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Abstract

Background In a wide range of diseases, it is necessary to utilize multiple data sources to obtain enough data

for model training. However, performing centralized pooling of multiple data sources, while protecting each patients’
sensitive data, can require a cumbersome process involving many institutional bodies. Alternatively, federated learn-
ing (FL) can be utilized to train models based on data located at multiple sites.

Method We propose two methods for training time-to-event prediction models based on distributed data, rely-

ing on FL algorithms, for time-to-event prediction models. Both approach incorporates steps to allow prediction

of individual-level survival curves, without exposing individual-level event times. For Cox proportional hazards models,
the latter is accomplished by using a kernel smoother for the baseline hazard function. The other proposed meth-
odology is based on general parametric likelihood theory for right-censored data. We compared these two methods
in four simulation and with one real-world dataset predicting the survival probability in patients with Hodgkin lym-
phoma (HL).

Results The simulations demonstrated that the FL. models performed similarly to the non-distributed case in all four
experiments, with only slight deviations in predicted survival probabilities compared to the true model. Our findings
were similar in the real-world advanced-stage HL example where the FL models were compared to their non-distrib-
uted versions, revealing only small deviations in performance.

Conclusion The proposed procedures enable training of time-to-event models using data distributed across sites,
without direct sharing of individual-level data and event times, while retaining a predictive performance on par
with undistributed approaches.
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Introduction

Clinical prediction models, such as the Cox proportional
hazards model, are widely used in medical practice,
with many models designed to predict, e.g., a patient’s
expected survival prospects. The performance of a clini-
cal prediction model often depends on the amount of
data available for training the model, with more data
yielding improved model performance. Therefore, it is
often desirable to pool data from multiple sources, or
sites, for the development of new clinical predictive mod-
els, which can be a cumbersome process for several rea-
sons. First, all input variables for the model may not be
available across sites. Second, acquiring sufficient data for
rare diseases may require the involvement of many sites,
necessitating the navigation of many legal processes, to
protect individual-level patient data. As an alternative to
pooling site-specific data, federated learning (FL) can be
applied to use distributed data to fit a clinical prediction
model, without having to pool data at a central repository
[1-3].

In recent years, FL methodologies have been devel-
oped to fit time-to-event models, particular Cox propor-
tional hazards models. One of the first time-to-event FL
methodologies was WebDISCO, a web-based service for
the distributed fitting of Cox proportional hazards mod-
els [2]. WebDISCO applied an iterative Newton-Raph-
son approach to update parameter estimates by cycling
through sites, and yielded estimates identical to those
from a traditional centralized approach with pooled
data [2, 4]. However, concerns about privacy issues
were raised, due to the possibility of data leakage when
risk-sets comprise of a single subject, as this enabled re-
identification of the individual [5]. To safeguard against
privacy violations, an encryption domain with secret
sharing was added to the WebDISCO procedure [6].
Additionally, these methods involve an initial sharing of
event times and event indicators to form risk-sets, as the
Cox partial likelihood is non-separable [5]. This means
that the Cox partial log-likelihood cannot be written as
a sum of terms, each depending on a single subject. To
mitigate data leakage issues, it was proposed that a risk-
set includes a minimum of five individuals, with aggre-
gated event times and added noise [7]. This led to the use
of aggregated event times for aligning the risk-sets across
sites.

It has also been suggested to combine surrogate par-
tial likelihoods with weight-based methods, rather
than directly maximizing the Cox partial likelihood.
For example, the One-shot Distributed Algorithm
Cox model (ODAC) iteratively aggregates locally fit-
ted models using a weighted average [8]. Another
study proposed a weight-based integrated Cox model
(WICOX) in which local loss functions are estimated by
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repeated local data-splitting combined with variance-
adjusted weights [9]. These methods provide a frame-
work for survival predictions by weighting each site’s
model prediction to form a global prediction. However,
both the ODAC and WICOX framework require an ini-
tial sharing of person sensitive event times. One-shot
FL methods have gained increased attentions, as these
algorithms aggregates models after a single round of
communication, thereby improving communication
efficiency, although assuming reliable local convergence
across all sites. In a time-to-event setting, this assump-
tion is often violated due to data heterogeneity, such as
skewed non-independent and identically distributed
data (e.g., varying censoring rates) [10].

Previous studies of FL with time-to-event models
have generally focused on using coefficient estima-
tion or weighted aggregation of site-specific models to
predict survival curves. However, these methods often
require sharing of sensitive outcome information, either
by directly aligning the risk-sets at each unique event
time, or by sharing the event indicator and event order-
ing. Methods to circumvent this problem have been
investigated, converting the time-to-event data into a
binary classification problem with time as a covariate.
This methodology enables approximation of the non-sep-
arable Cox partial likelihood function using a separable
discrete-time model [5]. Notably, by finely splitting the
data and specifying a single rate parameter for each time
interval, the regression parameter from the Cox model
can be estimated using a Poisson regression [11]. Another
method for using aggregated gradients across sites has
been shown to optimize a site-stratified Cox partial likeli-
hood [5]. Since many of the previously mentioned stud-
ies involve an initial sharing of event times, estimation of
the survival function would be straightforward. However,
even if participating sites were only allowed to share out-
comes among each other but not publicly, it would still
be possible to make inferences about individuals’ event
times from a predicted survival curve [12]. Notably, the
alignment of risk-sets and predicted survival curves,
can be interpreted as sharing sensitive information,
when sensitive information is defined as data that can
be directly traced to an individual, which would include
event times and indicators [13].

The purpose of the present study was to introduce a
new method in which FL is used to build time-to-event
prediction models without pooling individual-level data
across sites. In this method, each site includes full infor-
mation on its own share of subjects (horizontal data) and
only allows the sharing of non-informative data, such as
parameter estimates or other aggregated information.
Specifically, our approach focuses on enabling time-to-
event predictions without explicitly exposing event times.
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Method

In this section, we consider right-censored time-to-event
outcomes (7, A) dependent on covariates x, where the
observed time T = min(E, C) is either the event time E
or censoring time C, whichever comes first, and with sta-
tus indicator A = 1[E < C]. Suppose that for n € N indi-
viduals we have observed covariates and survival outcomes
(t,8,x) = (t;,8i,%;)i=1,. n For simplicity we assume that
the t;’s are distinct event times. In a Cox proportional haz-
ards model the hazard function takes the semi-parametric
form as follows:

h(tlx) = ho(t) exp(xTB), (1)

where B is a vector of regression coefficients [14]. Impor-
tantly, the baseline hazard /(¢) is unspecified, and is not
dependent on any covariates. The model parameter 8 can
be estimated from the observed data using Cox partial
likelihood, which in the case of no ties is given as follows:

exp(x; B)
LBIEGs) =l =——— 2
il;[) ZjeRi exp(ij,B) 2)
where D =1{ie{l,2,...,n}|8; =1} represents the

indices for individuals experiencing the event, and

={je{l,2,...,n}|lt; > t;} represents the risk-set
comprising individuals still at risk at time ¢;. Usually, the
partial log-likelihood

1B)=>_ +TB—log [ > expx]p) 3)

ieD JER

is maximized to obtain the parameter estimate ;‘3 [15]. In
the context of distributed data, optimization of the partial
log-likelihood requires sharing of event times between sites
to build risk-sets, potentially enabling privacy violations.
The predicted survival probability at time ¢ for an individ-
ual { with covariates x; can then be estimated as follows:

t
S(t|xi, B) = exp (—/ ho(u) exp(xfﬁ)du)
0
— §0(t)exp(x£r/§),
where 3’0 () = exp(—lilo (2)) is the baseline survival func-
tion. The cumulative baseline hazard Hy(¢) at time ¢ is
commonly estimated using the Breslow estimator [16],

which produces a step function that increases at all
observed event times before ¢, given as

1
ig) (Zjeﬂi exp(ijB)) (5)

t; <t

Hopr(tlf) =
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Thus, even in cases where the estimates of the regression
coefficients in the Cox model can be obtained without pool-
ing data across sites, sharing of event times and risk-sets is still
necessary to allow prediction of survival probabilities. To over-
come this problem, one could instead apply a kernel-based
estimator of the baseline hazard function, such as the Ramlau-
Hansen estimator [17], to obtain a smoothed version of the
baseline hazard function. The formulation of a kernel estima-
tor of the baseline hazard function [18] is given as follows:

N N 1 — N N
hoan(@h) =7 / K(?‘)dHo,BRW)

1 t—t; 1
()

where KC is a kernel function, such as the Gaussian kernel
Ku) = exp(—fuz) which will be used throughout

this paper Furthermore, b is a non-negative bandwidth
determining the degree to which event times further away
from ¢ should contribute to the estimate. Additional consid-
erations and sensitivity analysis regarding the selection of the
bandwidth parameter are discussed in the supplementary
material (Figure S10). The smoothed version, /g g (£| /§ ), can
thus be shared without directly exposing event times. Subse-
quently, estimates of the cumulative baseline hazard
Ho rH (] ,3) can be obtained by integration of ho re (£ ;6)

Federated learning for the Cox model

In this section, we aim to explore how FL can be applied with
a Cox model to make accurate time-to-event predictions,
without sharing event times across sites. Our procedure is
two-fold. First parameter estimates 3 are obtained. Second
these estimates are used to produce survival predictions by
applying the above-mentioned kernel smoother. Suppose
that the data are horizontally distributed across S € N sites
(with all sites having access to the same covariates), and #;
denotes the number of subjects at site s = 1,...S, then
(ts,i» 8s,i» xs,;) will be the observed data for individual i at site s.

Estimation of regression coefficients

If the likelihood function is separable with respect to
site—i.e., if the total likelihood can be written as the
product of site-specific likelihoods—then S can be esti-
mated by sharing the site-specific likelihood term in a
iterative optimization procedure, e.g., Newton-Raphson.
For the Cox partial likelihood,

S

= TLTT LestBice, 5,0

s=1i=1

=11

3;
i H exp(x],8)
s=1i=1 2jer; exp(x;jﬂ) ’

L)
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the risk set, R;, includes all participants at risk
regardless of site, such that the partial likelihood is
not immediately separable. If R; is replaced with
Rsi =1 € {1,2,...,n5}lts; > £}, ie, the site specific
risk sets, this makes the likelihood separable across
sites and corresponds to using the likelihood function
of a site-stratified Cox model, as previously proposed
[5, 19]. To estimate the parameters of the stratified Cox
model, we utilize Newton-Raphson optimization based
on weighted gradients and Hessians of the site-specific
log partial likelihoods to mimic a federated stochastic
descent methodology [20]. Specifically, the weighted gra-
dients and Hessians are given as follows:

S
VI(Br) = Z wy - VIs(Brr) (8)
s=1
.~ S A
V2U(BrL) =Y ws - V2I(Brr). )
s=1

Here, w; are weights satisfying the criteria wy > 0 and
5, w, =1, which determine the contribution of each
local site. Throughout, w; is calculated as wy = ng/n.
These can then be applied in a Newton-Raphson update
as follows:

-1
+1 4 = ~
Bi = Bl — (VB VI, (10)
where p is the current iteration. After each update, 3};;2-1
is re-distributed to all sites for a new round of iterations.
This process is repeated until || ﬂp 1 ﬁl{lel < ¢ for some
small value ¢ > 0, and formalized in Algorithm 1.

Algorithm 1 FL-Cox g estimation

1: Initialize and distribute 3%, w, = n,/n

2: while ||3,11 — 5,]| > ¢ do

3:  forsin1:Sdo

4: Compute VI (5%,) and V2L,(3%,)

5: Share V1,(5%,) and V21,(/3%, ) with the central site
6:  end for

7 Compute VIR = S5, w, - Vi(Bhy)

8 Compute V(b)) = 35 w, - V2 z )

o Update ' = B, — (V2U(5% ,‘)) )

10:  Redistribute dﬁ; 1 to each site

11: end while

After convergence, the next step is to use the kernel-
smoother to enable survival predictions without shar-
ing events times.
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Baseline hazard smoothing

Applying the kernel estimator in Eq. (6) smooths the
local baseline hazard function, allowing each site to
expose its respective baseline hazards without explic-
itly sharing event times. More precisely, each site s esti-
mates ho RH,s (]| ,3) for a predeﬁned grid of time-points ¢
according to (6) where ,3 are the coefficients estimated
from Algorithm 1. The central site aggregates estimates
ho RH,s(t] ,3) for each site and for each pre-defined time
point by a weighted average. A regression smoother, e.g.,
a loess curve is used to model the aggregated estimates
to form a smooth global baseline hazard function /g 1 (¢)
[21]. The procedure is outlined in Algorithm 2.

Algorithm 2 Baseline hazard function estimation [22]

: Distribute /3, and a pre-defined grid of time-values ¢ € {t1,ta, ..., tmar}

1

2: forsin 1:S do

3 Compute fz[,vnyw,(t\ﬁ’) by Equation (6) at each ¢
4 Distribute g zir,s(1 ) to the central aggregator
5: end for

6: The central site aggregates estimates of iru H,,(t\j) = Z;] w; -IAJO_R,,_L(H;;) at each time-point
t, and modeled using loess regression after log-transforming to ensure strictly positive hazard

[22]

=

. Compute H“ L u)du, for each ¢

fn /In L(

: Use H“ () and ‘?FL to form survival predictions using Equation (4)

%

Time-points can be selected arbitrarily (e.g.,
10,20, 30, . .. days), depending on the desired granular-
ity of the baseline hazard function. A straight-forward
approach used throughout, is an evenly spaced grid of
time-points, e.g., 0,20, 40, ..., 1825, which serves as our
prediction horizon, i.e predicted survival curve. Ideally,
the grid of time-points should be chosen to allow the
capture of sufficient changes in the baseline hazard over
time. This can be accommodated using expert knowl-
edge or by estimating the average distance between event
times across sites, to build an equidistant grid of time
points.

Federated learning with a parametric model
The general likelihood for a parametric survival model
[23] based on # right-censored individuals is as follows:

L) = [ [ Swnw)®

i=1

(11)

In a distributed setting, it is possible to factorize across
sites, and the likelihood in (11) can then be rewritten as
follows:

S

L) =[] H S(ts,)h(ts) .

s=1i=1

(12)
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Thus, parametric survival models can be fitted if each
site shares the corresponding site-specific term of the like-
lihood, which does not require sharing of individual-level
data (if the sites consists of more than one subject). Both
simple parametric survival models, like the Weibull or
exponential model and more flexible spline-based models
can be used with this approach. The spline-based survival
models described by Carstensen enables fitting of flexible
survival models using ordinary Poisson regression [11]. For
a Poisson regression model one can split the entire follow-
up into smaller pre-determined time intervals, and assume
constant hazards within each sub-interval by modeling
the timescale as a covariate [11]. Specifically, the time bins
should be selected finely enough to provide an adequate
description of the data [11]. In particular, we model the
effect of the timescales using splines, which requires selec-
tion of the number of knots and knot positions. The pro-
posed methodology for a FL-Poisson model is formalized
in Algorithm 3.

Algorithm 3 FL-Poisson model

1: Initialize i‘,’,_ pre-defined time grid ¢ € {1, t5. . .., t;qs }, number of knots and knot positions
2: while ||35;" — 34, > & do
3: forsinl:Sdo

Estimate VI,(5%,) and V2I,(3},,) based on first- and second order derivatives of (12)

Distribute V1,(/%,) and V21,(f%,) to the central site

Compute VI(3%,) = S5, VI, (8%,)
Compute V2I(35,) = S5 V2L, (Bh,)

N . . 1 -
Update 391" = 3, — (V2U(3h,)) - VI3

10 Redistribute 377" to each site

4;
S
6:  end for
4
8
9.

11: end while

Results

To investigate the performance of the proposed FL meth-
ods, we used both simulated experiments (each simulated
1000 times) and a real-world data scenario of patients diag-
nosed with Hodgkin lymphoma. The set up was intended
to mimic a predictive study design, in which models are
trained based on a training dataset, and then validated in
an independent external cohort [24].

Simulation specifications

The four simulation experiments were simulated with out-
comes conditioned on four independent features, drawn
from a standard normal distribution. Specifically, the
observed time-to-event, Tg, was simulated from a Weibull
distribution as follows:

< log(Ul) )1/”
Tp=—(——+)] ,
4 - exp(xTB)
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where U ~ U(0, 1), and where A and v are the scale and
shape parameters, respectively [25]. Throughout, the
scale and shape parameter are fixed at A = 0.5and v = 2,
respectively. The time to censoring, C, was simulated
from an independent uniform distribution U (0, T¢,,.)
where T¢,,,. is the maximum follow-up time. The simu-
lated follow-up time was then 7' = min(7E, C), with sta-
tus indicator 1[T¢ < C].

In each experiment, the set up differed from the others
in either the number of subjects n; per site, the number
of sites, or the maximum length of follow-up T¢,,,. across
sites. In simulation 1, which mimicked a rare disease set-
ting, each site had access to a small number of subjects. In
simulation 2, each site had a varying T¢,, . to investigate
scenarios with varying follow-up and censoring mecha-
nisms. Simulation 3 investigated the impact of varying
the number of subjects n; per site. Finally, in simulation
4, both the number of subjects n; and T¢,,,, varied across
sites. Table 1 lists the exact simulation specifications.

In Table 1, n € {...} and T¢,,, € {...} are notations used
to clarify differing numbers of patients and differing
lengths of follow-up, respectively, across sites within each
experiment. For example, in Simulation 4, site 1 included
20 subjects with a maximum follow-up of 1 year, site 2
had 30 subjects and maximally 2 years of follow-up, etc.
For each of the four simulations, an independent exter-
nal validation cohort of 1000 subjects was simulated
with the same fixed underlying covariate effect, and with
Tc, ... = 5 years. To assess the methods in a heterogene-
ous population, additional simulations were conducted
with varying site-specific changes to the underlying dis-
tributions, as detailed in the supplementary material
(Tables S1 and S2).

Applied models

In each experiment, four models were fit using different
learning schemes and training procedures, and compared
to the true underlying model from which the data was
simulated. Additionally, it was assumed that the underly-
ing dependent covariates were known, such that no fea-
ture selection was considered in this set-up. In total, two
versions of the Cox model and two versions of the Pois-
son model were fitted. All initial values, Sy, were set to 0,
for each FL model.

Benchmark models

The baseline models comprised a Cox model and a Poisson
model trained in a non-distributed setting, where all data
were pooled at a single site. The Cox model will be termed
Cox-Pool, which is a Cox model estimated by optimizing
the regular Cox partial likelihood in (2), and with survival
estimates based on (4) using the Breslow estimator from
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Table 1 Experiment specifications for each of the four simulation experiments performed
Simulation 1 Simulation 2 Simulation 3 Simulation 4
Number of sites S 30 10 20 20
Patients per site ns 20 100 ns € {20,30,..., 210} ns € {20,30,..., 210}
T, (Years) 5 T €11,2,..1, 10} 5 T €11,2,..., 20}
Patient distribution N, 02) N, 02) N, o?) N(n,0?)
Mean s 0 0 0 0
SDa? 1 1 1 1
Covariate effect 8
Bi log(1.2) log(1.2) log(1.2) log(1.2)
B log(0.8) l0g(0.8) log(0.8) log(0.8)
B3 log(2.0) log(2.0) log(2.0) l0g(2.0)
Ba log(0.7) l0g(0.7) log(0.7) log(0.7)
Bandwidth b 4 4 4 4

(5). The Poisson model will be termed Poisson-Pool, which
seeks to optimize the likelihood from (11) in which exact
event times are used to form discrete time bins modeled as
covariates using splines [11].

FL-Cox model

The FL-Cox model was developed by training a Cox
model in a distributed setting, where data were allocated
at different sites. The B8 coefficient for the FL-Cox model
was estimated, using the procedure described in Algo-
rithm 1. Additionally, survival predictions were performed
by approximating the baseline hazards using a kernel
smoother as described in Algorithm 2.

FL-Poisson model

The FL-Poisson model involved optimizing the separable
likelihood in (11), following the procedure described in
Algorithm 3. As event times cannot be shared across sites,
a predefined grid of time-points, ¢ € {0, 20,40, ...,1825}
(up to about 5 years measured in days), was selected to
align time bins across sites. The baseline-hazard were mod-
eled using a natural spline with 6 knots (including bound-
ary knots), and knot positions were chosen by averaging
evenly spaced quantiles of local event times (plus random
noise) ensuring an even distribution across event times, as
previously suggested [26].

Performance measures

To accurately compare predictions, each model’s predicted
survival probability over a specified time period [0, ¢'] was
compared to the predictions of the true model as follows:

v
ISD(¢'|x;) = / [Sm (uli) — Strueulx)ldu, i=1,...,n, (13)
Jo

where ISD(t'|x;) is the integrated survival difference over
the time period [0, ¢] for each subject i in the external
test. Here, S,,(u|x;) is the survival predicted by the »nr’'th
model (Cox-Pool, Poisson-Pool, FL-Cox, and FL-Pois-
son), and Sty (¢]x;) is the true survival derived from the
true model for the same subject with covariate structure
x;. To summarize the difference across subjects, the mean
integrated absolute difference (MIAD) was estimated by
computing ISD(# |x;) for all individuals i, up to time ¢/,
and constructing a sample mean as follows:

1 n
MIAD = = 3" ISD(t'|x;).
n
i=1

Additionally, to compare the predicted survival with
the observed survival over the time period [0,¢'], we
used the integrated Brier score (IBS) [27]. To assess each
model’s ability to rank subjects according to risk, the con-
cordance index (C-index) [28] was estimated using the
predicted survival probability at time-point ¢'.

Simulation results

In all four experiments, we observed no noteworthy dif-
ference between the estimated C-index of the fitted mod-
els versus the true model across the 1000 simulations
(Fig. 1 and Table 2). Similar results were observed for the
IBS measure, with almost identical distributions of per-
formance estimates across all simulations (Fig. 2). We
noted minor differences in IBS distribution between the
true model and the other models; however, the median
IBS differences across all simulations were < 0.001 in
each experiment for all models (Table 2). Therefore,
the predictive performance seemed identical across all
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Simulation 4

BE FL-Poisson EJ Poisson-Pool B3 FL-Cox B8 Cox-Pool EJ True
Fig. 1 C-index for each model in each simulation on a simulated external data set containing 1000 subjects. C-index, Concordance-index; FL,
Federated learning

Table 2 Performance estimates across the 1000 simulations for each of the four experiments

Models Simulation 1 Simulation 2 Simulation 3 Simulation 4
(median
[range])
C-index True model 0.702 [0.668, 0.740] 0.701 [0.660, 0.740] 0.702 [0.665, 0.734] 0.701 [0.666, 0.735]
FL-pois 0.701 [0.667,0.739] 0.700 [0.660, 0.736] 0.702 [0.665, 0.734] 0.701 [0.667,0.735]
Poisson-Pool 0.701 [0.667, 0.739] 0.700 [0.660, 0.737] 0.702 [0.665, 0.734] 0.701 [0.667,0.735]
FL-Cox 0.701 [0.668,0.738] 0.700 [0.660, 0.736] 0.702 [0.665, 0.735] 0.701 [0.667,0.735]
Cox-Pool 0.701 [0.667,0.739] 0.700 [0.660, 0.736] 0.702 [0.665, 0.734] 0.701 [0.667,0.735]
C-index Diff FL-Poisson —0.0007 [-0.0095, 0.0041] —0.0003 [-0.0115,0.0027] 0.0000 [-0.0052, 0.0024] 0.0000 [-0.0028, 0.0029]
Poisson-Pool —0.0007 [-0.0094, 0.0042] —0.0003 [-0.0114, 0.0027] 0.0000 [—0.0052, 0.0024] 0.0000 [-0.0029, 0.0029]
FL-Cox —0.0009 [-0.0137, 0.0050] —0.0003 [-0.0151, 0.0036] —0.0001 [-0.0059, 0.0025] 0.0000 [-0.0033, 0.0025]
Cox-Pool —0.0007 [-0.0097, 0.0041] —0.0003 [-0.0114, 0.0029] 0.0000 [-0.0052, 0.0024] 0.0000 [-0.0029, 0.0029]
IBS True model 0.1231[0.1135,0.1327] 0.1231[0.1141,0.1327] .1230[0.1138, 0.1345] 0.12291[0.1124,0.1339]
FL-Poisson 1240 [0.1134, 0.1342] 0.1237[0.1143,0.1334] .1233[0.1138,0.1351] 0.1233[0.1131,0.1346]
Poisson-Pool .1239[0.1133,0.1341] 0.1235[0.1141,0.1332] .1233[0.1137,0.1348] 0.12321[0.1128,0.1344]
FL-Cox .124110.1138,0.1343] 0.1238[0.1141,0.1333] 0.1233[0.1137,0.1347] 0.1233[0.1126,0.1347]
Cox-Pool .1240[0.1133,0.1343] 0.1236[0.1143,0.1333] 0.1233[0.1138,0.1348] 0.1232[0.1128,0.1345]
IBS-Diff FL-Poisson 0.0008 [—0.0008, 0.0040] 0.0005 [-0.0010, 0.0041] 0.0003 [-0.0004, 0.0021] 0.0003 [—0.0006, 0.0032]
Poisson-Pool 0.0007 [—0.0007, 0.0040] 0.0005 [-0.0007, 0.0036] 0.0002 [—0.0006, 0.0017] 0.0002 [-0.0006, 0.0026]
FL-Cox 0.0009 [—0.0005, 0.0055] 0.0006 [—0.0006, 0.0039] 0.0003 [—0.0008, 0.0022] 0.0003 [—0.0005, 0.0021]
Cox-Pool 0.0008 [—0.0005, 0.0043] 0.0005 [-0.0007, 0.0034] 0.0002 [-0.0006, 0.0017] 0.0002 [—0.0006, 0.0025]
MIAD FL-Poisson 19.97 [6.16,46.71] 16.97 [5.63,39.03] 12,61 [3.55, 34.26] 1246 [3.87,3261]
Poisson-Pool 18.83 [6.06,42.62] 15.60 [3.69, 36.69] 11.01 [3.46, 29.07] 10.87 [4.03,28.12]
FL-Cox 8[7.70,4843] 17.8816.27,48.42] 12.79 [4.78,37.80] 12.87 [3.58,35.47]
Cox-Pool 19.68 [6.95,43.39] 16.32 [7.24,36.07] 11.24 [3.93, 28.22] 10.98 [4.22,28.34]

C-index Concordance indexM, FL Federated learning, IBS Integrated Brier score, Diff Difference, MIAD Mean integrated absolute difference
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learning

models, indicating that a preserved ratio between the
estimated covariate effects and reasonable risk ranking of
subjects using the FL. methodology.

The MIAD measure was observed to differ across
experiments, and as the total number of subjects
increased between experiments, each model’s predicted
survival probability coincided with the true model
(Fig. 3). The Poisson-Pool model in experiment 4 exhib-
ited the smallest median MIAD of 10.87 (range: 4.03—
28.12) (Table 2), where as the distributed FL-Poisson
model attained a median MIAD of 12.46 (range: 3.87-
32.61). In experiment 4, the FL-Cox model exhibited
the largest median MIAD of 12.87 (range: 3.58-35.47).
The FL-Cox model in experiment 1 showed the overall
largest median MIAD of 21.18 (range: 7.70-48.43), and
its non-distributed version attained a median MIAD of
19.68 (range: 6.95-43.39). Overall, the MIAD estimates
for the pooled models seemed to be systematically lower
than for the FL versions, with similar results found
across all experiments. These findings, highlighted a neg-
ligible difference between the FL versions and the pooled
versions. The same negligible difference was found in a
more heterogeneous simulated population, as listed in
the supplementary material (Figure S1-S6). Analysis of
the coefficient estimates for B indicated great alignment
between the FL and pooled versions, when comparing to
the true coefficient values (Supplementary Figure S7 and

Table S3). Also, a negligible difference was found when
comparing the coefficient estimates between the FL-
Poisson model and the pooled version (Supplementary
Figure S8). Across simulation 1-6, the FL-Poisson con-
verged after 13—14 communication rounds, whereas the
FL-Cox converged between 5-8 communication rounds
(Supplementary material Table S4).

Real-world advanced-stage Hodgkin Lymphoma

To strengthen the applicability of the proposed methods,
we performed an analysis using real-world data, includ-
ing patients derived from the Danish National Lym-
phoma register (LYFO) [29]. The experiment included
707 patients with advanced-stage Hodgkin lymphoma.
Additional details about these patients are described
elsewhere [30]. Out of the 707 patients, 569 (= 80.5%)
were censored, and 138 experienced an event. Patients
were randomly split 70/30 into a model development
cohort and a separated validation cohort. Additionally,
the development cohort was divided into 8 separate sites,
to mimic different hospital departments in Denmark.
The validation cohort was kept separate from the devel-
opment cohort and used to estimate the performance
of the applied methods by predicting the 5-year survival
probability after diagnosis. A total of seven features were
considered in this real-world scenario, which were cho-
sen to mimic the features included in the international
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prognostic score (IPS-7) [31]. Since the true underlying
model for the real-world data was unknown, the non-
distributed versions of each model (Cox-Pool and Pois-
son-Pool) were compared against the distributed version
(FL-Cox and FL-Poisson, respectively).

Real-world results

We assessed the performance of the proposed models
applied in a real-world patient cohort, which revealed
great alignment of predictive performance between the
FL models and the pooled versions. The Poisson-Pool and
FL-Poisson attained similar C-index of 0.755 and 0.755,
respectively, compared to 0.754 and 0.768 for the Cox-
Pool and FL-Cox models, respectively(Table 3). Addi-
tionally, no notable differences were observed for the IBS
estimates as all models obtained almost identical esti-
mates (Table 3). We compared the individual predicted
survival probabilities from the FL-Poisson model against
the Poisson-Pool model which yielded an MIAD estimate
of 4.12. Comparison between the FL-Cox and Cox-Pool
models yielded an MIAD estimated of was 34.28.

Discussion

In the current study, we addressed decomposing the
(partial) likelihood of the Cox and Poisson models
into site-specific likelihood contributions in order to

Table 3 Performance estimates for the real-world experiment

Measure Model Estimates
C-index FL-Poisson 0.755
Poisson-Pool 0.755
FL-Cox 0.768
Cox-Pool 0.754
IBS FL-Poisson 0.082
Poisson-Pool 0.082
FL-Cox 0.081
Cox-Pool 0.082
MIAD FL-Poisson vs. Poisson-Pool 412
FL-Cox vs. Cox-Pool 34.28

C-index Concordance index, FL Federated learning, IBS Integrated Brier score, Diff
Difference, MIAD Mean integrated absolute difference

estimate model parameters in a distributed setting
while also including a comment on the use of kernel
smoothers to form survival predictions without directly
exposing event times. The proposed FL methodologies
were compared to a non-distributed version in which
data were pooled at a central site, to mimic an optimal
case. The loss in predictive performance was minimal
with negligible differences, indicating the applica-
bility of the proposed method. Additionally, experi-
ment 1 tested a set-up in which the data mimicked
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the setting of a rare disease, which yielded promising
results regarding the stability of the proposed method
for combining datasets with limited sample sizes.

FL is receiving increasing attention in healthcare
research, as a method for enabling interdisciplinary
and cross-institutional collaborations while preserving
patient privacy. Despite the large potential, the applica-
tion of FL to survival analysis presents specific meth-
odological challenges, particularly the necessity to share
event times across sites [2, 7-9]. Since sensitive informa-
tion is defined as data that can be directly linked to an
individual, event times can be considered sensitive and
can potentially invoke application of data protection
regulations, such as the General Data Protection Regu-
lation act (GDPR) [13, 32]. The FL landscape is evolving
rapidly, with continuous advancements in algorithms,
privacy preserving mechanisms, and domain specific
adaptations. To address the challenge of shared event
times, a kernel based smoother approach was developed
to enable anonymous survival predictions in a federated
setting without sharing event times. By locally estimating
a smoothed baseline hazard and sharing only aggregated
information, this method preserves privacy with minimal
loss in predictive performance on par with a centralized
approach and with similar coefficient estimates.

The current study had several limitations. First, in this
study, we did not describe the methods for variable selec-
tion, which is an important aspect of predictive studies.
Methods involving regularization or dimension reduc-
tion techniques have previously been proposed for the
Cox model in a FL setup; however, that requires align-
ment of risk-sets between sites, which would expose
event times [3, 33—35]. Second, we did not consider verti-
cal distributed data in which sites does not share attrib-
utes, but each site contains the same set of subjects. Since
the main focus of this paper was to apply FL using time-
to-event data without explicitly exposing event times,
we did not apply feature selection techniques. Moreover,
the proposed techniques do not ensure any guarantee
of privacy against the risk that subjects may be re-iden-
tified from the aggregation of gradients and Hessians
[36]. However, adding a carefully crafted noise param-
eter to local estimates could help ensure, e.g., differential
privacy. As is inherent to the FL methodology is that an
iterative communication between sites and the central
aggregator are necessary, of which can have several prac-
tical challenges, but these are described elsewhere.

Another limitation of the presented method is the
requirement to specify the knot placements, number of
knots, and data split required to fit a Poisson model. Also,
a similar approach to our Poisson-model, using a site-
weighted base generalized Bayesian federated inference
framework, has been proposed previously [37]. However,
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the Bayesian federated inference framework, like other
one-shot methods, assumes that the statistical model can
be fitted to each site’s local data, which may be infeasible
when local datasets are small [38]. In general, models can
be sensitive to the choice of knot placement, especially in
cases where over- or under-fitting is an issue, e.g., when
event times and choice of knot position are misaligned.
Sensitivity analysis is often recommended when fitting
spline based models. However, this further complicates
the FL setup requiring additional information sharing
[39], and thereby increasing the possibility of exposing
sensitive information. The selection of time splits is usu-
ally dependent on the event times themselves, i.e., time
bins are formed using the exact event times [11]. How-
ever, since these could not be shared, a pre-defined grid
of time splits was used, leading to a difference between
the FL and the pooled models in the real-world compari-
sons (Table 3). The results presented in Fig. 3 and Table 2
highlighted a difference between the cases in which data
were pooled compared to the FL version. However, since
the performance estimates for the IBS and C-index were
almost identical among all models, the minimal loss of
accuracy observed in the MIAD estimates seemed to be
within an acceptable range. Overall, the models seemed
robust against site heterogeneity with respect to sample
size, follow-up time, and distribution of covariates.

A natural next step would be to extend the presented
methodology to a competing risks setting, since many
clinical prediction models based on time-to-event data
are subject to competing events. This could be accom-
plished by using the presented method on cause-specific
hazards, and applying these to obtain the absolute risk
on an individual-patient level. Likewise, the method-
ology could be extended to a recurrent event setting,
in which the intensity function is estimated using the
Andersen-Gill model, and marginal means are computed
using the estimator proposed by Cook and Lawless [40].
As with the Breslow estimator, which exposed event
times, it would still be necessary to apply a smoothing
process to avoid sharing sensitive information.

This paper introduced new methods for performing
FL using time-to-event data, without explicitly exposing
event times and status indicators. The results demon-
strated the preserved prediction accuracy of the proposed
FL models compared to fitting similar models using
pooled data. Additionally, the proposed baseline hazard
algorithm (Algorithm 2) enabled anonymous survival
predictions for the FL-Cox model. Thus, the presented
methods enable investigators to develop clinical survival
prediction models without sharing sensitive patient data.
With the increasing complexity of data sharing, e.g., due
to the GDPR, such methods hold great potential for con-
tinued development of useful clinical tools.
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