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ABSTRACT

Survival analysis, time-to-event analysis, is an important problem
in healthcare since it has a wide-ranging impact on patients and pal-
liative care. Many survival analysis methods have assumed that the
survival data is centrally available either from one medical center
or by data sharing from multi-centers. However, the sensitivity of
the patient attributes and the strict privacy laws have increasingly
forbidden sharing of healthcare data. To address this challenge,
the research community has looked at the solution of decentral-
ized training and sharing of model parameters using the Federated
Learning (FL) paradigm. In this paper, we study the utilization of FL
for performing survival analysis on distributed healthcare datasets.
Recently, the popular Cox proportional hazard (CPH) models have
been adapted for FL settings; however, due to its linearity and pro-
portional hazards assumptions, CPH models result in suboptimal
performance, especially for non-linear, non-iid, and heavily cen-
sored survival datasets. To overcome the challenges of existing
federated survival analysis methods, we leverage the predictive
accuracy of the deep learning models and the power of pseudo
values to propose a first-of-its-kind, pseudo value-based deep learn-
ing model for federated survival analysis (FSA) called FedPseudo.
Furthermore, we introduce a novel approach of deriving pseudo
values for survival probability in the FL settings that speeds up
the computation of pseudo values. Extensive experiments on syn-
thetic and real-world datasets show that our pseudo valued-based
FL framework achieves similar performance as the best centrally
trained deep survival analysis model. Moreover, our proposed FL
approach obtains the best results for various censoring settings.

CCS CONCEPTS

» Mathematics of computing — Survival analysis; - Comput-
ing methodologies — Neural networks.
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1 INTRODUCTION

Survival analysis, time-to-event analysis, is one of the important
problems studied in healthcare. Solving it has a wide-ranging im-
pact, including better patient and palliative care, treatment and
therapy interventions, and hospital resource allocations, to name a
few. Modern machine learning algorithms such as deep learning
models have achieved excellent performance for survival analy-
sis [5, 17, 20]. Most of the research and model development in
survival analysis has assumed that the survival data is centrally
available either from one medical center or by data sharing from
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multi-centers. However, the sensitivity of the patient data and strict
privacy laws and regulations forbid the sharing of data, which re-
sults in training challenges for the machine learning models as they
require a large amount of training data to learn model parameters.
Therefore, there is a need to develop survival analysis algorithms
to learn from distributed survival datasets. Federated learning (FL),
an emerging distributed machine learning paradigm, has become
popular for learning from decentralized datasets and could be a
promising solution for performing survival analysis from multi-
center datasets. However, multi-center healthcare data, in general,
can be heterogeneous, non-iid, and non-uniformly censored. These
challenges can pose additional hurdles for performing FL for sur-
vival analysis. The main goal of this paper is to develop a new
class of pseudo valued-based deep learning approaches for survival
analysis in a Federated Learning framework.

Recently, Federated learning has been used in many applications,
including healthcare [11]. Even though survival analysis has been
extensively studied in statistics [3], machine learning and health-
care informatics communities [5, 9, 10, 17, 20], there are only a
few works on applying FL for survival analysis [1, 19]. Andreux et
al. [1] proposed a discrete-time extension of the Cox proportional
hazard model by formulating the survival analysis as a classifica-
tion problem with a separable objective function. However, using
the CoxPH model in the FL framework needs to satisfy strong un-
derlying assumptions, such as linearity, proportional hazards, and
common baseline hazard function among clients, which are often
violated in the real-world survival datasets. A common baseline
hazard function is difficult to obtain as different clients have differ-
ent baseline hazard functions, and proportional hazard assumption
is difficult to hold in every center, and thus, the CoxPH-based FL
framework for survival analysis might lead to suboptimal solutions
compared to centralized survival models.

To address the limitations of the existing FL approaches for sur-
vival analysis, we propose a first-of-its-kind, pseudo value-based
deep learning models for federated survival analysis (FSA) called
FedPseudo. FedPseudo relaxes the strong underlying assumptions
needed in the existing FSA approaches and leverages the predictive
accuracy of the deep learning models and the power of pseudo
values in handling censoring to obtain accurate survival analysis re-
sults in a federated setup. Along with the FedPseudo, we introduce a
novel and fast approach of deriving pseudo values for survival prob-
ability for the FL settings, which allows us to model and analyze the
survival data from different clients without sharing data. Extensive
experiments on both synthetic datasets and real-world survival
datasets show that our FedPseudo obtains similar performance as
the best centrally trained deep survival models (gold standard) and
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performs similar to or better than the existing FSA approaches,
especially for various censoring settings.

2 BACKGROUND

Survival Data: Let’s consider a survival dataset D comprising
of time-to-event information about N subjects who are followed
up for a finite amount of time. For a subject i, D is a tuple, D =
{X;, Y;,8i} , where i = 1,2,...,N . X; € RP is a p-dimensional
vector of covariates for the subject i and Y; is the nonnegative
observed time for subject i. Let, T; is the nonnegative survival time
and C; is the nonnegative censoring time for subject i. Then the
observed time for subject i, Y; = min(T;, C;) and the event indicator
di = I(T; £ Gj). In other words, §; = 1, if the jth subject’s observed
time Y; is the event time, T;, whereas §; = 0, if the i’ h subject’s event
time is unknown and we only know the observed time of subject
i is greater than the censoring time C;. Our goal is to estimate
the conditional survival function S(¢|X) = P(T > t|]X = x) ata
particular time t given the covariates X for a subject in a client.

Federated Learning: The idea of federated learning (FL) was
first introduced by Google [14]. In the first step of FL, an aggregation
server initialize a global model w® and set the hyperparameters,
such as learning rate, batch size, and the number of iterations for
training. The global model is sent to the kK number of clients. At
each communication round v, each of the local clients update their
local models lec) based on the global model w®. The updated local
models w} are sent back to the aggregation/global server after
completing each communication round. The aggregation/global
server averages the local updated model and generate a new global
updated model by w?*! = % 2115:1 wy, which is sent back to the
local clients for the next communication round. Federated learning
algorithms overcome the problem of the limited amount of data
in decentralized health centers to develop an efficient model and
preserve the privacy protocol for clinical datasets.

3 OUR PROPOSED METHOD: FEDPSEUDO

We propose FedPseudo for FSA, where we federate a number
of client-specific pseudo value-based deep survival models. At each
client, we formulate the survival analysis problem as a simple re-
gression analysis problem using pseudo values for survival function
as a quantitative response variable. The pseudo values are known
to handle censoring and enable the model to obtain subject-specific
predictions of survival probability. The local model takes the client’s
covariates, X}, as input and the client’s subject-specific pseudo val-
ues (Ji; (t)) as the target variable. In the existing pseudo value-based
deep models [17, 20], the mean squared error (MSE) loss function is
used for model training. However, the different range of the ground-
truth pseudo values and predicted survival probabilities can lead
the MSE to converge to poor local optima. Thus, we introduce a
pseudo value-based loss function for client k at time ¢, Ly (¢) as,
Lic(t) = e X% Uk (1) (1= 28 (¢]xgi)) + 5% (¢l )], where, S(t|x i)
and Ji;(t) respectively are the predicted survival probability and
the pseudo values at time point ¢ for i*h individual in client k.

In the federated settings, we need to carefully derive the pseudo
values since the data at different clients (e.g., different health cen-
ters) may have different data distributions (non-iid). Moreover,
pseudo values in the centralized settings are calculated on the
entire sample, which is infeasible in federated and decentralized
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Algorithm 1 Derivation of pseudo values for the survival proba-
bility in FL setting

Require: Observed times Y, and event status J; of the local
client Cli; k = {1,2,..,K} where Cl is the set of clients, Cl =
{Cl, Cl, .., Clk}, time horizon Tj, pre-specified vector of time
points at which pseudo values will be calculated 7 = {r; < 12 <
.. < )1}, number of individuals ny in client CIy, total number of
individuals, N = ZIk(:l n.

Ensure: Pseudo values for it" individual in client k; Ji; (¢)
for k € Cl in parallel do

Compute the maximum observed time T,Ifmx
Send TK .. to the global server
end for
Tminmax < mingecy Trlrcmx
Specify Tp, = {tp1,tho, - thm}> Where ty; < Tminmaxsj =
1,2,..m
for k € Cl in parallel do
Create a partial matrix M; [rg1,dgj,cxj] € My; for every
tpj, where, ry ; is the number of subjects not experiencing a
event up to the time point ¢, ;, d ; is the total number of event
observed at time tp,;, and c; is the total number of censored
observations at time tp ;.
Send My, to the global server
end for
M — Ykect My
rl d}, c} € M; for every tp;
for j=2,..,mdo
r]'. = r]f_l - d;._l - c}_l
end for v
S(8) =Ty, <t ]r_;]
for k € Cl in parallel do
Send aggregated partial matrix M to client Clj
fori=1,2,...Ndo

1= _
" =T 1

if Tki < th] and 5ki =1 then
7—i ’
dkj — dj -1

end if
if Ty; < ty; and &; = 0 then
r—i ’_
ckj — cj 1
end if
for j=2,...,mdo
r—i _ =i _ i _ =i
" = kG- T (- T k(-1
end for o
N rif =i
k'( _Hj:thjS[T;j
Jei(t) = N S(t) = (N = 1) » S (1)
end for
end for

settings due to strict privacy protocols about data exchange among
clients. To overcome these challenges, we introduce a novel pseudo
value derivation algorithm for FL settings, where we utilize the
statistics from the local clients’ data without sharing the sensitive
patient data across the clients. First, local partial matrices calculated
at clients are sent to the global server, where they are aggregated
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@ Local partial matrix, M,

@ Aggregated global partial matrix, M

@ Population-based global survival function, S(t)
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Figure 1: Our Proposed Federated Survival Analysis Approach: FedPseudo

to obtain the global partial matrix and global survival function.
The global partial matrix is sent back to the clients to compute the
leave-one-out survival function for each client. Then, each client
computes the subject-specific pseudo values for its patients using
the population-based global survival function and the leave-one-
out survival function. The details of the pseudo value derivation
are shown in Algorithm 1.

Federated Training: In our proposed approach, FedPseudo, a
global pseudo value-based deep model, is sent to the randomly
selected local clients from the global server during each communi-
cation round. Each selected client updated their local models with
the global model parameter and then trained using their local data.
The updated models from local clients are sent to the global server,
which aggregates the local models’ updates to update the global
model using an FL algorithm such as FedAvg [15]. The global server
sends the updated global model back to the local clients, and we
repeat the same procedure for some pre-specified communication
rounds. The details are shown in figure 1.

4 EXPERIMENTS

We conducted experiments to answer these questions: (a) how does
FedPseudo compare to the existing FSA approaches? (b) how well do
models perform under different censoring settings? (c) FSA models’
performance compared to centralized survival models?

Table 1: Descriptive statistics of the datasets

# features | # Uncensored | # Censored | # Clients | # training
Dataset
(%) (%) (%) (%) data/ client
METABRIC 9 1103 (58%) 801 (42%) 10 152
SUPPORT 14 6036 (68%) 2837 (32%) 10 709
CC25% 12 15000 (75%) 5000 (25%) 10 1600
CC50% 12 10000 (50%) 10000 (50%) 10 1600
CC75% 12 5000 (25%) 15000 (75%) 10 1600

Datasets: Table 1 shows the descriptive statistics of the datasets.
Real datasets: (a) METABRIC: The Molecular Taxonomy of Breast
Cancer International Consortium (METABRIC) dataset aims at de-
termining new breast cancer subgroups who are at risk of death

using the gene and protein expression profiles and clinical infor-
mation of patients. (b) SUPPORT: Study to Understand Prognoses
Preferences Outcomes and Risks of Treatment (SUPPORT) is the
study of the survival time of seriously ill hospitalized adults [7].
We used the same train-test splits & features as in [5] for real data.
Synthetic Datasets with Different Censoring Settings: We
first construct a complete follow-up (uncensored) dataset by gener-
ating 12 covariates from a multivariate normal distribution with
mean p and variance o2 followed by Weibull distributed survival
times through Cox models [13], taking the nonlinear combination
of covariates. Then we generate 3 case censoring (CC) datasets by
randomly selecting cases with a censoring probability 0.25, 0.50, and
0.75, respectively, from the uncensored dataset. The corresponding
time for the selected cases is shortened by a random amount and
the event status is updated from 1 (uncensored) to 0 (censored).
Implementation Details: We assume a collaboration of 10
clients (hospitals) to train a model, which is a reasonable number of
clients that would likely participate in a study of a particular disease
[12, 16, 18]. We randomly split the datasets into 80% training and
20% test data and randomly distributed an equal number of obser-
vations to 10 clients. We run the experiment 5 times with different
seeds and report the average value of the evaluation metrics with
their corresponding standard deviation. We evaluate the perfor-
mance of the models in both centralized and federated settings.
Centralized: To examine the effect of FL in survival analysis, we
first need to have a gold standard performance for comparison,
which can be obtained in a centralized setting, i.e., training the
models on the entire training dataset at a centralized server. For
centralized training, the model architecture of our FedPseudo model
consists of 5 hidden layers with a number of units [128,64,64,32,32].
We train our FedPseudo model up to 1000 epochs using Adam
Optimizer [6] with an early stopping criterion based on the best
validation C-Index having a patience of 50. We set the learning
rate 1073, dropout 0.1, use SELU activation function in the hidden
layers, and use Sigmoid activation function in the output layer to
get the survival probabilities at the pre-specified time points (10th
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Table 2: Performance comparisons of the models on real-world datasets.

Dataset Evaluation Centralized Federated Learning
Metric CoxPH DeepSurv | DeepHit | FedPseudo CoxPH DeepSurv | DeepHit | FedPseudo
METABRIC | Cindex | 0.63(0.004) | 063 (0.011) | 0.68 (0.015) | 0.67 (0.008) || 0.63 (0.006) | 0.62 (0.011) | 0.64 (0.031) | 0.65 (0.021)
iBrier | 0.19 (0.002) | 0.19 (0.003) | 0.20 (0.003) | 0.19 (0.003) || 0.19 (0.001) | 0.20 (0.009) | 0.20 (0.004) | 0.21 (0.013)
SUPPORT | Cindex | 0.60 (0.001) | 0.61(0.003) | 0.58 (0.009) | 0.62 (0.005) || 0.60 (0.003) | 0.60 (0.006) | 0.58 (0.011) | 0.61(0.008)
iBrier | 0.21(0.000) | 0.21(0.002) | 0.22(0.002) | 0.20 (0.003) || 0.21 (0.001) | 0.21 (0.003) | 0.23 (0.007) | 0.22 (0.012)

Table 3: Performance comparisons of the models on synthetic datasets with different censoring settings

Dataset Evaluation Centralized Federated Learning

Metric CoxPH | DeepSurv | DeepHit FedPseudo CoxPH | DeepSurv | DeepHit FedPseudo

Case Cindex | 0.51(0.005) | 0.78 (0.002) | 0.76 (0.002) | 0.77 (0.002) || 0.51 (0.007) | 0.77 (0.003) | 0.74 (0.011) | 0.77 (0.002)
Censoring 25% iBrier 0.21(0.000) | 0.13(0.001) | 0.18 (0.001) | 0.13 (0.001) || 0.21 (0.000) | 0.13 (0.002) | 0.18 (0.003) | 0.13 (0.001)
Case Cindex | 0.51(0.002) | 0.77 (0.002) | 0.75(0.005) | 0.77 (0.003) || 0.51(0.003) | 0.75(0.004) | 0.74 (0.003) | 0.77 (0.003)
Censoring 50% iBrier 0.22 (0.000) | 0.13 (0.002) | 0.18 (0.002) | 0.14 (0.001) || 0.22 (0.000) | 0.14 (0.001) | 0.18 (0.003) | 0.14 (0.001)
Case Cindex | 0.50(0.003) | 0.78 (0.001) | 0.75(0.15) | 0.76(0.009) || 0.50 (0.003) | 0.75(0.012) | 0.72 (0.012) | 0.76 (0.009)
Censoring 75% |  iBrier | 0.18(0.000) | 0.11(0.000) | 0.15(0.002) | 0.14(0.003) || 0.18 (0.000) | 0.12 (0.005) | 0.15 (0.003) | 0.14 (0.003)

percentile to 8oth percentile of the time horizon with an interval of

10 where the maximum time horizon is the minimum of maximum
survival times of the 10 clients). For the baseline models, we follow
the implementation in [16].

Federated: For federated learning experiments, we assume 75%
randomly selected clients are active in each communication round.
We use the same FedPseudo neural network architecture and hyper-
parameters described in the centralized training. We use the Vanilla
FL algorithm, FedAvg [15] to train our FedPseudo model in the FL
setting. We set the number of communication round T = 50, and
the selected local clients’ models are trained up to 1000 epochs with
an early stopping criterion based on the best validation C-Index for
our model and validation loss for other models, having a patience
of 50 similar to the centralized training.

Models Comparison: We compare our proposed model, FedPseudo,
to three baseline survival models: Cox Proportional Hazard Model
(CoxPH) [3], Deep CoxPH (DeepSurv) [5], DeepHit [10], in both
centralized and FL settings. We adopted the implementation of the
baseline survival models from the pycox [8] package.
Evaluation Metrics: We evaluate the models using time-dependent
concordance index (Cindex) [2] and integrated IPCW Brier score
(iBrier) [4]. We use pycox [8] package to compute the Cindex and
iBrier scores. The higher value of C-index and lower values of iBrier
indicate better performance.

5 RESULTS AND DISCUSSION

Real-world data results: Table 2 shows that our FedPseudo out-
performs in most of the cases in centralized setting. In federated
settings, FedPseudo gives better performance with respect to Cin-
dex and similar performance with respect to iBrier.

Simulated data results: Table 3 shows that our FedPseudo per-
forms similar to the DeepSurv model when it shows significant
improvement over the CoxPH and DeepHit model on both central-
ized and federated settings. However, even though CoxPH performs
surprisingly well on real data due to the absence of interaction effect
among the covariates, absence of nonlinearity, or limited samples
in a client, it fails significantly on the synthetic dataset since the
datasets were generated by inducing high nonlinearity.

Discussion: The CoxPH and DeepSurv can have different base-
line hazard functions for different clients and may not satisfy the
proportional hazard assumption for all clients. We do not need to
specify the baseline hazard function for the relative risk compar-
isons since the risk ratio between individuals does not depend on
time. However, in this work, we compared the evaluation metrics
based on the survival probabilities, which need to estimate the base-
line hazard function. Thus, we need to make a strong assumption
that a common baseline hazard function for all the clients can be
computed centrally using either the entire training data or com-
puted and shared by a client. However, making this assumption
leads to the leakage of the individual’s information, which may
break privacy laws or data protection regulations. A naive approach
is using the test dataset to compute baseline hazard; however, it is
infeasible if we only have a few test observations. For the discrete
model, DeepHit, we first need to specify the number of time-bins
for calculating the survival probability. From the experiments, we
found that the performance of the DeepHit model highly depends
on the number of time-bins, which is set 365 for all datasets show-
ing overall better performance. Unlike the baseline FSA approaches,
our FedPseudo does not make any underlying assumption except
a common maximum time horizon shared among all the clients,
which can be obtained without sharing any patient information.

6 CONCLUSION

Federated survival analysis (FSA) is an emerging problem in feder-
ated healthcare domain. In this paper, we proposed a first-of-its-kind
novel pseudo value-based FSA approach, FedPseudo, for estimat-
ing subject-specific survival probabilities in a federated fashion
in the presence of censoring. We also proposed a novel pseudo
value derivation algorithm for FL settings, which speeds up the
computation of pseudo values and allow us to model and analyze
the survival data from different clients without sharing data. We
showed that our proposed approach, FedPseudo, performs similar
to or better than the existing FSA approaches in both real-world
data and simulated data under various censoring settings. For future
work, we will investigate advanced Federated learning algorithms
to improve robustness for non-iid health data.
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