison, all models are evaluated using a consis-
tent cross-validation protocol across all datasets. Performance is assessed using clinically
relevant survival analysis metrics, including the time-dependent C-index, Integrated Brier
Score (IBS), and negative log-likelihood (NLL) to measure discrimination, calibration, and
goodness-of-fit. In addition, we evaluate explanation stability by quantifying the consis-
tency of feature importance rankings across folds, sites, and data partitions using rank-
based agreement metrics. This comprehensive evaluation framework enables a systematic
comparison of predictive performance, robustness, and interpretability, providing a rigorous
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assessment of federated survival models under realistic heterogeneous, multi-institutional
healthcare settings.

FSA-Bench Framework
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Figure 1: Overview of FSA-Bench Framework

3.1. Real-world Distributed Survival Datasets

We evaluate FSA-Bench on multiple real-world distributed survival datasets with diverse
characteristics in terms of sample size, feature dimensionality, event rates, and censoring
patterns. Key dataset characteristics are summarized in Table 2, while their distributions
are illustrated in Appendix Fig. 7. Collectively, these datasets represent a broad spectrum
of healthcare applications, encompassing diverse patient populations, clinical characteris-
tics, disease domains, and geographical regions. TCGA (National Cancer Institute, 2026a)
is a large multi-center cancer dataset comprising 17 cancer types collected across institu-
tions in North America and Europe. Aids2 (Kemp, 2003) contains survival data for AIDS
patients in Australia, whereas LeukSurv provides survival outcomes for patients with acute
myeloid leukemia in the United Kingdom. Pbc3 (Lombard et al., 1993; de Boer et al., 2024)
includes patients with primary biliary cirrhosis treated at multiple European hospitals and
contains extensive clinical and biochemical measurements. Dialysis (SA CARVALHO et al.,
2003) provides survival data for hemodialysis patients from 67 clinics across Brazil. The
d.oropha.rec (Drysdale, 2022) and CGD (Fleming and Harrington, 2013) datasets originate
from multicenter clinical trials on oropharyngeal carcinoma and chronic granulomatous dis-
ease conducted in the United States and Europe, respectively. UIS (Auton, 2000) includes
survival data for drug-dependent individuals in the United States, while Scania (Dribe and
Quaranta, 2020) contains historical survival records of adults aged 50 years and older from
nineteenth-century rural Sweden. Finally, SEER (Rahman and Purushotham, 2022) is a
large U.S. population-based cancer registry containing detailed demographic, tumor, and
treatment information.

To emulate realistic federated healthcare environments, we preserve naturally occurring
institutional or geographically defined partitions whenever available. For example, Pbc3
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Table 2: Data sets summary

Dataset Samples Variables Event(%) Censoring(%) # clients Data link
TCGA 6084 283 30.50% 69.50% 7 https://www.cancer.g
(National Cancer Institute, 2026a) ov/ccg/research/geno
(Rahman and Purushotham, 2023) me-sequencing/tcga
Aids2 2839 3 62.03% 37.97% 4 https://rdrr.io/cran
(Kemp, 2003; Drysdale, 2022) /MASS/man/Aids2.html
LeukSurv 1043 4 84.28% 15.72% 24 https://rdrr.io/cran
(Drysdale, 2022) /spBayesSurv/man/Leu
(Henderson et al., 2002) kSurv.html
Pbc3 349 12 17.48% 82.52% 6 https://www.rdocumen
(Lombard et al., 1993) tation.org/packages/
(de Boer et al., 2024) pec/versions/2025.06
.24/topics/Pbc3
Dialysis 6805 2 23.56% 76.44% 67 https://rdrr.io/cran
(Drysdale, 2022) /RcmdrPlugin. surviva
(SA CARVALHO et al., 2003) 1/man/Dialysis.html
Oropharyngeal Carcinoma 192 12 72.40% 27.60% 6 https://rdrr.io/cran
(Aalen et al., 2008) /invGauss/man/d.orop
(Drysdale, 2022) ha.rec.html
cgd 128 8 34.38% 65.62% 4 https:
(Drysdale, 2022) //rdrr.io/cran/survi
(Fleming and Harrington, 2013) val/man/cgd.html
uis 628 7 80.89% 19.11% 2 https://github.com/g
(Drysdale, 2022) raemeleehickey/hosme
(Auton, 2000) r-lemeshow/blob/maste
r/edition2/uis.txt
scania 1040 4 52.60% 47.40% 5 https:
(Dribe and Quaranta, 2020) //cran.r-project.org
(Drysdale, 2022) /web/packages/eha/re
fman/eha.html#scania
SEER 25749 11 25.36% 74.64% 3 https:
(Rahman and Purushotham, 2022) //seer.cancer.gov/

(National Cancer Institute, 2026b)

consists of 349 patients distributed across six European hospitals with substantial variation
in client size, event prevalence, and censoring rates (Table 5), while Dialysis comprises 6,805
patients from 67 Brazilian clinics with clinic-level censoring rates ranging from 37.5% to
nearly 100%. Preserving these natural client partitions captures realistic heterogeneity in
patient populations, sample sizes, event distributions, and censoring patterns, providing a
more representative and clinically relevant evaluation setting for federated survival analysis.

3.2. Federated Survival Models

Federated survival models enable collaborative learning across distributed healthcare in-
stitutions without sharing raw patient data. To provide a comprehensive benchmark, we
evaluate a diverse set of survival models spanning classical statistical methods, neural sur-
vival models, and deep learning approaches under a common federated learning framework.

3.2.1. FEDERATED STATISTICAL SURVIVAL MODELS

Federated Kaplan—-Meier (Fed. KM) The Federated Kaplan-Meier estimator (Hansen
et al., 2022) is a non-parametric method that estimates the global survival function by ag-
gregating client-level summary statistics, including the number at risk and the number of
observed events, without sharing individual patient records.

Federated Accelerated Failure Time (Fed. AFT—Weibull) The Federated Accel-
erated Failure Time (AFT) model (Hu et al., 2025) employs a Weibull distribution to model
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the relationship between covariates and survival time. Each client estimates local model
parameters, which are aggregated to construct a global parametric survival model.

Federated Cox Proportional Hazards (Fed. CoxPH) The Federated Cox propor-
tional hazards model (Seidi et al., 2024) estimates a global hazard function by collaboratively
learning the effects of covariates on survival risk through the exchange of intermediate statis-
tics. As a semi-parametric approach, it remains one of the most widely adopted methods
for clinical survival analysis.

3.2.2. FEDERATED MACHINE LEARNING SURVIVAL MODELS

To overcome the modeling assumptions of classical survival methods, we also evaluate sev-
eral machine learning and deep learning approaches capable of learning complex nonlinear
relationships from heterogeneous federated data.

DeepPseudo DeepPseudo (Rahman et al., 2021) uses pseudo-values derived from survival
estimates as training targets. A feed-forward neural network is trained locally at each client,
and model parameters are periodically aggregated to obtain a global survival model.

DeepHit DeepHit (Lee et al., 2018) discretizes survival time into intervals and directly
models the joint distribution of event times and outcomes using a deep neural network.
The model jointly optimizes likelihood and ranking objectives and is trained collaboratively
through federated parameter aggregation.

Federated Neural Cox Models (NNPH and NNnPH) We evaluate two neural ex-
tensions of the Cox PH model (Zhang et al., 2022a): NNPH, which preserves the propor-
tional hazards assumption, and NNnPH, which relaxes this assumption by incorporating
time-varying effects. Both models employ neural networks to learn nonlinear risk represen-
tations while optimizing survival-specific loss functions under federated training.

FedPseudo Framework FedPseudo (Rahman and Purushotham, 2023) employs Feder-
ated Pseudo Values (FPVs) as supervision instead of raw survival times and event indicators.
Clients compute local FPVs using globally aggregated summary statistics and train one of
three neural architectures:

e FedPDINN: A fully connected feed-forward neural network for modeling nonlinear
survival relationships.

e FedPLSTM: An LSTM-based architecture (Hochreiter and Schmidhuber, 1997) that
captures temporal dependencies in pseudo-values.

e FedPAttn: A Bi-LSTM with a global attention mechanism (Sun et al., 2021) that
models complex temporal patterns while emphasizing informative time-dependent rep-
resentations.

Collectively, these models represent a broad spectrum of statistical and learning-based
approaches for FSA. Their diverse modeling assumptions and architectural designs enable
a comprehensive evaluation of predictive performance, calibration, robustness, and expla-
nation stability under realistic heterogeneous, multi-institutional healthcare settings.

3.3. Predictive Performance Evaluation

We evaluate predictive performance using three complementary survival analysis metrics
that assess discrimination, calibration, and probabilistic accuracy: the time-dependent C-
index, Integrated Brier Score (IBS), and negative log-likelihood (NLL). Together, these
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metrics provide a comprehensive evaluation of survival prediction quality under heteroge-
neous federated settings.

Time-dependent C-index. We adopt the time-dependent C-index proposed by Antolini
et al. (Antolini et al., 2005), based on the concordance framework of Harrell et al. (Harrell
et al., 1982), to evaluate a model’s ability to correctly rank patients according to their risk
of experiencing an event. Higher values indicate better discrimination.

Integrated Brier Score (IBS). IBS (Graf et al., 1999) evaluates calibration by measur-
ing the discrepancy between predicted survival probabilities and observed outcomes while
accounting for censoring through inverse probability of censoring weighting (IPCW). Lower
values indicate better calibration.

Negative Log-Likelihood (NLL). Negative log-likelihood (NLL, also referred to as
NBLL) (Yang and Berdine, 2015) measures the agreement between the predicted survival
distribution and observed event times. Lower values indicate better probabilistic accuracy
and complement the C-index and IBS by evaluating the overall quality of predicted survival
distributions.

3.4. Interpretability and Explanation-Stability Analysis

To assess the robustness and reproducibility of model explanations, we introduce an explanation-

stability analysis based on SurvSHAP (Krzyzinski et al., 2023). SurvSHAP computes time-

dependent feature attribution values for survival predictions, enabling quantitative com-
parisons of feature importance across different training settings. Let ¢; j(t) denote the

SurvSHAP value of feature j for test instance ¢ at evaluation time ¢. The overall impor-

tance of feature j is obtained by averaging the absolute attribution values across all test

instances and evaluation time points: I; = ﬁ Zf\;l > 7 i (t)|, where N denotes the
number of test instances and T represents the evaluation time grid. Features are ranked
according to I, and ranking consistency is evaluated across three complementary settings

(Appendix Fig. 8):

e Fold-level consistency: compares feature rankings obtained from globally trained fed-
erated models across different cross-validation folds.

e Site-level consistency: evaluates whether feature importance rankings remain con-
sistent across heterogeneous federated clients using local training data as the reference
dataset.

e Partition-level consistency: compares feature rankings generated by centralized and
federated models using identical reference and test datasets, isolating the effect of the
learning paradigm on model explanations.

For all analyses, explanations are computed over a common evaluation grid defined by
the 10th, 20th, ..., 90th, and 99th percentiles of the observed survival-time distribution.
Time-dependent SurvSHAP values are aggregated across all evaluation time points before
constructing the final feature rankings.

Explanation stability is quantified using three complementary metrics. Spearman’s rank
correlation and Kendall’s rank correlation coefficient measure agreement between feature
rankings, while Jaccard similarity measures the overlap among the highest-ranked features.
Together, these metrics provide a comprehensive assessment of the consistency, robustness,
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and reproducibility of model explanations across folds, clinical sites, and federated data
partitions.

4. Experiments

We conduct experiments on ten real-world survival datasets to evaluate federated survival
models under realistic multi-institutional healthcare settings. Our experiments are designed
to answer the following research questions:

(Q1) How does predictive performance differ between centralized and federated survival
models?

(Q2) How do federated survival models perform under varying censoring rates?

(Q3) How does the number of participating clients affect model performance?

(Q4) What insights can be drawn regarding predictive reliability, calibration, and expla-
nation stability in federated survival models?

Feature Selection. To ensure a fair and consistent comparison across datasets, we adopt a
filter-based feature selection strategy (Bagherzadeh-Khiabani et al., 2016). Location-specific
variables (e.g., spatial coordinates and institutional identifiers) are removed to prevent
information leakage and artificially inflated performance. This ensures that models are
evaluated using clinically meaningful predictors under realistic heterogeneous and non-IID
federated settings.

Implementation Details. All statistical and machine learning survival models are
implemented in Python, while the FedPDNN, FedPLSTM, and FedPAttn models are im-
plemented using NVIDIA FLARE (Roth et al., 2022). All experiments employ stratified
5-fold cross-validation, with three folds used for training, one for validation, and one for
testing. Reported results correspond to the mean and standard deviation across the test
folds. To ensure a fair comparison, we use standard model configurations without extensive
dataset-specific hyperparameter tuning, thereby avoiding bias toward individual methods.
Deep learning models are trained using the Adam optimizer with a learning rate of 1073,
dropout of 0.05, and a maximum of 250 training epochs. Early stopping with a patience of
25 epochs is applied based on validation performance. Federated models are trained for up
to 50 communication rounds with early stopping. Evaluation metrics are computed over a
common time grid spanning the 10th to the 99th percentile of the observed survival times
at 10-percentile intervals. Continuous features are standardized using statistics computed
from the training data within each cross-validation fold to prevent data leakage. To facili-
tate reproducibility, the source code, benchmark configuration, and processed datasets are
publicly available on GitHub. Unless otherwise stated, all experiments use identical data
partitions, evaluation protocols, and preprocessing pipelines across models to ensure a fair
and reproducible benchmark.

4.1. Centralized versus Federated Predictive Performance

Observation: Figure 2 compares the discrimination performance of centralized (CL) and
federated learning (FL) models using the time-dependent C-index. Overall, federated learn-
ing achieves discrimination comparable to centralized learning across most datasets, partic-
ularly for larger cohorts such as TCGA, LeukSurv, SEER, and Dialysis. In several cases,
FL slightly outperforms CL, especially for attention-based and neural survival models, sug-
gesting that collaborative learning can effectively leverage distributed clinical data without
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Figure 2: Comparison of time-dependent C-index (mean =+ standard deviation) for centralized (CL)
and federated learning (FL) models across the ten benchmark datasets. Error bars denote the
standard deviation across the cross-validation folds.

requiring centralized data sharing. In contrast, performance differences become more pro-
nounced for smaller and more heterogeneous datasets, including Pbc3, UIS, and Scania,
where federated models exhibit greater variability. These results indicate that predictive
performance is influenced more by dataset characteristics, such as sample size, censoring,
and client heterogeneity, than by the learning paradigm itself.

Discussion: The results demonstrate that federated learning can closely match cen-
tralized discrimination performance when sufficient data are available across participating
institutions. However, discrimination alone does not fully characterize model reliability. As
demonstrated in the following sections, calibration, robustness, and explanation stability
provide complementary insights that are essential for selecting reliable survival models in
federated healthcare environments.

Clinical Implications: Comparable discrimination between centralized and federated
learning suggests that privacy-preserving collaborative modeling can be achieved without
substantial loss in predictive accuracy. This finding supports the adoption of federated
survival analysis in multi-institutional healthcare systems where patient data cannot be
centrally pooled. Nevertheless, institutions with limited sample sizes or highly heteroge-
neous patient populations should carefully evaluate calibration, robustness, and explanation
stability before clinical deployment.

Limitations: Centralized and federated learning operate under fundamentally different
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assumptions, as centralized models have access to pooled data whereas federated models
are trained on distributed, potentially non-IID datasets. Although this analysis focuses on
discrimination, calibration results show only modest differences between the two paradigms.
Averaged across the ten benchmark datasets, the IBS increased by only 0.0163, 0.0159, and
0.0091 for FedPDNN, FedPLSTM, and FedPAttn, respectively, under federated training,
indicating only a small reduction in calibration relative to centralized learning. Finally,
differences in client distributions, sample sizes, and censoring patterns may also contribute
to the observed variability across datasets.

4.2. Performance under Varying Censoring Rates

Observation: Figure 3 summarizes predictive performance across datasets with vary-
ing censoring rates using discrimination (time-dependent C-index), probabilistic accuracy
(NLL), and calibration (IBS). Across all three metrics, predictive performance generally de-
grades as censoring increases, with a more pronounced decline beyond approximately 50%
censoring. Nevertheless, the federated deep learning models (FedPDNN, FedPLSTM, and
FedPAttn) consistently maintain competitive performance across a wide range of censoring
levels. In particular, FedPAttn frequently achieves the highest C-index, while FedPDNN
and FedPAttn generally obtain lower NLL and IBS values, indicating improved calibration
and probabilistic accuracy. Statistical models, particularly Fed CoxPH, remain competitive
on several datasets but exhibit greater variability under highly censored conditions.

Discussion: These results demonstrate that censoring is a major factor influencing
predictive performance in federated survival analysis. Although all methods experience
performance degradation as censoring increases, federated deep learning models exhibit
smaller relative declines in discrimination and calibration, suggesting greater robustness to
incomplete follow-up. Furthermore, the complementary behavior of the C-index, IBS, and
NLL highlights that strong discrimination does not necessarily imply well-calibrated survival
probabilities, reinforcing the importance of evaluating multiple performance dimensions.

Clinical Implications: High censoring rates are common in longitudinal clinical stud-
ies because of patient dropout, loss to follow-up, and limited observation periods. Models
that maintain robust discrimination and calibration under these conditions are therefore
more suitable for clinical risk stratification, prognosis estimation, and treatment planning.
The consistently strong performance of the federated deep learning models suggests that
they provide reliable survival predictions even in challenging, highly censored federated
healthcare environments.

Limitations: This analysis evaluates predictive performance across a representative
collection of benchmark datasets but does not include formal statistical significance testing.
In addition, differences in sample size, feature distributions, client heterogeneity, and cen-
soring patterns may contribute to the observed variability and should be considered when
interpreting model performance across datasets.

4.3. Effect of the Number of Participating Clients

Observation: Figure 4 illustrates the relationship between calibration performance (IBS)
and the number of participating clients, representing different levels of federation. Over-
all, the federated deep learning models (FedPDNN, FedPLSTM, and FedPAttn) maintain
competitive calibration across both small- and large-scale federated settings. For datasets
with relatively few participating clients (e.g., UIS and SEER), differences among models are
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Figure 3: Predictive performance under varying censoring rates across all evaluated survival models.
The three panels report (top) time-dependent C-index (7, higher is better), (middle) Integrated Brier
Score (IBS, |, lower is better), and (bottom) Negative Log-Likelihood (NLL, |, lower is better).
Results are shown as the mean £ standard deviation across benchmark datasets. In the top panel,
the red dashed curve denotes the censoring rate (right axis), and the vertical dotted line indicates
the approximate 50% censoring threshold.

Dataset indices: 1-LeukSurv, 2-UIS, 3-d.oropha.rec, 4-Aids2, 5-Scania, 6—cgd, 7-TCGA, 8-
SEER, 9-Dialysis, 10-PBC3.
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Figure 4: Integrated Brier Score (IBS; lower is better) as a function of the number of participating
clients. Each subplot corresponds to a survival model and reports the mean + standard deviation
across the benchmark datasets. The green dashed line denotes the number of participating clients
(right axis).

generally small, suggesting limited sensitivity to federation scale when client heterogeneity
is modest. In contrast, datasets with a larger number of participating clients (e.g., Dialysis)
exhibit greater variability, where FedPDNN and FedPAttn consistently achieve lower IBS
values, indicating more robust calibration under increased data decentralization.

Discussion: These results suggest that predictive performance is influenced more by
client heterogeneity than by the number of participating clients alone. Increasing the num-
ber of clients does not consistently improve or degrade model performance; rather, cali-
bration depends on the underlying distribution of data across institutions. The ability of
the federated deep learning models to maintain stable calibration across diverse federation
scales indicates their robustness to varying degrees of data decentralization.

Clinical Implications: Healthcare federations may range from a small number of
hospitals to large multi-institutional networks. The ability of federated deep models to
maintain consistent calibration across different federation scales supports their applicabil-
ity in privacy-preserving collaborations without requiring centralized data sharing.

Limitations: The number of participating clients is only one aspect of federation com-
plexity. Client heterogeneity, non-1ID data and feature distributions, and censoring patterns
may have a greater influence on model performance than federation scale alone.

4.4. Statistical Significance and Evaluation Rigor

To assess whether FedPAttn provides statistically significant improvements over other fed-
erated survival models, pairwise comparisons are performed using the two-sided Wilcoxon
signed-rank test. Datasets are treated as independent experimental units, using the mean
C-index from cross-validation for each model and dataset. FedPAttn is compared with Fed.
KM, AFT Weibull, Fed. CoxPH, LinearPH, DeepPseudo, DeepHit, NNPH, and NNnPH.
Comparisons with missing results are restricted to datasets with valid paired observations.
To account for multiple comparisons, p-values are adjusted using Holm’s procedure, with
Prolm < 0.05 considered statistically significant. We additionally report wins-losses, median
paired C-index differences (AC), and rank-biserial correlations (7yp).
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Table 3: Pairwise Wilcoxon signed-rank comparisons of FedPAttn with federated survival baselines.
Holm correction was applied across eight comparisons.

Comparator n W-L W p PHolm Med. AC Trp

Fed. KM 10 10-0 O 0.00195 0.0156 +0.1026 +1.000
AFT Weibull 10 7-3 14 0.1934 0.7734 +0.0107  +40.491
Fed. CoxPH 10 64 23 0.6953 0.7734 +0.0051  40.164
LinearPH 8 62 4 0.0547 0.2734 +0.0298  40.778
DeepPseudo 10 9-1 2 0.00586 0.0410 +40.0657 40.927
DeepHit 8 7-1 2 0.0234 0.1406 +0.0508  40.889
NNPH 8 5-3 11  0.3828 0.7734 +0.0124  +0.389

NNnPH 8 5— 9 0.2500 0.7734 +0.0070  +0.500

Notes: n: paired datasets; W—L: FedPAttn wins—losses; W: Wilcoxon statistic; AC: median C-index
difference (FedPAttn — comparator); r,p: rank-biserial correlation. Positive values favor FedPAttn.
Bold indicates ppoim < 0.05.

Observation: FedPAttn significantly outperformed Fed. KM (ppom = 0.0156) and
DeepPseudo (pyoim = 0.0410), with 10-0 and 9-1 wins-losses, respectively. Both compar-
isons showed large effect sizes (ry, = 1.000 and 0.927). FedPAttn also showed favorable
performance against DeepHit & LinearPH, with large positive effect sizes, although these
comparisons did not remain statistically significant after Holm correction.

Discussion: The median paired C-index difference was positive across eight baseline
comparisons, indicating that the overall dataset-level performance consistently favored Fed-
PAttn. These results provide statistically supported evidence of improvement over Fed.
KM & DeepPseudo, while the large effects against DeepHit & LinearPH suggest additional
performance advantages may require more datasets to establish statistical significance.

Limitations: Statistical power is limited by the small number of datasets and, for some
baselines, missing paired results. Consequently, potentially meaningful differences may not
reach significance after multiple-comparison correction. Evaluation on additional datasets
would provide a more comprehensive assessment of statistical robustness.

4.5. Explanation Stability Analysis

Observation: Table 4 summarizes explanation stability across the four benchmark datasets
(LeukSurv, SEER, PBC, and CGD). Fed CoxPH achieves the strongest overall ranking
consistency, obtaining the best average performance in four of the eight evaluation metrics,
particularly at the site and partition levels. Among the federated deep learning models,
FedPLSTM achieves the highest overall stability, while FedPAttn obtains the highest Jac-
card similarity, indicating the most consistent preservation of the highest-ranked features
across different data partitions. Overall, classical statistical survival models, particularly
Fed CoxPH, remain highly competitive for producing consistent feature rankings, whereas
FedPLSTM and FedPAttn demonstrate the most stable explanations among the deep learn-
ing approaches. In contrast, DeepHit exhibits the greatest variability across datasets, indi-
cating lower explanation robustness under heterogeneous federated settings.

Discussion: These results demonstrate that predictive accuracy alone is insufficient for
selecting federated survival models. Models with comparable predictive performance may
differ substantially in the consistency and reproducibility of their explanations. Evaluating
explanation stability therefore provides complementary information that is particularly im-
portant for trustworthy clinical decision support.

Clinical Implications: In clinical practice, consistent feature importance rankings im-
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Table 4: Aggregate ranking consistency and robustness across the four benchmark datasets (Leuk-
Surv, SEER, PBC, cgd). Results are reported as the mean + standard deviation computed across
datasets. Fold-, site-, and partition-level consistency are evaluated using Spearman’s rank correla-
tion (p) and Kendall’s rank correlation coefficient (7). Stability measures the consistency of model
rankings across federated partitions, while Jaccard similarity quantifies the overlap among the top-
ranked models. Higher values indicate better ranking consistency and robustness. The best average
performance in each metric is highlighted in bold.

Model Fold p Fold 7 Stability Site p Site 7 Jaccard Partition p Partition 7
FedPDNN 0.673£0.292  0.56240.267  0.609£0.187  0.801+0.123  0.709 £0.137  0.7324+0.119  0.726 £0.209  0.616 = 0.230
FedPLSTM  0.741+0.218 0.632+0.238 0.779+£0.175 0.882+0.056 0.790 £0.072  0.768 £0.105  0.664 £0.232  0.570 % 0.259

FedPAttn 0.732+0.221  0.630+0.261  0.703 £0.196  0.870 £0.066  0.784 £0.093 0.802+£0.134 0.611+0.281  0.515£0.312
AFT Weibull ~ 0.620 £0.264  0.516 £0.289  0.564 £0.240  0.890 +0.046 ~ 0.814 £0.057  0.7624+0.172  0.624 £0.259  0.517 4 0.292
DeepHit 0.5394+0.341  0.454+0.290  0.608 £0.055  0.523+0.222  0.418 £0.174  0.570£0.276  0.579+0.269  0.413 £ 0.229
LinearPH 0.7624+0.300  0.6824+0.298  0.703 £0.252  0.857+0.095 0.768 £0.097  0.603 £0.368  0.618 +0.304  0.515 4 0.261
NNPH 0.673+0.215  0.543+0.221  0.656 £0.172  0.708 £0.247  0.597 £0.223  0.653 £0.161  0.7724+0.190  0.659 & 0.243
NNnPH 0.490+£0.372  0.340£0.357  0.705£0.108  0.601 +£0.212  0.498 £0.181  0.461 £0.187  0.534+0.333  0.431 £ 0.300

Fed CoxPH 0.727+£0.302  0.633£0.302  0.684 £0.220 0.938+:0.051 0.872+0.094 0.791+£0.207 0.8284+0.130 0.706 £0.189
DeepPseudo 0.601+£0.239  0.443+0.160 0.601£0.221  0.827+0.099  0.742+0.111  0.777£0.112  0.5744+0.286  0.492 £0.219

prove the transparency and reproducibility of survival models across healthcare institutions.
The strong explanation stability of Fed CoxPH, together with the robust performance of
FedPLSTM and FedPAttn, suggests that these models provide reliable explanations suit-
able for multi-institutional clinical deployment.

Limitations: Explanation stability was evaluated using SurvSHAP and may vary
across explanation methods. Future work should assess robustness using alternative ex-
plainability techniques and larger clinical datasets.

4.6. Overall Insights, Clinical Relevance, and Limitations

—— FedPAttn —— FedPDNN FedCoxPH — —— AFT

(a) C-index + System Factors (b) NLL + System Factors (c) IBS + System Factors

0.

S

Metric
System factors (min-max scaled)
Metric
3
>

°
=
°
=

System factors (min-max scaled)
Metric
System factors (min-max scaled)

e S F & g O
S & & L
& & & 6@\4" &

Figure 5: Comparison of representative survival models across datasets. Lines denote mean perfor-
mance and shaded regions represent + standard deviation. Top row: (a) C-index, (b) NLL, and
(c) IBS. Bottom row: Corresponding trends with censoring rate (red dashed) and number of clients
(green dotted, scaled). Federated deep models demonstrate improved stability across varying cen-
soring levels and distributed settings.

Observation: Figure 5 summarizes the overall benchmark results across discrimination,
calibration, and probabilistic accuracy. The federated deep learning models, particularly
FedPAttn and FedPDNN, consistently achieve strong predictive performance across multi-
ple datasets while exhibiting relatively small variability. Performance generally decreases as
censoring increases, whereas the number of participating clients has a comparatively smaller
influence. Together with the explanation-stability analysis, these results indicate that data
characteristics, including censoring and client heterogeneity, are more influential than the
learning paradigm or federation scale alone.
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Discussion: Collectively, the experiments demonstrate that no single model is uni-
formly optimal across all evaluation dimensions. Federated deep learning models provide a
favorable balance between discrimination, calibration, and robustness, whereas classical sta-
tistical models, particularly Fed CoxPH, remain highly competitive in terms of explanation
stability and ranking consistency. These findings highlight the importance of evaluating
predictive performance and interpretability jointly when benchmarking FSA models.

Clinical Implications: The results support the use of federated survival analysis for
privacy-preserving, multi-institutional healthcare applications. Evaluating discrimination,
calibration, and explanation stability together enables the selection of models that are not
only accurate but also reliable and interpretable, facilitating trustworthy clinical decision
support for prognosis estimation, patient stratification, and treatment planning.

Limitations: Although FSA-Bench provides a comprehensive evaluation across ten
clinical datasets, several limitations remain. The benchmark focuses on commonly used fed-
erated survival models and evaluation metrics, and additional model architectures, client
configurations, and explanation methods warrant further investigation. Moreover, real-
world federated deployments may involve more complex communication constraints, client
dynamics, and privacy mechanisms than those considered in this study.

5. Conclusion

This paper introduced FSA-Bench, the first comprehensive benchmark for federated sur-
vival analysis, providing a systematic evaluation of statistical, machine learning, and deep
learning survival models under realistic multi-institutional healthcare settings. Beyond
predictive performance, FSA-Bench jointly evaluates discrimination, calibration, robust-
ness, and explanation stability, enabling a more comprehensive assessment of model reli-
ability. Our results show that federated survival models achieve predictive performance
comparable to centralized approaches while preserving patient privacy. Federated deep
learning models, particularly FedPDNN, FedPLSTM, and FedPAttn, consistently demon-
strate strong discrimination, calibration, and robustness under heterogeneous and highly
censored settings, whereas classical statistical models, especially Fed CoxPH, provide the
most consistent and reproducible feature importance rankings. Overall, model performance
is driven more by data characteristics, including censoring and client heterogeneity, than
by the learning paradigm itself. These findings demonstrate that evaluating discrimination
alone is insufficient for selecting federated survival models. Instead, jointly assessing pre-
dictive performance and explanation stability provides a more reliable basis for deploying
trustworthy models for prognosis estimation, risk stratification, and treatment planning in
privacy-preserving, multi-institutional healthcare systems. Future work will extend FSA-
Bench to additional clinical datasets, federated optimization strategies, and explainability
methods while incorporating advanced privacy-preserving techniques and addressing prac-
tical deployment challenges, including heterogeneous computational resources, communica-
tion constraints, and dynamic client participation. Overall, FSA-Bench establishes a stan-
dardized, reproducible evaluation framework and provides practical guidance for selecting
accurate, robust, and interpretable survival models for distributed healthcare applications.
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Appendix A. Federated Survival Analysis Overview

Figure 6 illustrates the overall workflow of the federated survival analysis framework used
throughout this study. Multiple healthcare institutions collaboratively train a shared sur-
vival model while keeping patient-level data local. Model parameters are periodically ag-
gregated by a central server to produce a global model, enabling privacy-preserving learning
across distributed clinical datasets.
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Figure 6: Overview of the federated survival modeling framework.

Appendix B. Federated Survival Dataset Statistics

Figure 7 summarizes the characteristics of the survival datasets included in FSA-Bench.
The visualization highlights the diversity of the benchmark in terms of sample size, feature
dimensionality, censoring rate, and the number of federated clients. Together, these datasets
span a wide range of clinical scenarios and data distributions, providing a comprehensive
evaluation setting for federated survival analysis methods.

Appendix C. Model-interpretation and explanation-stability Analysis

Figure 8 presents the workflow for the model interpretation and explanation-stability anal-
ysis used in FSA-Bench. The framework evaluates the consistency of feature importance
and model explanations across federated clients and the aggregated global model. By com-
paring local and global interpretations, it enables assessment of whether federated training
preserves clinically meaningful explanations while maintaining stable and reliable predictive
behavior across heterogeneous institutions.

Appendix D. Client-level characteristics of the FSA datasets

The following tables(Tables 5, 6, and 7), provide detailed client-level statistics for represen-
tative federated survival datasets used in this study. For each institution (client), we report
the number of samples, observed events, and censored cases. These statistics illustrate
the heterogeneity in client sizes and event distributions across datasets, reflecting realistic
multi-institutional federated learning scenarios and providing context for the experimental
evaluation.
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Table 5: Client-level characteristics of the PBC3 dataset.

Hospital/client Samples, n (%) Events, n (%) Censored, n (%)

London 150 (42.98) 29 (19.33) 121 (80.67)
Copenhagen 46 (13.18) 8 (17.39) 38 (82.61)
Hvidovre 23 (6.59) 4 (17.39) 19 (82.61)
Barcelona 79 (22.64) 16 (20.25) 63 (79.75)
Munich 23 (6.59) 2 (8.70) 21 (91.30)
Lyon 28 (8.02) 2 (7.14) 26 (92.86)
Total 349 (100) 61 (17.48) 288 (82.52)

Table 6: Client-level characteristics of the TCGA dataset.

Region/client Samples, n (%) Events, n (%) Censored, n (%)

Europe 901 (14.81) 260 (28.86) 641 (71.14)
Canada 461 (7.58) 116 (25.16) 345 (74.84)
Northeast 1210 (19.89) 361 (29.83) 849 (70.17)
Midwest 1174 (19.30) 383 (32.62) 791 (67.38)
South 1326 (21.80) 400 (30.17) 926 (69.83)
West 697 (11.46) 169 (24.25) 528 (75.75)
Others 315 (5.18) 165 (52.38) 150 (47.62)
Total 6084 (100) 1854 (30.47) 4230 (69.53)

Table 7: Client-level characteristics of the Aids2 dataset.

Region/client Samples, n (%) Events, n (%) Censored, n (%)

NSW 1780 (62.61) 1116 (62.70) 664 (37.30)
Other 249 (8.76) 142 (57.03) 107 (42.97)
QLD 226 (7.95) 148 (65.49) 78 (34.51)
VIC 588 (20.68) 355 (60.37) 233 (39.63)
Total 2843 (100) 1761 (61.94) 1082 (38.06)
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Figure 7: Visualization of 11 real-world survival datasets used in this study. Each bubble repre-
sents one dataset; its vertical position encodes the number of samples (log scale), its horizontal
position the number of covariates, its colour the censoring rate (%), and its size the number of
federated clients. Larger datasets appear at the top; high-dimensional ones on the right.
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Figure 8: Overview of the model-interpretation and explanation-stability framework.

Appendix E. Model Performance on CL vs FL Partition

Figure 9 compares the predictive performance of survival models under centralized learning
(CL) and federated learning (FL) on the Aids2 and UIS datasets. The results illustrate how
federated training affects discrimination performance across statistical, machine learning,
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and deep learning approaches, highlighting the relative robustness of different models when
learning from distributed clinical data.
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Figure 9: Comparison of predictive performance (C-index, mean =+ standard deviation) across Aids2
and UIS datasets for centralized (CL) and federated learning (FL) settings. Each subplot corresponds
to a dataset and reports results for classical survival models (Fed. KM, AFT Weibull, CoxPH,
LinearPH) and neural approaches (DeepPseudo, DeepHit, NNPH, NNnPH, FedPDNN, FedPLSTM,

FedPAttn). Bars denote mean C-index and error bars indicate standard deviation across runs.

Appendix F. Model Performance

The following tables [8,9] report the Negative Log-Likelihood (NLL) results for all evaluated
models under centralized learning (CL) and federated learning (FL) across the benchmark
datasets. Overall, federated learning generally results in modest increases in NLL compared
with centralized training, reflecting the challenges introduced by distributed and heteroge-
neous data. Classical statistical models exhibit relatively stable performance across learning
settings, whereas deep learning models show greater variability on several datasets. Among
the federated neural approaches, attention-based and fully connected architectures (e.g.,
FedPAttn and FedPDNN) frequently achieve competitive performance and remain compar-
atively robust across datasets, while recurrent models (FedPLSTM) occasionally exhibit
higher variance. These results complement the main paper by providing complete NLL
scores for all datasets and model families.

The following tables [10, 11] present the Integrated Brier Score (IBS) results for all eval-
uated models under centralized learning (CL) and federated learning (FL). Lower IBS values
indicate better calibration of predicted survival probabilities. Consistent with the observa-
tions in the main paper, centralized training generally provides slightly better calibration
than federated learning, although the performance gap varies across datasets and model
families. Classical survival models maintain relatively stable performance under federation,
whereas deep neural models exhibit greater sensitivity to heterogeneous data distributions.
Among the federated neural architectures, FedPDNN and FedPAttn consistently demon-
strate competitive calibration performance across multiple datasets, while recurrent models
(FedPLSTM) show larger variability on some benchmarks. Overall, the detailed IBS results
indicate that model robustness depends on both the learning paradigm and dataset charac-
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Table 8: Model performance comparison across datasets and settings. CL = Centralized Learning,
FL = Federated Learning. Metrics reported is Negative Log-Likelihood (NLL); lower values indicate
better performance.

Non-param. Semi-param. Parametric (DL)

Dataset Setting Fed. KM AFT Weibull Fed. CoxPH LinearPH DeepPseudo DeepHit
TCGA CL 0.6246 +0.0026  0.5497 +0.0186  0.4932 £ 0.0240 0.4933 £0.0210 0.6234 £+ 0.0020 0.4996 + 0.0117
FL 0.6086 £+ 0.0044 0.5358 +0.0193  0.5201 4 0.0157 0.5262 £ 0.0158 4.3553 £0.0186 0.6128 £ 0.0435
Aids2 CL 0.5902 + 0.0084 N/A 0.5867 +0.0140 3.3794 £+ 1.9554  0.5849 £ 0.0077 0.5865 £ 0.0112
FL 0.6216 +0.0048 7.0024 £+ 0.2530 0.5912 £ 0.0149 3.0322 £ 1.6366 0.5777 £+ 0.0207 0.5890 + 0.0225
LeukSurv CL 0.4872 +£0.0157 1.6352 4+ 1.3433 0.4383 £0.0141 0.9052 £ 0.8109 0.4833 £0.0155 0.4772 % 0.0524
FL 0.5914 £0.0289 1.3881 +1.5279 0.4764 4+ 0.0317 1.9563 £ 0.6547 0.6989 £ 0.0445 0.5165 + 0.0208
Pbe3 CL 0.4218 +0.0339 13.5256 £ 0.2975 0.4709 £ 0.0493  2.9803 £4.5280 0.4006 + 0.0374 0.3753 = 0.0322
FL 0.3341 £0.0611 3.8583 +3.6518 0.9443 £ 0.4686 N/A 0.4209 £ 0.0779 N/A
d.oropha.rec CL 0.6135+0.0075 0.7549 4+ 0.2938  0.5838 £0.0139 2.7385 £ 3.7524 0.5957 £ 0.0203 0.5867 + 0.0444
FL 0.6328 £0.0193  0.5505 + 0.0580 0.6086 4 0.0833  0.6316 +0.0741 0.7053 £0.0131  0.8157 £ 0.1615
cgd CL 0.5168 £ 0.0167 12.3243 +0.2504 0.5142 4+ 0.0286 4.3683 & 1.5024 0.5570 £ 0.0868 0.5629 + 0.0818
FL 0.4865 +0.0431 10.4917 +1.8050 0.5619 £ 0.0442 6.2246 + 2.8699 0.7020 + 0.0211  0.5805 % 0.0936
uis CL 0.5821 £0.0075 2.8405+1.9493 0.5686 & 0.0160 0.5696 & 0.0184 0.5854 £ 0.0052 0.5870 £ 0.0131
FL 0.6034 £0.0153 0.6394 +0.3282 0.5691 + 0.0182 0.6372 £ 0.0875 0.5279 £0.1296 0.5681 £ 0.1339
scania CL 0.5406 +0.0142  2.6519 +1.7709  0.5441 £0.0131 3.7802 + 1.3249 0.5407 £ 0.0113  0.5427 + 0.0140
FL 0.5426 £ 0.0338 2.5571 +£2.3722 0.5474+0.0131 3.2377 £2.1356 0.5572 £0.0242 0.5592 £ 0.0218
seer CL 0.6208 +0.0020 6.4997 £+ 5.0275 0.4426 £ 0.0096 0.4789 £ 0.0078 0.6195 + 0.0016 0.4190 + 0.0107
FL 0.6217 +£0.0022 0.4389 +0.0140 0.4417 +0.0123 0.4560 £ 0.0094 0.6253 £ 0.0024 0.4229 £ 0.0122
Dialysis CL 0.5834 £0.0037 3.3051 £4.7757 0.5438 +0.0091 0.5447 £ 0.0108 0.5805 £ 0.0062  0.5468 £ 0.0139
FL 0.5855 +0.0132  0.5505 £ 0.0580  0.5077 £ 0.0102 N/A 0.6653 £ 0.0015 N/A

Table 9: Model performance comparison across datasets and settings. CL = Centralized Learning,
FL = Federated Learning. Metrics reported is Negative Log-Likelihood (NLL); lower values indicate

better performance.

Federated Survival Models

Dataset Setting NNPH NNnPH FedPDNN FedPLSTM FedPAttn
TCGA CL 0.5043 £0.0214 0.5185+0.0228 0.5144 £0.0274 0.6207 +0.1686 0.5744 £ 0.0830
FL 0.5872 £0.0090 0.7284 +0.0889 1.1323 £0.1248 1.6785+0.1692 1.0607 £+ 0.1103
Aids2 CL 1.2222 £1.3714 0.9072 £ 0.7117 0.5837 £0.0132 0.5873 £ 0.0089 0.5834 + 0.0125
FL 0.5879 £0.0170 0.5972 +0.0160 0.6012 £ 0.0429 0.5916 + 0.0296 0.5786 £ 0.0190
LeukSurv CL 0.4417 £0.0141 0.4347 £0.0129 0.4425 +0.0158 0.4436 £ 0.0168 0.4392 £ 0.0096
FL 0.5243 £0.0285 0.5206 = 0.0799 0.4582 £0.0051 0.4851 +0.0212 0.4574 £ 0.0019
Pbe3 CL 0.3452 £0.0270 2.1609 + 3.0607 0.3394 £ 0.0029 0.3420 + 0.0196 0.3580 £ 0.0311
FL N/A N/A 0.3153 £0.0574 0.3567 £+ 0.0893 0.2789 % 0.0935
d.oropha.rec CL 0.5567 £0.0242  0.4347 +£0.0128 0.5697 £ 0.0470 0.5560 + 0.0209 0.5606 £ 0.0385
FL 0.6159 £ 0.0451  0.5206 + 0.0799 0.5745 £ 0.0760 0.6291 + 0.0720 0.5932 £0.1133
cgd CL 1.3707 £ 0.8378  3.8726 + 1.5038 0.5381 £ 0.0449 0.5396 £+ 0.0471 0.5489 + 0.0775
FL 0.9251 £0.6476 0.6951 +0.2340 0.5370 £0.1065 0.5774 +0.0937 0.5300 £ 0.1279
uis CL 0.5842 +£0.0108 1.4118 +1.7874 0.5833 £0.0241 0.5876 + 0.0252 0.5728 £ 0.0135
FL 1.2184 £1.0224 0.9867 +0.1334 0.7766 £ 0.1968 0.5578 4 0.1588 0.5686 + 0.1637
scania CL 0.5563 £0.0216  0.5812 £ 0.0876 0.5418 +0.0141 0.5427 £0.0131 0.5438 £+ 0.0143
FL 1.3669 + 1.7857 0.5706 £+ 0.0239 0.5602 + 0.0228 0.5691 £ 0.0300 0.5629 + 0.0211
seer CL 0.4214 +£0.0140 0.4143 £0.0150 0.4301 +0.0122 0.4541 £+ 0.0057 0.4386 + 0.0204
FL 0.4219 £0.0148 0.4224 £0.0164 0.4454 +0.0240 0.4304 £0.0135 0.5121 £+ 0.0979
Dialysis CL 0.5448 +£0.0101 0.5466 £ 0.0112 0.5461 +0.0138  0.5462 £+ 0.0124 0.5442 £+ 0.0093
FL N/A N/A 0.6135 £ 0.0042 0.5977 £ 0.0499 0.6058 £ 0.0093

teristics, with larger heterogeneous datasets generally exhibiting more stable behavior than
smaller cohorts.
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Table 10: Model performance comparison across datasets and settings. CL = Centralized Learning,
FL = Federated Learning. Metric reported is Integrated Brier Score (IBS); lower values indicate
better performance.

Non-param. Semi-param. Parametric (DL)

Dataset Setting Fed. KM AFT Weibull Fed. CoxPH LinearPH DeepPseudo DeepHit
TCGA CL 0.2183 +£0.0013  0.1850 & 0.0093  0.1644 £ 0.0099 0.1644 £+ 0.0087 0.2177 £ 0.0010 0.1666 + 0.0054
FL 0.2109 £0.0021  0.1808 = 0.0071  0.1755 4 0.0066 0.1783 &£ 0.0069 0.2174 £0.0012 0.2049 £ 0.0124
Aids2 CL 0.2015 £ 0.0037 - 0.1994 +0.0054  0.3801 £ 0.0953  0.1992 £ 0.0034  0.1998 + 0.0050
FL 0.2159 +0.0023  0.4332 4+ 0.0168 0.2008 £ 0.0054 0.3772 £0.0910 0.1985 + 0.0066  0.2009 + 0.0096
LeukSurv CL 0.1562 4+ 0.0065 0.1931 £0.0283 0.1372 £0.0052 0.1653 £ 0.0540 0.1453 £ 0.0063  0.1402 = 0.0051
FL 0.2017 £0.0128 0.1824 +0.0436 0.1424 4+ 0.0058 0.2135 £+ 0.0196 0.2528 £0.0221 0.1667 + 0.0097
Pbe3 CL 0.1301 £0.0130 0.8391 £0.0182 0.1445 £0.0197 0.3407 £ 0.4040 0.1180 £ 0.0160 0.1104 % 0.0080
FL 0.1445 +0.0221  0.3261 £ 0.1566 0.1919 + 0.0298 N/A 0.1514 4+ 0.0298 N/A
d.oropha.rec CL 0.2120 +£0.0037  0.2321 £+ 0.0662 0.1876 £ 0.0155 0.2810 £ 0.1552  0.2040 + 0.0087  0.2009 + 0.0187
FL 0.2214 £0.0082  0.1866 + 0.0238 0.2021 4 0.0194 0.1891 £ 0.0100 0.2560 £ 0.0065 0.2959 + 0.0644
cgd CL 0.1699 £ 0.0069 0.7649 +0.0152 0.1762 4+ 0.0117 0.7150 £ 0.0546  0.1655 £ 0.0145 0.1890 + 0.0352
FL 0.1572 +£0.0192 0.7460 £+ 0.0326  0.1838 £ 0.0103  0.6956 + 0.0916 0.2544 + 0.0105 0.1719 %+ 0.0047
uis CL 0.1976 £0.0033 0.3516 +0.0211 0.1923 +0.0073  0.1922 £ 0.0064 0.1986 £ 0.0026  0.1998 £ 0.0058
FL 0.2074 £0.0070  0.1966 + 0.0652 0.1914 4 0.0074 0.2086 £ 0.0178 0.1796 £ 0.0437  0.1954 + 0.0464
scania CL 0.1827 +£0.0061  0.5167 +0.1122  0.1834 £ 0.0050 0.5699 + 0.0921 0.1823 +0.0049 0.1835 + 0.0057
FL 0.1833 £0.0142 0.4136 +£0.1935 0.1854 4 0.0058 0.4543 £ 0.1876 0.1895 £ 0.0096 0.1898 + 0.0096
seer CL 0.2148 +£0.0009 0.4676 &+ 0.2723  0.1425 £ 0.0039 0.1531 £0.0038 0.2139 £+ 0.0010 0.1349 + 0.0045
FL 0.2153 £0.0010  0.1404 + 0.0057 0.1421 4 0.0048 0.1452 £ 0.0038 0.2157 £ 0.0009 0.1366 + 0.0047
Dialysis CL 0.1982 £ 0.0017 0.3604 &+ 0.3000 0.1816 4 0.0030 0.1821 £ 0.0046 0.1969 £ 0.0027 0.1833 £ 0.0062
FL 0.2087 £+ 0.0062  0.3302 0.1652 + 0.0022 N/A 0.2395 + 0.0016 N/A

Table 11: Model performance comparison across datasets and settings. CL = Centralized Learning,
FL = Federated Learning. Metric reported is Integrated Brier Score (IBS); lower values indicate

better performance.

Federated Survival Models

Dataset Setting NNPH NNnPH FedPDNN FedPLSTM FedPAttn
TCGA CL 0.1681 £0.0101 0.1705+0.0096 0.1722+0.0111 0.1699 + 0.0085 0.1739 £ 0.0145
FL 0.1988 £0.0032 0.2188 +0.0166 0.2355 £ 0.0162 0.2606 4+ 0.0133 0.2418 + 0.0197
Aids2 CL 0.2461 £ 0.0919 0.2394 £+ 0.0868 0.1985 4+ 0.0058 0.2002 £ 0.0040 0.1984 + 0.0055
FL 0.2003 £ 0.0069 0.2029 + 0.0063 0.2017 £0.0116 0.1987 + 0.0089 0.1961 £ 0.0080
LeukSurv CL 0.1395 £ 0.0049 0.1375 £ 0.0060 0.1399 4+ 0.0052 0.1392 £ 0.0066 0.1387 £ 0.0043
FL 0.1600 £ 0.0086 0.1574 +0.0079 0.1458 £0.0033 0.1489 + 0.0077 0.1431 £ 0.0022
Pbe3 CL 0.1017 £0.0016 0.3478 +0.4195 0.1039 £0.0016 0.1058 + 0.0063 0.1091 £ 0.0081
FL N/A N/A 0.1053 £0.0217 0.1054 £ 0.0423 0.0916 + 0.0333
d.oropha.rec CL 0.1891 £0.0100 0.2006 + 0.0087 0.1937 £0.0197 0.1882 + 0.0069 0.1901 £ 0.0158
FL 0.2120 £0.0188 0.2197 +0.0277 0.1963 +£0.0290 0.2141 +0.0242 0.1968 £+ 0.0373
cgd CL 0.4310 £0.2171 0.7075 £ 0.0450 0.1771 +£0.0187 0.1760 £ 0.0174 0.1841 £ 0.0350
FL 0.3267 £0.1889 0.1948 +0.0524 0.1691 £0.0316 0.1929 4+ 0.0460 0.1775 £ 0.0534
uis CL 0.1980 £ 0.0042 0.2380 + 0.0753 0.1976 £+ 0.0080 0.2003 + 0.0116 0.1941 £ 0.0052
FL 0.2581 £ 0.0773 0.2675 £ 0.0224 0.2284 +0.0520 0.1854 £ 0.0491 0.1959 £ 0.0583
scania CL 0.1891 £0.0090 0.1992 +0.0340 0.1831 £0.0059 0.1832 + 0.0056 0.1839 £ 0.0062
FL 0.2772 £0.1869 0.1941 +0.0109 0.1905 £+ 0.0099 0.1941 +0.0122 0.1914 £ 0.0098
seer CL 0.1363 £ 0.0054 0.1333 £0.0058 0.1411 +0.0092 0.1465 £ 0.0054 0.1416 £ 0.0046
FL 0.1364 £0.0054 0.1358 +0.0062 0.1629 £+ 0.0090 0.1437 +0.0138 0.1413 £ 0.0068
Dialysis CL 0.1825 +0.0042 0.1830 £ 0.0047 0.1829 +0.0059 0.1826 £ 0.0048 0.1820 £ 0.0040
FL N/A N/A 0.2178 £0.0034 0.2068 +0.0175 0.2116 £ 0.0025
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