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8Department of Pathology, Université Paris Cité - FHU MOSAIC, Beaujon Hospital,21

Clichy, France22

9Fédération Francophone de Cancérologie Digestive, Dijon, France23
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Abstract29

External control arms (ECA) can inform the early clinical development of experimental drugs and30

provide efficacy evidence for regulatory approval. However, the main challenge in implementing ECA lies31

in accessing real-world or historical clinical trials data. Indeed, regulations protecting patients’ rights32

by strictly controlling data processing make pooling data from multiple sources in a central server often33

difficult. To address these limitations, we develop a new method, “FedECA” that leverages federated34

learning (FL) to enable inverse probability of treatment weighting (IPTW) for time-to-event outcomes35

on separate cohorts without needing to pool data. To showcase the potential of FedECA, we apply it36

∗Corresponding author
†These authors contributed equally.
‡These authors contributed equally.
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in different settings of increasing complexity culminating with a real-world use-case in which FedECA37

provides evidence for a differential effect between two drugs that would have otherwise gone unnoticed.38

By sharing our code, we hope FedECA will foster the creation of federated research networks and thus39

accelerate drug development.40

Development of innovative drugs is a long and challenging task with increasing costs [1]. The probability of41

success of a new drug is low, with about 10% of drugs that enter clinical trials reaching FDA approval [2].42

Phase III randomized trials, that aim at establishing clinical efficacy, fail approximately in one case out of43

two [3]. Improving this rate is crucial to overcome those obstacles and accelerate the access to new drugs44

while reducing the development costs. Statistical methods were developed to compare the efficacy of a45

treatment to a control group that is built with data from external sources to the current trial (External46

Control Arm - ECA). ECA methods account for the potential bias introduced by the non-randomized nature47

of the control group providing earlier evaluation of efficacy which can inform the transition from a single-arm48

phase II to a phase III clinical trial [4, 5].49

ECA are increasingly used in clinical applications [6] and they are receiving more and more attention50

from regulatory agencies (FDA, EMA) [7, 8]. Externally controlled trials may also substitute randomized51

controlled trials (RCT) in specific situations where an RCT would be deemed unfeasible or untimely. This52

is the case for rare diseases where patient recruitment is difficult and long [9] as well as in some cases in53

oncology involving specific subgroups of patients [10, 11, 6, 12].54

Statistically, the lack of randomization between the treated arm and the external control arm makes a55

naive comparison between the two susceptible to confounding bias. Therefore, assuming causal identifiability56

of the treatment effect [13], statistical or machine learning methods [14, 15, 16, 17, 18, 19, 20] are needed to57

provide valid estimates and inference of the treatment effect in this setting.58

Despite progress in statistical methods, a major obstacle to the feasibility of ECA is data sharing. Due59

to its sensitivity, health data is strictly regulated by, e.g., the general data protection regulation (GDPR) in60

the EU and the health insurance portability and accountability act (HIPAA) in the US. Even after careful61

pseudonymization [21] sharing health data remains a complex endeavor notably because of data ownership62

and liability issues. Thereby, in practice, ECA involving phase II data from a pharmaceutical company and63

potentially real-world data from different hospitals or medical institutions are difficult to set up.64

To address this data sharing challenge, various machine learning techniques were proposed in the past65

couple of years. Among them, federated learning (FL) [22] a privacy-enhancing technology (PET) allows the66

extraction of knowledge and training models from multiple institutions without pooling data. It has already67

been used with success in similar settings to connect both pharmaceutical companies [23] and hospitals [24, 25]68

in federated research networks.69

Herein, we investigate the use of FL to build ECA, focusing on time-to-event outcomes such as progression-70

free survival (PFS) or overall survival (OS), which are predominant in oncology RCTs [26].71

In this work, we introduce FedECA, a federated external control arm method which is a federated version72

of inverse probability of treatment weighting (IPTW). This method consists of three main steps, each of them73

performed via FL: training a propensity score model, fitting a weighted time-to-event model, and testing the74

treatment effect. Thus facilitating ECAs for pharmaceutical companies by giving them access to real-world75

control patients from multiple institutions while limiting patient data exposure thanks to FL.76

We first demonstrate the efficacy of our approach on synthetic data created using realistic data generation77

processes both with in-RAM simulations and on a deployed federated network with 10 distant synthetic78

centers located in the cloud.79

We show that FedECA reaches identical conclusions to IPTW on pooled data as well as better statis-80

tical power compared to a competing method based on federated analytics (FA), while also controlling the81

moments’ differences between the two arms.82

Furthermore, we showcase two examples of the application of FedECA to real patients data starting with83

a simulation of FL using real data from trials before moving to the end-to-end deployment of a real federated84

research network between three research institutions located in different countries.85
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1 Results86

1.1 FedECA, a federated ECA method87

A federated extension of the IPTW method for ECA (FedECA) is deployed. FedECA allows the estimation88

of a treatment effect by comparing the experimental drug arm, stored in one center, to a control arm defined89

by external data held within different centers, as illustrated in Figure 1. FedECA uses estimated propensity90

scores to reweight treated and control patients to balance the two groups and correct for potential biases91

(see Methods 6.2.1 for more details).92

Figure 1 illustrates the advantages of our proposed method, where data can remain on the premises93

of the participating centers and only aggregated information is shared. This is in contrast to the classical94

ECA analysis where data is pooled into a single place. Herein, an aggregator node is responsible for the95

orchestration of the training process, the aggregation and redistribution of the results, without directly seeing96

raw data.97

1.2 FedECA is equivalent to a standard IPTW model trained on pooled data98

We demonstrate FedECA’s abilities to accurately estimate several key quantities from the IPTW analysis99

on realistic simulated data. We refer to Methods 6.4.1 for the data generation process details. In this100

experiment, we compare the results obtained from a classical IPTW analysis where data is pooled into the101

same place against FedECA operating in distributed settings.102

We monitor four key metrics: the propensity scores, the hazard ratio and p-values associated with the103

treatment allocation covariate, derived from a Wald test, and the partial likelihood of the Cox model. We104

repeat this simulation 100 times and report the relative error between the pooled IPTW against FedECA105

in Figure 2. The boxplots represent the distribution of the relative error for each quantity among the 100106

repetitions.107

The relative errors between FedECA and the pooled IPTW are very small and do not exceed 0.2%,108

illustrating the effectiveness of the proposed optimization process in a federated fashion. Moreover, Sup-109

plementary Figure S1 shows that the number of centers among which the data is split does not impact the110

performance of FedECA. Hence, we illustrate that up to a negligible error, probably due to finite precision111

numerical errors in the optimization process, FedECA provides results that are equivalent to the classical112

IPTW despite not having access to all data in the same location.113

1.3 FedECA and MAIC both control SMD114

We will compare in the next section the ability of several methods to correctly detect a treatment effect115

if there is one (statistical power) while not detecting it if there is none (type I error control). The main116

competitors of FedECA are matching-adjusted indirect comparisons (MAIC) [27], a method that allows to117

estimate a treatment effect using only aggregated statistics such as the mean and the standard deviation118

from the treatment arm which are made available to the control arm, and the unweighted version of FedECA119

(WebDISCO [28]). The reweighting procedure of MAIC involves only communicating statistics a single time120

between the centers, therefore MAIC’s reweighting is a federated analytics method (FA) while FedECA’s121

reweighting uses FL.122

Before measuring power and type I error we first assess the performance of the reweighting step of FedECA123

with respect to the correction of covariate shift which is induced by the non-randomized nature of the two124

arms and which results in confounding bias in the treatment effect estimation. To do that we estimate125

the standardized mean difference (SMD) of covariates between the two treatment groups after reweighting.126

The SMD is a coarse univariate measure which summarizes for each covariate the balance between the two127

groups by only looking at the first and second order moments, see Methods Section 6.3.2. However SMD128

is expected by regulators [29], which ask ECA methods to control SMD below a threshold (usually 10%).129

While MAIC explicitly enforces perfect matching of low order moments irrespective of the covariate shift130

leading to zero SMD by design (see Methods Section 6.6), FedECA does multivariate balancing through the131

propensity scores.132
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We consider scenarios with different levels of covariate shift. In one end of the spectrum, treatment133

allocation does not depend on the covariates: there is no covariate shift. Therefore the SMDs of all covariates134

are small even before reweighting. On the other end of the spectrum, treatment allocation depends more135

and more on the covariates values (details of the data generation are given in Section 6.4.1). Therefore we136

expect weighting to be necessary to control SMD.137

This is illustrated in Figure 3a where we show the mean absolute SMD as a function of the covariate138

shift for the three different methods: FedECA, MAIC and the non-adjusted treatment effect estimation139

(unweighted). The covariate shift is a parameter that controls the intensity of the confounding factors on140

the treatment allocation variable biasing the two groups. A covariate shift of zero is equivalent to a random141

allocation in the treatment arms (see Methods 6.4.1 for more details). For low covariate shift (≤ 0.5) all142

three methods control the SMDs of the covariates, while for medium to high covariate shifts (> 0.5), the143

unweighted method fails to control the SMDs while both MAIC and FedECA control SMD. More details144

per-covariate are available Figure 3b for the two extremes.145

1.4 FedECA outperforms MAIC in power to detect a treatment effect146

Figure 3c shows the estimated statistical power and type I error under different varying conditions, including147

the covariate shift and the number of samples.148

One of the key steps influencing the statistical power and type I error is the variance estimation method,149

applied for each treatment effect point estimation. We compare three variance estimation methods: the150

bootstrap estimator, the robust sandwich-type estimator, and the naive estimator based on the inversion151

of the observed Fisher information [16]. For FedECA, only the bootstrap variance estimator successfully152

controls the type I error at around 5%. In comparison, the robust variance estimator systematically over-153

estimates the variance, which results in overly-conservative estimations of both the type I errors and the154

statistical power. This finding is consistent with previous works [16]. Lastly, for FedECA, the naive variance155

estimator fails to control the type I error. For MAIC, the resampling with replacement during the bootstrap156

variance estimation can only be done on the individual patient data (IPD) available for the control arm,157

since in practice the aggregated data from the treatment arm is fixed. Compared to FedECA, it controls the158

type I error only at small covariate shifts, and loses control when the covariate shift increases. The robust159

variance estimator shows over-estimations of variance similar to those of FedECA. For comparison, we also160

consider the unweighted version of FedECA. However, because it cannot account for the confounding effects161

introduced by the non-randomized nature of the two groups and the resulting covariate shift, it quickly loses162

control over the type I error as soon as the covariate shift is no longer zero.163

When comparing the statistical power of those methods that successfully control the type I error, FedECA164

with bootstrap variance estimator shows the best performance, followed by FedECA with robust variance165

estimator. Both variants of FedECA outperform MAIC with the “robust” variance estimator, as the covariate166

shift and number of samples change.167

1.5 FedECA can be used in real-world conditions on synthetic data168

We host up to 11 “servers” in the cloud (including an aggregation server) and deploy the Substra [30] software169

over all centers. Details of the cloud setup are available in Section 6.5. For each experiment we use the first170

of the servers as the trusted third party performing the aggregation (the “server”) and the rest of the servers171

as data owners holding a different part of the data (the “centers”). Each “center” has a different set of172

credentials which gives it different permissions over the assets created in the federated network. Each center173

registers a predefined subset of the synthetic data as if it were its own through the Substra system. One can174

launch FedECA on the deployed network by simply changing the type of backend used and specifying the175

identifiers of the datasets (hashes) registered into the Substra platform as inputs to the fit method following176

scikit-learn’s fit API [31]. An example of FedECA python API is given Supplementary Listing S1.177

We monitor the runtime of the full pipeline when it runs in-RAM and over the cloud as a function of the178

number of centers. We give conservative estimates by setting a target number of rounds for the training of179

the propensity model and the Cox model to be high (20) as well as compute the federated robust sandwich180

estimator, which adds overhead and is not necessary if using the bootstrap variance estimator.181
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Experiment
(Treatment vs. Control)

Method
Treatment
data source

Control
data source

HR (95% CI) p

Apa-AA-P vs. AA-P FedECA (bootstrap) Trial 1 Trial 2 0.66 (0.55, 0.78) <0.00001
Literature [34] Trial 1 Trial 1 0.70 (0.60-0.83) <0.0001

AA-P vs. P FedECA (bootstrap) Trial 1 Trial 2 0.50 (0.42, 0.59) <0.000001
Literature [35] Trial 2 Trial 2 0.53 (0.45-0.62) <0.001

AA-P vs. AA-P FedECA (bootstrap) Trial 1 Trial 2 0.90 (0.77, 1.05) 0.18

Apa-AA-P vs. P FedECA (bootstrap) Trial 1 Trial 2 0.37 (0.31, 0.45) <0.000001

Table 1: Estimation of treatment effect on radiographic progression-free survival by comparing different
regimens across different trials. Trial 1 refers to NCT02257736, Trial 2 refers to NCT00887198.

In-RAM experiments take a few seconds with 10 centers which is to be compared with IPTW on pooled182

data which has a below-second runtime. This slowdown is due mostly to (1) processing each client sequentially183

(2) the static nature of the Substra framework which forces one to run a target number of rounds higher184

than needed for convergence (see Section 6.7.2 for more explanations). While (2) is a fundamental limitation185

of Substra, (1) could be improved upon by using Python multiprocessing.186

The real-world runtime is almost constant with respect to the number of clients and takes just un-187

der 2 hours (1h18min on average with a standard deviation of approximately 3 minutes). We provide in188

Table Supplementary Table S1 the full breakdown of the different runtimes across settings.189

Insofar as 10 centers is already large in the considered cross-silo FL setup, this result hints at a good190

scalability in terms of speed, provided an appropriate infrastructure can be deployed across the different191

centers. Our result is consistent with previous Substra deployments [23].192

1.6 FedECA can be used on real world use-cases193

1.6.1 Application on real prostate cancer data with simulated federated learning194

We access data of two phase III metastatic castration-resistant prostate cancer trials from the Yale University195

Open Data Access (YODA) project [32, 33]. In all cases we simulate a FL setup in which the data is held196

by two synthetic centers, one that holds the treated arm and the other the rest of the patients. We note197

that according to our experiments Supplementary Figure S1, the number of centers does not impact the198

performance of FedECA (nor should how the data is distributed across the different centers), therefore199

we expect roughly the same results if we had chosen different data splits. All information about cohort200

construction is available in Methods 6.4.2.201

In the following, we present results focusing on average treatment effect inference on the radiographic202

progression-free survival (rPFS) endpoint comparing regimens across different trials. We show first the results203

reported for each trial found in the associated publications. Then, we conduct simulational ECA studies204

by replacing the abiraterone acetate + prednisone (AA-P) arm in each trial with the same arm from the205

other trial; the results of which can be considered as external negative control validations. Additionally, we206

compare the two AA-P arms as a way to detect the potential confounding between the two study populations,207

as well as to validate the previous ECA analyses. Finally, we compare the apatulamide + abiraterone acetate208

+ prednisone (Apa-AA-P) arm with the prednisone (P) arm, which is not seen in the literature, and which209

showcases the potential usefulness of our method to provide new evidence which is otherwise unavailable or210

time and resource expensive to produce.211

In Table 1, we show consistency of the estimations of treatment effect when compared with the published212

results, as well as the non-significant treatment effect when comparing two AA-P arms. In addition, we show213

a strong treatment effect of the regimen Apa-AA-P versus P, which is reasonable considering the superiority214

of Apa-AA-P versus AA-P, and of AA-P versus P.215
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Method #centers HR (95% CI) z p

FedECA (bootstrap) FFCD, IDIBGI, PanCAN 0.75 (0.62, 0.92) −2.80 0.005 05
FedECA (robust) FFCD, IDIBGI, PanCAN 0.75 (0.61, 0.92) −2.74 0.0061
FedECA (näıve) FFCD, IDIBGI, PanCAN 0.75 (0.66, 0.86) −4.10 0.000 041 0
IPTW (bootstrap) FFCD 1.13 (0.80, 1.61) 0.71 0.480
IPTW (bootstrap) IDIBGI 0.74 (0.40, 1.37) −0.95 0.342
IPTW (bootstrap) PanCAN 0.80 (0.55, 1.16) −1.19 0.234

Table 2: Effect on overall survival of FOLFIRINOX over gemcitabine + nab placlitaxel as estimated by
FedECA versus single-center estimates.

1.6.2 Application on real metastatic pancreatic cancer data in a real deployed federated216

research network217

We deploy a federated network across three cancer centers: the Fédération Francophone de Cancérologie Di-218

gestive (FFCD) holding the data from two past clinical trials data and the Institut d’Investigació Biomèdica219

de Girona (IDIBGI) and the Pancreatic Cancer Action Network (PanCAN) that hold data from clinical220

practice totalling n = 514 patients. All information about cohort construction is available in Methods 6.4.3.221

We compare the efficiency of FOLFIRINOX over gemcitabine and nab-paclitaxel on overall survival. Data222

from each of the centers in the network is described in Methods (see Table Supplementary Table S7, Sup-223

plementary Table S5 and Supplementary Table S6 for more details).224

Figure 4a demonstrates that the propensity model in FedECA, trained with FL, effectively balances the225

two patient groups, reducing the standardized mean difference (SMD) between the two arms to below 10%,226

which was not achieved before reweighting.227

Table 2 shows evidence for an effect on overall survival of FOLFIRINOX over gemcitabine and nab-228

paclitaxel with a hazard ratio (HR) of 0.75 (IC = 0.63, 0.92) and an associated p-value of 0.005045, which is229

exactly in line with the literature (HR 0.77) [36] with IPTW on pooled data. Single-center analyses on each230

center presented in Table 2 are underpowered to detect this effect. Figure 4 shows the results of this real-231

world use-case in terms of the estimated effect and illustrated by propensity-weighted Kaplan-Meier curves.232

The propensity-weighted Kaplan-Meier estimator of the full cohort as well as the global SMD represented233

respectively in Figure 4b and Figure 4a were obtained through the application of federated analytics without234

pooling data, see Sec 6.3.235

2 Discussion236

In spite of the constraints on the distribution of the computations, we have shown that FedECA accurately237

replicates its pooled-equivalent counterpart IPTW up to machine precision, see Figure 2. This directly238

imbues FedECA with the same statistical properties as the well-established IPTW method.239

Indeed, FedECA compares favorably to a simpler federated analytic baseline MAIC in terms of statistical240

power and type I error while controlling for standardized mean difference (below 10%) even in the presence241

of strong covariate shifts, see Figure 3c.242

In contrast with its numerous stratified competitors [37, 38, 39, 40, 41], FedECA can be applied to the243

setting of interest, namely the non-stratified setting where all treated patients are held by a pharmaceutical244

company and all control patients are disseminated across multiple different institutions, i.e., treatment and245

control patients are in separate locations. FedECA also remains applicable in the general case where treated246

patients spread across different centers, mixed or not with control patients as we notably demonstrate in247

the metastatic pancreatic adenocarcinoma use-case. We believe that in the case of drug development this248

setting of building an external control arm from several other centers is the most relevant but other cases249

with real-world data could be considered.250

An additional advantage of FedECA is that it has the same flexibility as IPTW in terms of the quantities251

it can estimate. MAIC does not yield the same estimands as IPTW in the context of ECA [11]. More252

specifically, while MAIC allows only to estimate the average treatment effect on the control (ATC) without253
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any additional assumptions, IPTW, and by extension FedECA, can be used to estimate the ATE, the average254

treatment effect on the treated (ATT), as well as the ATC.255

Furthermore, FedECA, as a federated extension of IPTW, also enables covariate adjustment through256

adjusted IPTW, which might give researchers more flexibility over which effect measure to estimate whether257

it is marginal or conditional [42] as both are different and generally require different estimation approaches258

in the context of time-to-event outcomes due to the non-collapsibility of the hazard ratio.259

We show that FedECA is not only a methodology but also a software that can be deployed in real-world260

settings with different degrees of complexity. In a first experiment we show that with FedECA, we can261

not only reproduce results of each trial [34, 35, 43], but that FedECA also enables additional and novel262

analyses that are not feasible using each of the trials separately. While data used in this experiment are not263

physically distributed in different locations, the results of those simulations are representative of what could264

be performed on similar data in a real federated setting.265

Finally in a second experiment we deployed a Substra federated research network gathering three can-266

cer centers: the fédération française du colon (FFCD, France), the institut d’investigació biomèdica de267

Girona (IDIBGI, Spain) and the Pancreatic Cancer Action Network (PanCAN, USA) to measure the ATE268

of FOLFIRINOX (leucovorin and fluorouracil plus irinotecan and oxaliplatin) over gemcitabine and nab-269

paclitaxel [44, 45, 46, 47] managing to reproduce the results from meta and pooled analyses from the literature270

in this more complex privacy-enhanced federated setting.271

We show that FedECA is the only method in this setting that is able to show evidence of an effect of272

FOLFIRINOX over gemcitabine and nab-paclitaxel on overall survival due to the added statistical power273

brought by the federation, as per-center analyses are underpowered due to their limited number of patients274

as shown in Figure 4..275

Moreover, the HR 0.75 measured by FedECA matches almost exactly the one reported in [36]. While276

the results of our analysis rely on a smaller sample size (n = 514) than the largest previous efforts [48, 36,277

49, 50, 47], it brings additional evidence on this topic of rising medical interest [51].278

We now explore the different limitations of FedECA as well as potential extensions.279

We and others [36, 34, 35, 43] focus on the (log) hazard ratio as the effect measure. Other effect280

measures have been proposed for time-to-event outcomes such as contrasts of restricted mean survival time281

(RMST) [52]. The latter has the advantage of being collapsible and, as argued in certain applications, of282

offering better clinical relevance and interpretability [53]. An IPTW-based estimator for the difference of283

RMST as an effect measure has been proposed [54] and could guide an extension of FedECA to RMST-based284

effect estimation in a federated setting.285

As in WebDISCO [28], Breslow approximation of the Cox log-likelihood is used with respect to ties.286

This approximation is standard in survival analysis and is currently the default of the widely used sksurv287

package [55]. However this approximation was shown to be biased when the number of ties grows [56].288

In Supplementary Figure S3, we provide some experiments artificially increasing the number of ties in the data289

and study validity with respect to lifelines’s [57] implementation that uses the Efron approximation [58].290

For a realistic number of ties, e.g., less than 10% in total, FedECA gives valid estimations but performance291

degrades sharply over this threshold. We note that Efron’s approximation, which is more precise, adds292

complexity to the federation and would need to be investigated by future works.293

IPTW was chosen as the main bias correcting method for federating ECA mainly because of its strong294

performance in settings with small sample sizes compared to propensity score matching methods [14].295

As for all causal inference methods, defining the correct set of confounders is a key element of an ECA296

based on propensity scores [59]. FedECA remains sensitive to misspecification in the propensity score method297

as its pooled version, IPTW. When building an ECA, one should carefully select the confounders to include298

in the propensity score method and should consider the possibility of unmeasured confounders as well as299

ways to perform sensitivity analysis to assess the robustness of the results [60]. On top of that, when300

performing an ECA analysis, one should ensure that the variables are collected similarly across centers and301

more importantly that the endpoints of interest are defined similarly across centers. This is a key element302

to ensure the validity of the methods and we refer to the progression free survival (PFS) endpoint as an303

example where the definition of the event is not standardized and can lead to different results.304

Real-world data is by nature very noisy and does contain missing values or missing features as was the305

case in the metastatic pancreatic adenocarcinoma use case we considered. While there is a whole literature306

on missing data imputation in machine learning and the impact of missing value on causal inference analyses307
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with recent developments being implemented [61, 62, 63, 64, 65, 66] and benchmarked on health data [67],308

this problem has yet to be tackled satisfactorily in federated settings. In this study, we use a naive solution,309

which is to apply one of these techniques, MissForest [62], per-site which is suboptimal and could possibly310

further increase heterogeneity and biases.311

Federation of both the propensity model and the Cox proportional hazard (PH) model involves commu-312

nicating aggregated information to the server and all information transmitted can theoretically be exploited313

by attackers if they were not generated with local differential privacy (DP).314

Notably the federation of the Cox PH model on top involves communicating propensity scores aggregated315

over per-client risk sets. Such risk sets might, for some actors, be considered sensitive as one could again316

infer information about IPD by observing sums of scalar products of IDP with the differentially private317

propensity model weights but we are not aware of any work that would have performed such an attack (see318

Methods Section 6.2.7).319

We tested the application of differential privacy to the first part of the FedECA training, which is the320

training of the propensity model. However, it showed already to be detrimental to the statistical analysis321

(see Supplementary Figure S2).322

We note that if time-to-event outcomes are considered non-sensitive in our work, as is common in RCTs323

with the publication of Kaplan-Meier curves [68], discretization and randomization of time-to-event buckets324

could be considered as an extension of this work to more privacy stringent settings. However, as with all325

privacy-enhancing layers built on noise addition, this could potentially have a high negative impact to the326

downstream statistical analysis and would require an even larger pool of patients to remain reliable.327

It is an interesting question to ask whether the use of DP in the clinical trials of the future is warranted328

as it trades off accuracy of treatment effect estimation for data privacy. We do not pretend answering this329

question in this work.330

Another privacy enhancing layer that could be added to FedECA would be to use secure aggregation331

(SA) [69] to hide individual contributions through cryptographic operations. This would provably hide per-332

client risk sets and would also allow private set unions (PSU) [70] to compute the global event times or can333

also be used to secure the aggregator node. Even if quantization due to the use of integers would probably334

impact the accuracy of the method, it has been shown that with sufficient precision, SA could be a suitable335

alternative for similar optimization schemes [69, 71].336

In this work we presented FedECA, a federated method to perform ECA analysis in a federated setting337

where treated patient data are in a distinct center and the external control arm is split across different338

centers that cannot share their data. FedECA is a federated extension of IPTW that reproduces the result339

of a pooled analysis, yielding similar treatment effect estimation with similar statistical guarantees. FedECA340

is a suitable method to perform causal inference in distributed ECA settings while limiting IPD exposure.341

We demonstrated that FedECA is not only a simulation tool but that it can be applied to real use-cases342

showcasing its ability in two clinically different contexts.343

Implementing federated methods in real-world environments can be challenging. This implementation is344

based on an open source FL software hosted by the LFAI, that has already successfully been used in the345

targeted high-security healthcare setting with both pharmaceutical companies and cancer centers [25, 23]346

and that was again validated by the IT teams of each of the participating cancer centers in the metastatic347

pancreatic adenocarcinoma experiment.348

We believe that this implementation will help the adoption of FedECA and will facilitate the development349

of partnerships across hospitals and medical centers to compare treatment effects in real-world settings.350
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Figure 1. FedECA graphical abstract. (a) In an RCT, patients are randomly assigned to either the
experimental (i.e. treatment) or the control arm. In an ECA, patients are assigned to the treatment arm,
while the control arm is defined using historical data. Due to this absence of randomization and the resulting
confounding, the two groups of patients cannot be compared directly. To overcome this issue, a model is used
to capture the association between the treatment allocation and the confounding factors. From this model,
weights are computed and are used to balance the two arms to ensure comparability. Then, the weights
are incorporated into a Cox model to estimate the treatment effect. Finally a statistical test is performed
to assess the significance of the measured treatment effect. (b) In the considered setting, patient data is
stored in different geographically distinct centers and a similar analysis as in (a) is attempted thanks to
our algorithm FedECA. A trusted third party is responsible for the orchestration of the training processes,
which consists of exchanging model related quantities across the centers. No individual patient data is shared
between the centers and only aggregated information is exchanged, which limits patient data exposure while
producing equivalent results.
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Figure 2. Pooled equivalence between IPTW and FedECA. Box- and swarm-plots of the relative
error between the pooled IPTW and the FedECA algorithm on four different quantities: the propensity
scores estimated from the logistic regression, the hazard ratio (representing the treatment effect), the p-
values associated to the treatment allocation variable (Wald test) and the partial likelihood resulting from
the Cox model. The errors were computed on simulated data with 100 repetitions. The red dotted line
represents a relative error of 0.2% between the pooled IPTW and FedECA.
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(c) Comparison of different methods on statistical power and type I error of treatment effect
estimation.

Figure 3. Comparison of different methods on statistical power, type I error of treatment
effect estimates as well as standardized mean difference (SMD) of covariates between the two

treatment arms. (a) Curves representing the mean absolute SMD computed on 10 covariates as a
function of the covariate shift for three different methods: FedECA, MAIC and the non-adjusted treatment
effect estimation (unweighted). (b) Boxplots representing the distribution of the absolute SMD over the

100 repetitions for the first five covariates. Each estimation of SMD is based on 100 repetitions of
propensity score estimation. For all simulations, we generate 10 covariates and 1000 samples. (c) Different
variance estimation methods leading to different p-values are given in parentheses after each method giving

point estimates of the hazard ratio. In particular, the naive variance estimation is based on the simple
inversion of the observed Fisher information. For statistical power, only results of methods that

consistently control the type I error around/under 0.05 (marked by grey dashed lines in top panels) are
shown. Each estimation of statistical power or type I error is based on 1000 repetitions of treatment effect
estimation. For bootstrap-based variance estimating methods, the number of bootstrap resampling is set to
200. For all simulations, we assume 10 covariates. The hazard ratio of the simulated treatment effect is set
to 0.4 for the estimation of statistical power, and to 1.0 for the estimation of type I error. For simulations

with varying covariate shifts (the two panels on the left), the number of samples is fixed at 700. For
simulations with varying sample size (the two panels on the right), the covariate shift is fixed at 2.0. The
asterisk on FedECA indicates that, due to the time-consuming nature of the power analysis, their more
lightweight pooled-equivalent counterparts were used instead (pooled IPTW) (see Section 1.2). For

confidence intervals we use the central limit theorem applied to Bernoulli variables.
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(c) weighted Kaplan-Meier estimator of FFCD
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(d) weighted Kaplan-Meier estimator of IDIBGI.
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(e) weighted Kaplan-Meier estimator of PanCAN.

Figure 4. Real-world FOLFIRINOX effect estimation using FedECA versus local analyses. (a)
SMD for each covariate between the two arms of the full cohort before and after weighting by the FedECA
propensity model. (b) weighted-Kaplan-Meier curves of the full cohort using FedECA’s propensity model.
(c) weighted-Kaplan-Meier curve obtained by applying IPTW locally in FFCD using only FFCD held data.
(d) weighted-Kaplan-Meier curve obtained by applying IPTW locally in IDIBGI using only IDIBGI held
data. (e) weighted-Kaplan-Meier curve obtained by applying IPTW locally in PanCAN using only PanCAN
held data.
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Nicollet, Matthieu Blottière, Maria Telenczuk, Van Tien Nguyen, Thibaud Martinez, Camille Boil-472
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[31] Fabian Pedregosa, Gaël Varoquaux, Alexandre Gramfort, Vincent Michel, Bertrand Thirion, Olivier500

Grisel, Mathieu Blondel, Peter Prettenhofer, Ron Weiss, Vincent Dubourg, et al. Scikit-learn: Machine501

learning in python. the Journal of machine Learning research, 12:2825–2830, 2011.502

[32] Harlan M Krumholz and Joanne Waldstreicher. The yale open data access (yoda) project–a mechanism503

for data sharing. The New England journal of medicine, 375(5):403–405, 2016.504

[33] Joseph S Ross, Joanne Waldstreicher, Stephen Bamford, Jesse A Berlin, Karla Childers, Nihar R Desai,505

Ginger Gamble, Cary P Gross, Richard Kuntz, Richard Lehman, et al. Overview and experience of the506

yoda project with clinical trial data sharing after 5 years. Scientific data, 5(1):1–14, 2018.507

[34] F. Saad, E. Efstathiou, G. Attard, T. W. Flaig, F. Franke, O. B. Goodman, S. Oudard, T. Steuber,508

H. Suzuki, D. Wu, K. Yeruva, P. De Porre, S. Brookman-May, S. Li, J. Li, S. Thomas, K. B. Be-509

vans, S. D. Mundle, S. A. McCarthy, and D. E. Rathkopf. Apalutamide plus abiraterone acetate and510

prednisone versus placebo plus abiraterone and prednisone in metastatic, castration-resistant prostate511

cancer (ACIS): a randomised, placebo-controlled, double-blind, multinational, phase 3 study. Lancet512

Oncol, 22(11):1541–1559, Nov 2021.513

[35] C. J. Ryan, M. R. Smith, J. S. de Bono, A. Molina, C. J. Logothetis, P. de Souza, K. Fizazi, P. Main-514

waring, J. M. Piulats, S. Ng, J. Carles, P. F. Mulders, E. Basch, E. J. Small, F. Saad, D. Schrijvers,515

H. Van Poppel, S. D. Mukherjee, H. Suttmann, W. R. Gerritsen, T. W. Flaig, D. J. George, E. Y. Yu,516

E. Efstathiou, A. Pantuck, E. Winquist, C. S. Higano, M. E. Taplin, Y. Park, T. Kheoh, T. Griffin,517

H. I. Scher, D. E. Rathkopf, A. Boyce, A. Costello, I. Davis, V. Ganju, L. Horvath, R. Lynch, G. Marx,518

F. Parnis, J. Shapiro, N. Singhal, M. Slancar, G. Van Hazel, S. Wong, D. Yip, P. Carpentier, D. Luyten,519

S. Rottey, F. Van Aelst, T. Cheng, J. Chin, S. Ellard, Y. Fradet, M. Gleave, A. Joshua, L. Klotz, H. Mar-520

tins, S. North, S. Abdel-Hamid, M. Colombel, A. chon, O. Haillot, F. Joly, S. Oudard, F. Priou, E. Ray-521

mond, P. Albers, M. Boegemann, J. Gleissner, J. Gschwend, P. Hammerer, A. Heidenreich, M. Kuczyk,522

K. Miller, R. Oetzel, J. Roigas, T. Steuber, M. ckle, M. Wirth, C. Papandreou, S. Bracarda, T. Marcello,523

C. Sternberg, C. Bangma, T. de Reijke, J. Arija, J. Bellmunt, R. Lopez, M. Lopez-Brea, A. Bjartell,524

J. Damber, M. Haggman, M. Hellstrom, M. Seke, J. Brown, S. Chowdhury, T. Elliott, S. Harland,525

H. Innes, N. James, R. Jones, D. Mazhar, E. Paez, A. Protheroe, J. Staffurth, F. Ahmann, G. Andriole,526

E. Arrowsmith, V. Assikis, A. Baron, W. Berry, G. Bubley, J. Carney, L. Chu, T. Cosgriff, S. Den-527

meade, H. Deshpande, D. Duchene, A. Ferrari, E. Frenkel, N. Gabrail, J. Garcia, D. George, L. Gomella,528

O. Goodman, I. Gore, J. Gullo, J. Hainsworth, O. Hamid, T. Hutson, D. King, H. Koh, A. Koletsky,529

F. Kudrik, P. Lara, R. Lyons, J. Maranchie, M. Modiano, J. Nieva, L. Nordquist, J. Pinski, B. Poiesz,530

J. Polikoff, D. Quinn, C. Redfern, S. Riggs, C. Ryan, M. Saleh, A. Sartor, M. Scholz, N. Shore, S. Srini-531

vas, U. Vaishampaya, J. Vieweg, M. Vira, N. Vogelzang, G. Wilding, Y. Wong, A. Belldegrun, P. W.532

Kantoff, M. A. Carducci, N. J. Vogelzang, W. K. Kelly, R. J. Auchus, M. Meyers, W. Rackoff, N. Tran,533

M. Yu, R. Knoblauch, V. Naini, S. Matheny, S. Maul, J. Larsen, J. Martin, H. Wawda, D. Goffredo,534

J. Li, S. Li, B. Li, K. Durve, M. J. Morris, and S. M. Larson. Abiraterone in metastatic prostate cancer535

without previous chemotherapy. N Engl J Med, 368(2):138–148, Jan 2013.536

[36] Kelvin KW Chan, Helen Guo, Sierra Cheng, Jaclyn M Beca, Ruby Redmond-Misner, Wanrudee Is-537

aranuwatchai, Lucy Qiao, Craig Earle, Scott R Berry, James J Biagi, et al. Real-world outcomes of538

folfirinox vs gemcitabine and nab-paclitaxel in advanced pancreatic cancer: a population-based propen-539

sity score-weighted analysis. Cancer medicine, 9(1):160–169, 2020.540

16

https://www.fda.gov/regulatory-information/search-fda-guidance-documents/considerations-design-and-conduct-externally-controlled-trials-drug-and-biological-products
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/considerations-design-and-conduct-externally-controlled-trials-drug-and-biological-products
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/considerations-design-and-conduct-externally-controlled-trials-drug-and-biological-products
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/considerations-design-and-conduct-externally-controlled-trials-drug-and-biological-products
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/considerations-design-and-conduct-externally-controlled-trials-drug-and-biological-products


[37] Ashley L Buchanan, Michael G Hudgens, Stephen R Cole, Bryan Lau, Adaora A Adimora, and Women’s541

Interagency HIV Study. Worth the weight: using inverse probability weighted Cox models in AIDS542

research. AIDS research and human retroviruses, 30(12):1170–1177, 2014.543

[38] Di Shu, Kazuki Yoshida, Bruce H Fireman, and Sengwee Toh. Inverse probability weighted Cox model544

in multi-site studies without sharing individual-level data. Statistical methods in medical research,545

29(6):1668–1681, 2020.546

[39] Chongliang Luo, Rui Duan, Adam C Naj, Henry R Kranzler, Jiang Bian, and Yong Chen. ODACH: a547

one-shot distributed algorithm for Cox model with heterogeneous multi-center data. Scientific reports,548

12(1):6627, 2022.549

[40] Dongdong Li, Wenbin Lu, Di Shu, Sengwee Toh, and Rui Wang. Distributed Cox proportional hazards550

regression using summary-level information. Biostatistics, 2022.551

[41] Ji A Park, Tae H Kim, Jihoon Kim, and Yu R Park. WICOX: Weight-based integrated Cox model552

for time-to-event data in distributed databases without data-sharing. IEEE Journal of Biomedical and553

Health Informatics, 27(1):526–537, 2022.554

[42] Rhian Daniel, Jingjing Zhang, and Daniel Farewell. Making apples from oranges: Comparing non-555

collapsible effect estimators and their standard errors after adjustment for different covariate sets.556

Biometrical Journal, 63(3):528–557, 2021.557

[43] C. J. Ryan, M. R. Smith, K. Fizazi, F. Saad, P. F. Mulders, C. N. Sternberg, K. Miller, C. J. Logo-558

thetis, N. D. Shore, E. J. Small, J. Carles, T. W. Flaig, M. E. Taplin, C. S. Higano, P. de Souza, J. S.559

de Bono, T. W. Griffin, P. De Porre, M. K. Yu, Y. C. Park, J. Li, T. Kheoh, V. Naini, A. Molina, D. E.560

Rathkopf, A. Boyce, A. Costello, I. Davis, V. Ganju, L. Horvath, R. Lynch, P. Mainwaring, G. Marx,561

S. Ng, F. Parnis, J. Shapiro, N. Singhal, M. Slancar, G. Van Hazel, S. Wong, S. D. Yip, P. Carpentier,562

D. Luyten, S. Rottey, D. Schrijvers, F. Van Aelst, H. Van Poppel, T. Cheng, J. Chin, S. Ellard, Y. Fradet,563

M. Gleave, A. Joshua, L. Klotz, H. Martins, S. Mukherjee, S. North, E. Winquist, S. Abdel-Hamid,564

M. Colombel, A. chon, O. Haillot, F. Joly, S. Oudard, F. Priou, E. Raymond, P. Albers, M. Boegemann,565

J. Gleissner, J. Gschwend, P. Hammerer, A. Heidenreich, M. Kuczyk, K. Miller, R. Oetzel, J. Roigas,566

T. Steuber, M. ckle, H. Suttman, M. Wirth, E. Efstathiou, C. Papandreou, S. Bracarda, T. Marcello,567

C. Sternberg, C. Bangma, W. Gerritsen, J. Arranz Arija, J. Bellmunt, R. Lopez, M. Lopez-Brea, J. Piu-568

lats, A. Bjartell, J. Damber, M. Haggman, M. Hellstrom, M. Seke, J. Brown, S. Chowdhury, J. de Bono,569

T. Elliott, S. Harland, H. Innes, N. James, R. Jones, D. Mazhar, E. Paez, A. Protheroe, J. Staffurth,570

F. Ahmann, G. Andriole, E. Arrowsmith, V. Assikis, A. Baron, E. Basch, W. Berry, G. Bubley, J. Car-571

ney, L. Chu, T. Cosgriff, S. Denmeade, H. Deshpande, D. Duchene, E. Estathiou, A. Ferrari, E. Frenkel,572

N. Gabrail, J. Garcia, D. George, L. Gomella, O. Goodman, I. Gore, J. Gullo, J. Hainsworth, O. Hamid,573

T. Hutson, D. King, H. Koh, A. Koletsky, F. Kudrik, P. Lara, R. Lyons, J. Maranchie, M. Modiano,574

J. Nieva, L. Nordquist, A. Pantuck, J. Pinski, B. Polesz, J. Polikoff, D. Quinn, C. Redfern, S. Riggs,575

C. Ryan, M. Saleh, A. Sartor, H. Scher, M. Scholz, N. Shore, S. Srinivas, U. Vaishampaya, J. Vieweg,576

M. Vira, N. Vogelzang, G. Wilding, Y. Wong, and E. Yu. Abiraterone acetate plus prednisone versus577

placebo plus prednisone in chemotherapy-naive men with metastatic castration-resistant prostate cancer578

(COU-AA-302): final overall survival analysis of a randomised, double-blind, placebo-controlled phase579

3 study. Lancet Oncol, 16(2):152–160, Feb 2015.580

[44] Sara Pusceddu, Michele Ghidini, Martina Torchio, Francesca Corti, Gianluca Tomasello, Monica Niger,581

Natalie Prinzi, Federico Nichetti, Andrea Coinu, Maria Di Bartolomeo, et al. Comparative effectiveness582

of gemcitabine plus nab-paclitaxel and folfirinox in the first-line setting of metastatic pancreatic cancer:583

a systematic review and meta-analysis. Cancers, 11(4):484, 2019.584

[45] Elena Gabriela Chiorean, Winson Y Cheung, Guido Giordano, George Kim, and Salah-Eddin Al-585

Batran. Real-world comparative effectiveness of nab-paclitaxel plus gemcitabine versus folfirinox586

in advanced pancreatic cancer: a systematic review. Therapeutic advances in medical oncology,587

11:1758835919850367, 2019.588

17



[46] Nicolas Williet, Angélique Saint, Anne-Laure Pointet, David Tougeron, Simon Pernot, Astrid Pozet,589

Dominique Bechade, Isabelle Trouilloud, Nelson Lourenco, Vincent Hautefeuille, et al. Folfirinox ver-590

sus gemcitabine/nab-paclitaxel as first-line therapy in patients with metastatic pancreatic cancer: a591

comparative propensity score study. Therapeutic advances in gastroenterology, 12:1756284819878660,592

2019.593

[47] Avital Klein-Brill, Shlomit Amar-Farkash, Gabriella Lawrence, Eric A Collisson, and Dvir Aran. Com-594

parison of folfirinox vs gemcitabine plus nab-paclitaxel as first-line chemotherapy for metastatic pan-595

creatic ductal adenocarcinoma. JAMA network open, 5(6):e2216199–e2216199, 2022.596

[48] S Hegewisch-Becker, A Aldaoud, T Wolf, B Krammer-Steiner, H Linde, R Scheiner-Sparna, D Hamm,597

M Jänicke, and N Marschner. Tpk-group (tumour registry pancreatic cancer). results from the prospec-598

tive german tpk clinical cohort study: Treatment algorithms and survival of 1,174 patients with locally599

advanced, inoperable, or metastatic pancreatic ductal adenocarcinoma. Int J Cancer, 144(5):981–990,600

2019.601

[49] Jakob M Riedl, Florian Posch, Lena Horvath, Antonia Gantschnigg, Felix Renneberg, Esther602

Schwarzenbacher, Florian Moik, Dominik A Barth, Christopher H Rossmann, Michael Stotz, et al.603

Gemcitabine/nab-paclitaxel versus folfirinox for palliative first-line treatment of advanced pancreatic604

cancer: A propensity score analysis. European Journal of Cancer, 151:3–13, 2021.605

[50] Jung Won Chun, Sang Hyub Lee, Joo Seong Kim, Namyoung Park, Gunn Huh, In Rae Cho, Woo Hyun606

Paik, Ji Kon Ryu, and Yong-Tae Kim. Comparison between folfirinox and gemcitabine plus nab-607

paclitaxel including sequential treatment for metastatic pancreatic cancer: a propensity score matching608

approach. BMC cancer, 21(1):537, 2021.609

[51] The Lancet Gastroenterology Hepatology. Cause for concern: the rising incidence of early-onset pan-610

creatic cancer, 2023.611

[52] Lihui Zhao, Brian Claggett, Lu Tian, Hajime Uno, Marc A Pfeffer, Scott D Solomon, Lorenzo Trippa,612

and LJ Wei. On the restricted mean survival time curve in survival analysis. Biometrics, 72(1):215–221,613

2016.614

[53] Kyongsun Pak, Hajime Uno, Dae Hyun Kim, Lu Tian, Robert C Kane, Masahiro Takeuchi, Haoda Fu,615

Brian Claggett, and Lee-Jen Wei. Interpretability of cancer clinical trial results using restricted mean616

survival time as an alternative to the hazard ratio. JAMA oncology, 3(12):1692–1696, 2017.617

[54] Sarah C Conner, Lisa M Sullivan, Emelia J Benjamin, Michael P LaValley, Sandro Galea, and Ludovic618

Trinquart. Adjusted restricted mean survival times in observational studies. Statistics in medicine,619

38(20):3832–3860, 2019.620

[55] Sebastian Pölsterl. scikit-survival: A library for time-to-event analysis built on top of scikit-learn. The621

Journal of Machine Learning Research, 21(1):8747–8752, 2020.622

[56] Irva Hertz-Picciotto and Beverly Rockhill. Validity and efficiency of approximation methods for tied623

survival times in Cox regression. Biometrics, pages 1151–1156, 1997.624

[57] Cameron Davidson-Pilon. lifelines: survival analysis in python. Journal of Open Source Software,625

4(40):1317, 2019.626

[58] Bradley Efron. The efficiency of Cox’s likelihood function for censored data. Journal of the American627

statistical Association, 72(359):557–565, 1977.628

[59] Liuyi Yao, Zhixuan Chu, Sheng Li, Yaliang Li, Jing Gao, and Aidong Zhang. A survey on causal629

inference. ACM Trans. Knowl. Discov. Data, 15(5), may 2021.630

[60] Guido W Imbens. Sensitivity to exogeneity assumptions in program evaluation. American Economic631

Review, 93(2):126–132, 2003.632

18



[61] Adam Pantanowitz and Tshilidzi Marwala. Missing data imputation through the use of the random633

forest algorithm. In Advances in computational intelligence, pages 53–62. Springer, 2009.634
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6 Online Methods667

6.1 Problem statement668

We consider a setting where one center, e.g., a pharmaceutical company, hosts data of all treated patients669

and approaches several other centers to use their data as control to define a distributed ECA. Although670

FedECA also works in the more general case where there is no constraint on patient mixing within the671

participating centers.672

We suppose that FDA guidelines for ECA [73] have been applied to direct data harmonization so that673

variables, assigned or received treatments, data formats, variable ranges, outcome definitions and inclusion674
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criteria match across centers. However we touch on the practical challenges associated with such a require-675

ment when studying the metastatic pancreatic adenocarcinoma use-case in Section 6.4.3. We assume that676

variables are not missing and relegate discussing data imputation questions associated with real-world data677

to Section 6.4.3 as well.678

We consider as well that all centers arrived at a consensus on a common list of confounding factors that679

influence both the exposure and the outcome of interest, we give examples of such lists in Section 6.4.2 and680

Section 6.4.3.681

Moreover, the studied treatment effect is the average treatment effect (ATE) evaluated using the hazard682

ratio (HR) with time-to-event outcomes. See the discussion regarding this design choice.683

Finally we assume the deployment of a federated solution such as Substra [74] between the centers as684

well as a trusted third party or aggregator. This setup is detailed for the ”real-world” deployment use-cases685

in Section 6.5.686

We note that because of the scope of this article, we do not necessarily dwell on such technicalities; in687

practice however, they are a crucial aspect of FL projects and should not be underestimated [75, 76, 77].688

6.2 Federated External Control Arms (FedECA)689

6.2.1 Method overview690

The ECA methodology we use relies on 3 main steps: training a propensity score model, fitting a weighted691

Cox model, and testing the parameter related to the treatment. We first introduce them here in a pooled-level692

fashion, before explaining in detail how we adapted them to the federated setting in the next sections.693

Setup and notations694

Each patient is represented by covariates X ∈ R
p. It undergoes treatment A ∈ {0, 1}, corresponding either695

to the treated (A = 1) or control (A = 0) arm. We denote xi the covariates of the i-th patient, and ai696

its treatment allocation. Following treatment, the patient has an event of interest (e.g., death or disease697

relapse) at a random time T ∗. The patient may leave the arm before the event of interest is actually698

observed, a phenomenon called censoring: we denote the observed time T , whose realizations are denoted ti.699

We note δi = 1 if this corresponds to a true event, resp. δi = 0 if censorship took place. Additionally, we700

define the observed outcome Yi = (Ti, δi). Let n denote the total number of patients, indexed by i.701

Let S denote the finite set of all observed times, i.e. S = {ti}
n
i=1. At a given time s, let Ds denote the702

set of patients with an event at this time, i.e.703

∀s ∈ S,Ds = {i|ti = s, δi = 1}, (1)

and let Rs denote the set of patients at risk at this time, i.e.704

∀s ∈ S,Rs = {i|ti ≥ s}. (2)

Further, let S̊ denote the set of times where at least one true event occurs, i.e.705

S̊ = {s ∈ S|Ds ̸= ∅}. (3)

Data is distributed among K different centers, with nk samples per center. We denote xi,k the i-th706

covariate vector from the k-th center; accordingly, ai,k denotes the treatment allocation, yi,k = (ti,k, δi,k) the707

observed outcome, where ti,k is the observed time event, and δi,k whether a true event took place. Similarly,708

for each time s and center k, we define the subset Ds,k and Rs,k as the respective restrictions of Ds and Rs709

to center k.710

Propensity score model training711

Due to the lack of randomization, for each sample, the probability of being assigned the treatment A might712

depend on the covariates X. We train a propensity score model pθ with parameters θ such that713

pθ(x) ≈ P[A|X = x]. (4)
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We use a logistic model for pθ, i.e.,714

pθ(x) =
1

1 + exp(−θTx)
. (5)

Its negative log-likelihood is given by715

J (θ) =

n∑

i=1

{ai log pθ(xi) + (1− ai) log(1− pθ(xi))} . (6)

In Section 6.2.3, we explain how this model is trained in a federated setting.716

Inverse Probability Weighted Treatment (IPTW)717

For each sample i, we define an IPTW weight wi ∈ (0,+∞) based on the propensity score model trained in718

the previous step as719

wi =

{
1

max(pθ(xi),ε)
if ai = 1,

1
max(1−pθ(xi),ε)

otherwise.
(7)

In order to avoid overflow errors, ε > 0 was set to 10−16 in our experiments.720

We then train a weighted Cox proportional hazards (CoxPH) model with parameters β ∈ R
q, related to721

patient-specific variables zi ∈ R
q. We stress that the variables zi are not the same as the covariates xi. More722

precisely, for the vanilla IPTW method, the sole covariate used is the treatment allocation, i.e., zi = ai. In723

the general case of the adjusted IPTW (adjIPTW) method, one may use additional covariates, especially if724

they are known confounders. We note that our federated framework can support both classical IPTW and725

adjIPTW unlike in [78], although we choose to illustrate our results with IPTW for the sake of simplicity.726

The CoxPH model is fitted by maximizing a data-fidelity term consisting in the partial likelihood L(β)727

with Breslow approximation [79]:728

L(β) =
∏

i:δi=1


 eβ

T zj

∑
j:tj≥ti

wjeβ
T zj




wi

=
∏

s∈S̊

∏

i∈Ds


 eβ

T zi

∑
j∈Rs

wjeβ
T zj




wi

, (8)

where the second equation has been rewritten using the sets Ds and Rs. For numerical stability, we use the729

negative log-likelihood ℓ(β) = logL(β), which reads730

ℓ(β) = −
∑

s∈S̊

∑

i∈Ds



wiβ

Tzi − wi log


∑

j∈Rs

wje
βT zj





 . (9)

While ℓ(β) represents a data-fidelity term, we also add a regularization ψ(β) with strength γ > 0, leading731

to the full loss732

L(β) = ℓ(β) + γψ(β). (10)

In Section 6.2.4, we describe how we minimize the loss L in a federated setting, which is the main technical733

innovation of this paper.734

Variance estimation and statistical testing735

Once the weights are fitted, we estimate the variance matrix of β̂ using a robust sandwich-type estimator [80].736

Let us denote737

ζ0s (β) =
∑

j∈Rs

wje
βT zj , (11)

ζ1
s (β) =

∑

j∈Rs

wje
βT zjzj , (12)

ζ2
s (β) =

∑

j∈Rs

wje
βT zjzjz

T
j , (13)
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and ζ̂0s (β), ζ̂
1
s (β), ζ̂

2
s (β) the analogous quantities using the estimated weights {ŵi}

n
i=1.738

Following [80, 78], the robust sandwich-type estimator of the variance of β̂ takes the following form:739

V̂ ar(β̂) = H−1Q(H−1)T , (14)

where740

H =
∑

s∈S̊

∑

i∈Ds

ŵi

(
ζ̂2
s (β̂)

ζ̂0s (β̂)
−

ζ̂1
s (β̂)ζ̂

1
s (β̂)

T

ζ̂0s (β̂)
2

)
, (15)

Q =

n∑

i=1

ϕ̂i(β̂)ϕ̂i(β̂)
T , (16)

ϕ̂i(β̂) = δiŵi

(
zi −

ζ̂1
s (β̂)

ζ̂0s (β̂)

)
− ŵi exp(β̂

Tzi)zi
∑

s′∈S̊

∑

j∈Ds′

ŵj1{s′≤s}

ζ̂0s′(β̂)

+ ŵi exp(β̂
Tzi)

∑

s′∈S̊

∑

j∈Ds′

ŵj1{s′≤s}ζ̂
1
s′(β̂)

ζ̂0s′(β̂)
2

, for all i ∈ Ds, s ∈ S̊,

(17)

with 1{s′≤s} the indicator function that has the value 1 on all times s′ (with events) and is 0 otherwise.741

Eventually, a Wald test is performed on the entry of β̂ corresponding to the treatment allocation, assuming742

a χ2 distribution with 1 degree of freedom [81].743

6.2.2 Related works744

Before diving into the details of the federation of the propensity score model and the weighted Cox model,745

we provide some context explaining the position of FedECA in the literature. In the case of binary or746

continuous outcomes, inverse probability of treatment weighting (IPTW) can be directly federated, and has747

been explored extensively [82, 83, 84, 85]. In contrast, to the best of our knowledge, few works have explored748

the federation of ML model training compatible with ECA for time-to-event outcomes.749

The difficulty of this federation is that the straightforward application of FL algorithms such as Fed-750

erated Averaging [86] to time-to-event ML models is impossible due to the non-separability of the Cox751

proportional hazards (PH) loss [87, 88]. Careful federation of the training of ML models capable of han-752

dling time-to-event outcomes is possible [87, 88] but often requires either to use tree-based models [89, 90],753

approximations [88, 91] or can only be performed in stratified settings [79, 78, 92, 93, 94], which limits the754

applicability of such federated analyses for ECA analyses. Indeed, existing stratified federated IPTW meth-755

ods such as [78] cannot be applied to ECA as, in the realistic setting we consider, the treatment variable is756

constant within each center and thus comparison between the treated and untreated groups cannot be done757

locally from within a single center. A recent work proposed a propensity score method to estimate hazard758

ratios in a federated weighted Cox PH model [95]. The main difference with our work lies in the fact that759

they have considered propensity scores based on the combination of local propensity scores (computed in760

each center) and global ones demonstrating superior performance than the global scores alone.761

However, as previously stated, in this paper we consider a setting where local propensity score models762

cannot be trained locally to predict treatment allocation since the variable to predict is constant in each763

center.764

Furthermore, our work supports adjusted IPTW and proposes a federated algorithm for robust distributed765

estimation.766

Other lines of work tackle the federated analytics setting where no learning is involved and propose to767

use aggregated data (AD), such as matching-adjusted indirect comparison (MAIC) [96] to perform direct768

comparisons in combination with the available individual patients data. Finally, another popular research769

direction is to propose private representations of patient covariates [97, 98, 99, 100] that can be pooled into770

a central server. These methods have the drawback of not yielding pooled-equivalent results. Furthermore,771

centralizing these representations increases the potential leakage risks associated with a successful, even if772

unlikely, attack, compared to a federated storage system. We summarize in Supplementary Table S2 the773

differences between the methods mentioned above.774
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In particular, we extend WebDISCO [87], which, alongside [95], is to the best of our knowledge, one of775

the few exact methods enabling federated learning of time-to-event models in ECA contexts. This extension776

integrates both propensity scoring and causal inference into the learning process. We also derive a federated777

version of the robust sandwich estimator for testing treatment effects.778

Our method can also be seen as an extension of stratified IPTW for time-to-event outcomes from [78, 95]779

to the non-stratified case that allows application to ECA.780

With this in mind, we go on to precisely describe the federation scheme by specifying all quantities that781

are communicated between the centers and the aggregator.782

6.2.3 Federated propensity model training783

Our goal is to fit a model for the propensity score (5) based on distributed data {(xi,k, ai,k)i}
K
k=1. Let J784

denote the full negative log-likelihood of the model, and Jk the negative log-likehood for each center, i.e.,785

Jk(θ) =

nk∑

i=1

{ai,k log pθ(xi,k) + (1− ai,k) log(1− pθ(xi,k))} . (18)

Due to the separability of each loss term in per-sample terms [101], we have786

J (θ) =

K∑

k=1

Jk(θ). (19)

Using the separability (19), it is straightforward to optimize J using a second-order method, since its gradient787

and Hessian can be computed from the sum of local quantities, as described in Section 2.1 of [102]. We call788

this näıve strategy FedNewtonRaphson: its pseudocode is provided in Algorithm 1. This algorithm has a789

hyperparameter corresponding to the number of steps: in our numerical experiments, we noted that E = 10790

is sufficient to obtain proper convergence.791

The strategy FedNewtonRaphson requires to compute full batch gradients and Hessians, in time O(nk)792

on each center, and each communication with the aggregator requires the exchange of O(p2) floating numbers.793

In the setting of ECAs, we usually have both nk ≤ 103 and p ≤ 103, making such a second-order approach794

tractable. We note that for larger data settings, several improvements could be considered following [103,795

102], which would reduce the quantities of transmitted parameters. We leave such improvements to future796

work.797

Algorithm 1 FedNewtonRaphson

1: Initialize θ0 = 0
2: for e = 1 to E do
3: Aggregator sends θe−1 to each center
4: for k = 1 to K in parallel do ▷ On each center
5: ge,k = ∇θJk(θe−1)
6: He,k = ∇2

θJk(θe−1)
7: Send ge,k and He,k to the aggregator
8: end for
9: ge =

1
K

∑K
k=1 ge,k ▷ Aggregator-side

10: He =
1
K

∑K
k=1 He,k

11: θe = θe−1 − (He)
−1ge

12: end for
13: return θE

798

6.2.4 Inverse probability weighted WebDISCO799

Here we propose a method to minimize the regularized weighted CoxPH model (10) in a federated fash-800

ion. Since the non-separability of the weighted CoxPH log-likelihood ℓ(β) prevents the use of vanilla FL801

algorithms, we inspire ourselves from WebDISCO [87] to build a pooled-equivalent second-order method.802
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Non-separability803

Compared to the logistic propensity score model, the main difficulty of federating Equation (9) stems from804

the non-separability of the log-likelihood, i.e., the cross-center terms. Indeed, for any time s, the risk set Rs805

is a union of per-center terms, i.e.806

Rs = ∪K
k=1Rs,k. (20)

Thus, the aggregated Equation (9) can be rewritten as807

ℓ(β) = −
K∑

k=1

∑

s∈S̊

∑

i∈Ds,k



wiβ

Tzi,k − wi log


 ∑

j∈Rs,k

wje
βT zj,k +

∑

k′ ̸=k

∑

j∈Rs,k′

wje
βT zj,k′





 , (21)

where the loss for each sample i of each center k involves terms from other samples j in other centers k′ ̸= k.808

The non-separability of the CoxPH loss is a well-known issue in a federated setting and previous works have809

investigated reformulations to make it amenable to vanilla federated learning solvers [88]. Here we instead810

adapt the WebDISCO method [87] to the weighted case in order to keep pooled-equivalent results and benefit811

from second-order acceleration.812

Federated computation of ∇βℓ(β) and ∇2
βℓ(β)813

Our method consists in performing an iterative server-level Newton-Raphson descent on L. The gradi-814

ent ∇βℓ(β) and Hessian ∇2
βℓ(β) thus need to be computed in a federated fashion. These quantities can be815

computed in closed-form as816

∇βℓ(β) = −
∑

s∈S̊

∑

i∈Ds

(
wizi − wi

∑
j∈Rs

wje
βT zjzj∑

j∈Rs
wjeβ

T zj

)
, (22)

and817

∇2
βℓ(β) =

∑

s∈S̊

∑

i∈Ds

wi





∑
j∈Rs

wje
βT zjzjz

T
j∑

j∈Rs
wjeβ

T zj
−

(∑
j∈Rs

wje
βT zjzj

)(∑
j′∈Rs

wj′e
βT zj′zT

j′

)

(
∑

j∈Rs
wjeβ

T zj )2



 . (23)

Note that the Hessian evaluated at β = β̂, ∇2
βℓ(β̂), corresponds, up to a sign, to the quantity H defined818

in (15) for the robust variance estimator. We now define the local counterparts ζhs,k(β) of the previously819

introduced quantities where the sum is restricted to the risk set Rs,k,820

ζ0s,k(β) =
∑

j∈Rs,k

wje
βT zj , (24)

ζ1
s,k(β) =

∑

j∈Rs,k

wje
βT zjzj , (25)

ζ2
s,k(β) =

∑

j∈Rs,k

wje
βT zjzjz

T
j . (26)

Further, let us denote821

Ws =
∑

i∈Ds

wi, (27)

Zs =
∑

i∈Ds

wizi, (28)

and822

Ws,k =
∑

i∈Ds,k

wi, (29)

Zs,k =
∑

i∈Ds,k

wizi, (30)
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where by convention, in all cases, the sum is set to 0 in case of an empty set. Equations (22) and (23) can823

be respectively rewritten as824

∇βℓ(β) = −
∑

s∈S̊

Zs −Ws
ζ1
s (β)

ζ0s (β)
, (31)

825

∇2
βℓ(β) =

∑

s∈S̊

Ws

{
ζ2
s (β)

ζ0s (β)
−

ζ1
s (β)ζ

1
s (β)

T

ζ0s (β)
2

}
. (32)

Using these equations, we can rewrite826

∇βℓ(β) = −
K∑

k=1




∑

s∈S̊

Zs,k −Ws,k

∑
k′ ζ

1
s,k′(β)∑

k′ ζ0s,k′(β)



 , (33)

827

∇2
βℓ(β) =

K∑

k=1

∑

s∈S̊

Ws,k





∑
k′ ζ

2
s,k′(β)∑

k′ ζ0s,k′(β)
−

(∑
k′ ζ

1
s,k′(β)

)(∑
k′ ζ

1
s,k′(β)

)T

(∑
k′ ζ0s,k′(β)

)2




. (34)

Assuming the set of all true event times S̊ is known to all centers, we see that it is possible to reconstruct828

the full gradient ∇βℓ(β) and Hessian ∇2
βℓ(β) based on the 5-uplet {(Ws,k,Zs,k, ζ

0
s,k(β), ζ

1
s,k(β), ζ

2
s,k(β))}s,k.829

Algorithm 2 sums up this algorithm.830

Algorithm 2 FedCoxComp

Require: Weights β, set S̊
1: Aggregator sends β to each center
2: for k = 1 to K in parallel do ▷ On each center
3: for s ∈ S̊ do
4: Compute Wk,s with (29) ▷ 0 if Ds,k = ∅
5: Compute Zk,s with (30).
6: end for
7: for s ∈ S̊ s.t. Wk,s > 0 do ▷ 0 otherwise
8: Compute ζ0s,k(β) with (24)

9: Compute ζ1
s,k(β) with (25)

10: Compute ζ2
s,k(β) with (26)

11: end for
12: Send back {(Wk,Zk, ζ

0
s,k(β), ζ

1
s,k(β), ζ

2
s,k(β))}s∈S̊

13: end for
14: Compute ∇βℓ(β) with (33) ▷ On the server
15: Compute ∇2

βℓ(β) with (34)

16: return ∇βℓ(β),∇
2
βℓ(β)

831

Algorithm 3 non-robust FedECA

Require: Maximal number of steps E, LR schedule (αe)e, regularization γ
1: Initialization β0 = 0
2: for e = 1 to E do
3: ∇βℓ(βe−1),∇

2
βℓ(βe−1) = FedCoxComp(βe−1) ▷ Communication between server and centers

4: ∇βL(βe−1) = ∇βℓ(βe−1) + γ∇βψ(β)
5: ∇2

βL(βe−1) = ∇2
βℓ(βe−1) + γ∇2

βψ(β)

6: βe = βe−1 − αe

(
∇2

βL(βe−1)
)−1

∇βL(βe−1)

7: if Stopping criterion then e = E

8: end if
9: end for

10: return βE

832
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Non-robust FedECA833

To optimize the full loss (10), we can now leverage the computation of the gradient and Hessian of the834

weighted CoxPH loss ℓ to perform a second-order Newton-Raphson descent. We follow the hyperparameters835

of lifelines [104] for this optimization. In particular, we use the same learning rate strategy, the same836

regularizer and the same stopping criterion. Indeed, as lifeline’s regularizer does not depend on data837

and is smooth, its gradient and Hessian can be computed on the server’s side deriving twice the following838

equation:839

L(β) = ℓ(β) + γψ(β), (35)

(36)

with γ the strength of the regularization.840

In more details for the regularizer ψ(β), we use a soft elastic-net regularization [105] with hyperparameters841

λ > 0 and α > 0:842

ψ(β) = λ

(∑

r

ϕα(βr)

)
+

1− λ

2
∥β∥22, (37)

where ϕα is a smooth approximation of the absolute value that is progressively sharpened with the round e.843

α = 1.3e, (38)

ϕα(x) =
1

α
(log(1 + exp(αx)) + log(1 + exp(−αx))) . (39)

We also allow for constant learning rates as in scikit-survival [106]. We note that implementing different844

learning rate strategies or regularizers should be straightforward with our implementation.845

Algorithm 3 summarizes the full algorithm used.846

6.2.5 Statistical test and robust variance estimation847

The robust sandwich-type estimator can be obtained by aggregating local quantities as we demonstrate in848

the following. We assume that each client has access to ζ0s (β̂) and ζ1

s (β̂) for all s ∈ S̊. This can be achieved849

by simply allowing the server to transmit the quantities ζ0s,k(β̂) and ζ1

s,k(β̂) to the centers in addition to H.850

The global goal is to compute the robust estimator of the variance given by851

V̂ ar(β̂) = H−1Q(H−1)T , (40)

where H (15) corresponds to the Hessian ∇2
βℓ(β̂) and Q is defined in (16). We note that through FedECA852

(3) each client already has access to H.853

Let us define Mk as854

Mk =

nk∑

i=1

(H−1ϕ̂i(β̂))ϕ̂i(β̂)
T (H−1)T , (41)

where the sum is on all indices belonging to client k.855

Then we have,856

V̂ ar(β̂) =
K∑

k=1

Mk. (42)

Moreover, let Φ(β̂) ∈ R
n,p be the matrix whose rows are the ϕi(β̂) for all i ∈ J1, nK. Thus we can write the857

variance as858

V̂ ar(β̂) = H−1Φ(β̂)TΦ(β̂)(H−1)T , (43)

Φ(β̂)TΦ(β̂)i,j =

n∑

k=1

(
ϕk(β̂)

)
i
·
(
ϕk(β̂)

)
j
=

K∑

k=1

nk∑

m=1

(
ϕm(β̂)

)
i
·
(
ϕm(β̂)

)
j
, (44)

V̂ ar(β̂) = H−1Φ(β̂)TΦ(β̂)(H−1)T =

K∑

k=1

Mk. (45)
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Each client can compute ϕi(β̂) with Eq. (17) for all its samples i (∀s, i ∈ Ds,k) as long as it has access859

to ζ0s,k(β̂) and ζ1

s,k(β̂) for all s ∈ S̊. Therefore each client can compute the corresponding Mk.860

This leads us to the full robust algorithm of FedECA in 5. Once the variance is estimated using the861

above expression, we can perform inference using, e.g., a Z-test. Note that as in lifelines [104] we use the862

Hessian of the regularized function. Therefore to accomodate the computation of the variance we modify863

non-robust FedECA as depicted in Alg. 5. Privacy-wise this modification (a) gives each client the same864

knowledge as the server on the last round and (b) communicates an additional Mk matrix by center, which865

is reasonable. In addition, in the IPTW case the matrix only the treatment allocation is used as a covariate866

and hence Mk is a scalar.867

Algorithm 4 RobustFedCoxComp

Require: Weights β, set S̊
1: Aggregator sends β to each center
2: for k = 1 to K in parallel do ▷ On each center
3: for s ∈ S̊ do
4: Compute Wk,s with (29) ▷ 0 if Ds,k = ∅
5: Compute Zk,s with (30).
6: end for
7: for s ∈ S̊ s.t. Wk,s > 0 do ▷ 0 otherwise
8: Compute ζ0s,k(β) with (24)

9: Compute ζ1
s,k(β) with (25)

10: Compute ζ2
s,k(β) with (26)

11: end for
12: Send back {(Wk,Zk, ζ

0
s,k(β), ζ

1
s,k(β), ζ

2
s,k(β))}s∈S̊

13: end for
14: Compute ∇βℓ(β) with (33) ▷ On the server
15: Compute ∇2

βℓ(β) with (34)

16: return ∇βℓ(β),∇
2
βℓ(β) ▷ And if it’s the last round return ∀s ∈ S̊, ζ0s,k(β), ζ

1
s,k(β),Ws

868

Algorithm 5 FedECA

Require: Maximal number of steps E, LR schedule (αe)e, regularization γ
1: Initialization β0 = 0
2: for e = 1 to E do
3: ∇βℓ(βe−1),∇

2
βℓ(βe−1) = RobustFedCoxComp(βe−1) ▷ Communication between server and centers

4: ∇βL(βe−1) = ∇βℓ(βe−1) + γ∇βψ(β)
5: ∇2

βL(βe−1) = ∇2
βℓ(βe−1) + γ∇2

βψ(β)

6: βe = βe−1 − αe

(
∇2

βL(βe−1)
)−1

∇βL(βe−1)

7: if Stopping criterion then e = E

8: end if
9: end for

10: return βE

11: Define β̂ = βE

12: for k = 1 to K in parallel do ▷ On each center
13: Send back MkM

T
k where Mk =

∑
s∈S̊

∑
i∈Ds,k

H−1ϕ̂i(β̂).
14: end for
15: Compute V̂ ar(β̂) =

∑K
k=1MkM

T
k ▷ On the server

16: return V̂ ar(β̂)

869
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6.2.6 Federated bootstrap870

When implementing bootstrap in federated setups, the näıve way is to bootstrap samples per-center. However871

this creates some edge cases if centers have small sample sizes (e.g. nk = 1) and risks underestimating the872

variance compared to the pooled case. We therefore implement both but use in our experiments a global873

bootstrap where we sample with replacement the global distributed cohort as if it were pooled.874

6.2.7 Privacy of FedECA875

We consider that time-to-event and censorship are safe to share, this is a strong assumption but is often876

used in clinical trials as KM curves are released [107].877

Regarding the security of the covariates, we place ourselves in the honest-but-curious threat model,878

described in more detail in Substra’s documentation [108].879

The only covariate used when doing IPTW is the treatment allocation, which is known throughout880

centers. Therefore the only quantities tied to the covariates that are communicated are (1) the gradients881

of the propensity model, and (2) the scalar product of covariates and propensity model weights that are882

exposed through the propensity scores, averaged on risk sets and on distinct event times. Regarding the883

first point we propose an implementation of a differentially private version of the propensity model training884

that we describe in the next paragraph. Regarding the second point we assume that the dimension p of885

the covariate vector is such that p >> 1 and therefore that leaking scalar products is an acceptable risk in886

this context; This is a strong assumption. In the general case it could theoretically allow for attacks such887

as membership attacks [109]. Making the pipeline end-to-end differential private (DP) is an open problem.888

One could in principle rely again on DP to either add noise to the scalar products themselves or to the889

propensity scores when training the Cox PH model. However, this would affect the result even more than890

when applying DP only to the propensity model training, which already has a strong effect see Supplementary891

Figure S2. Another research avenue would be to increase the average/minimum size of the per-client risk892

sets by discretizing the times and applying random quantization mechanisms (RQM) [110]. We note that in893

this second case another downside would be that, in addition to destabilizing the training of the Cox model,894

it would artificially create more ties in the data, which would in return affect the quality of the Breslow895

estimator.896

Because it exposes sums of additional covariates, studying the privacy of the federation of adjusted IPTW897

requires a specific treatment that we leave to future work.898

Differential privacy of the propensity model899

We list here some properties of DP that are relevant to our implementation and refer the reader to the work900

of [111] or [112] for a more complete exposition of the topic:901

DP provides slack parameters (ϵ, δ), which allow to strike a trade-off between model accuracy and privacy902

of individual contributions.903

A process M is (ϵ, δ)-DP if and only if ∀D,D′ adjacent (differing by one element), we have:904

p(M(D) ∈ S) ≤ p(M(D′) ∈ S) · exp(ϵ) + δ (46)

Perfect privacy guarantees are only obtained by taking (ϵ, δ) = (0, 0) which makes the process M provably905

indistinguishable from the addition or removal of one individual. In practice in real-world deployments it906

seems ϵ between 0.1 and 50 are used depending on the application [112] with different values of δ. DP907

benefits from nice composability properties [111] and can thus be applied easily to ML training methods908

that are iterative by nature and can therefore be applied to FL as well [113].909

We use the Opacus library [114], which implements the privacy accountant method of [113] to train the910

propensity model within FedECA with differential privacy (DP) with various (ϵ, δ) couples.911

Our implementation is available in the script torch dp fed avg algo.py and uses Rényi differential privacy912

(RDP) [115] which gives tighter bounds alongside with Poisson sampling.913
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6.3 Federated Analytics914

Regulators ask for SMD and Kaplan-Meier survival curves [116] in addition to the hazard ratio (HR), the915

associated confidence intervals (CI) and p-value in order to validate the reweighting of the propensity model916

and to be able to describe the patient population’s time-to-events distribution within the two groups.917

Therefore we also implement two federated analytics methods that we call Fed-Kaplan and Fed-SMD in918

order to compute such quantities globally on distributed data without compromising data.919

It is to be noted that Fed-Kaplan can be directly derived from FedECA as it requires the same quantities,920

namely the risk sets and number of occurence of events. However, Fed-SMD requires the communication of921

additional second order terms which increases the attack surface of FedECA.922

Those two implementations are novel to the best of our knowledge.923

6.3.1 Federated Kaplan-Meier estimator924

We follow FedECA implementation to compute per-center and communicate the unique times of events Sk,925

the (weighted) risk set Rs,k and the (weighted) number of deaths occurring at these times Ds,k for each arm.926

This enables to compute in the server Rs and Ds which then allows to compute the Kaplan-Meier927

estimator at each time t of a predefined grid for each arm as well as the Greenwood and exponential928

Greenwood confidence intervals [117].929

For completeness, we remind the reader of this well-known formulas that we rewrite using our notations:930

Ŝ(t) =
∏

s∈S̊|s≤t


1−

∑
j∈Rs

wj

∑
k∈Ds

wk


 ,

Var(Ŝ) = Ŝ(t)2
∏

s∈S̊|s≤t

∑
j∈Ds

wj

(
∑

k∈Rs

wk)×

(
∑

k∈Rs

wk −
∑

j∈Ds

wj

) ,

Z(t) = log(log Ŝ(t)),

ˆVar[Z(t)] =
1

(log Ŝ(t))2

∏

s∈S̊|s≤t

∑
j∈Ds

wj

(
∑

k∈Rs

wk)×

(
∑

k∈Rs

wk −
∑

j∈Ds

wj

) .

With Ŝ(t) the Kaplan-Meier estimator of the survival function and Var(Ŝ) and ˆVar[Z(t)] respectively the931

Greenwood and exponential Greenwood estimators of the variance of the Kaplan-Meier estimator at time t.932

In practice exponential Greenwood shall be used [117] and this is what we display in the results.933

6.3.2 SMD estimator934

6.3.2.1 Computing SMD in a federated setting935

We compute the standardized mean difference (SMD) for each covariate before and after weighting as defined936

by:937

SMD =
x̄1 − x̄2√

s2
1
+s2

2

2

. (47)

Where x̄1 and x̄2 are the means of the covariate in the two arms and s21 and s22 are the variances of the938

covariate in the two arms. As explained in [118, 119] we use the variance of the groups before weighting939

as a normalizer. We compute this quantity in a federated fashion efficiently in two aggregation rounds by940

developing the variance following [120]:941

1

n− 1

n∑

i=1

(xi − x̄)2 =
1

n− 1

(
n∑

i=1

x2i − nx̄2

)
. (48)
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Effectively each center transmits uncentered moments of order 1 and 2 and the server uses them to derive942

the centered moments of order 1 and 2.943

6.4 Datasets and cohorts construction944

6.4.1 Synthetic data generating model of time-to-event outcome945

To illustrate the performance of our proposed FL implementation, we rely on simulations with synthetic946

data. We simulate covariates and related time-to-event outcomes respecting the proportional hazards (PH)947

assumption, with the baseline hazard function derived from a Weibull distribution. For simplicity we assume948

a constant treatment effect across the population. The data generation process consists of several consecutive949

steps that we describe below assuming our target is a dataset with p covariates and n samples.950

First, a design matrix X = [X(1), . . . ,X(p)] ∈ R
n×p ∼ N (0,Σ) is drawn from a multivariate normal951

distribution to obtain (baseline) observations for n individuals described by p covariates. The covariance952

matrix Σ is taken to be a Toeplitz matrix such that the covariances between pairs (X(i),X(j)) of covariates953

decay geometrically. In other words, for a fixed ρ > 0, we have cov(X(i),X(j)) = ρ|i−j|. Such a covariance954

matrix implies a locally and hierarchically grouped structure underlying the covariates, which we choose955

to mimic the potentially complex structure of real-world data. To reflect the varying correlations of the956

covariates with the outcome of interest, the coefficients βi of the linear combination used to build the hazard957

ratio are drawn from a standard normal distribution.958

Σ = Toeplitz(1, ρ, ρ2, · · · , ρp−1),

X ∈ R
n×p ∼ N (0,Σ),

β ∈ R
p ∼ N (0, 1).

(49)

In the context of clinical trials with external control arms, which implies non-randomized treatment959

allocation, we simulate the treatment allocation in such a way that it depends on the covariates. More960

precisely, we introduce the treatment allocation variable A that follows a Bernoulli distribution, where the961

probability of being treated (the propensity score) q depends on a linear combination of the covariates,962

connected by a logit link function g. The coefficients αi of the linear combination are drawn from a uniform963

distribution, where the range k ≥ 0 is symmetric around 0 and is normalized by the number of covariates.964

The degree of influence of the covariates on A can be regulated by adjusting the value of k. The greater the965

value of k, the stronger the influence, and therefore the lower the degree of overlap between the distributions966

of propensity scores of the treated and (external) control groups. Conversely, k = 0 removes the dependence,967

leading to a randomized treatment allocation.968

α ∈ R
p ∼ p−1/2U(−k, k),

qi = g−1(αTXi) = (1 + e−αTXi)−1,

ai|Xi ∼ Bern(qi).

(50)

Once drawn, the treatment allocation variable Ai is composed with the constant treatment effect, defined969

here as the hazard ratio µ, to obtain the final hazard ratio hi for each individual. The time-to-event T ∗
i of970

each sample is then drawn from a Weibull distribution with shape ν and the scale depending on hi and ν.971

Meanwhile, for all samples we assume a constant dropout (or censoring) rate d across time, resulting in a972

censoring time that follows an exponential distribution.973

hi(ai) = µai exp(βTXi),

T ∗
i ∼ W(hi(ai)

− 1

ν , ν),

Ci ∼ E(d)

(51)

Finally, the event indication variable δi can be derived from T ∗
i and Ci: δi = 1T∗

i
≤Ci

. And the observed974

outcome Yi for the ith individual is defined as the couple Yi = (Ti = min(T ∗
i , Ci), δi), i.e., it corresponds to975

the observed time and the information on whether an event is observed.976
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6.4.2 Prostate cancer cohort construction977

We access data of two phase III randomized clinical trials from the Yale University Open Data Access978

(YODA) project [121, 122] of patients with metastatic castration-resistant prostate cancer. The first trial,979

NCT02257736, has apalutamide, abiraterone acetate and prednisone (Apa-AA-P) for the treatment arm,980

and placebo, abiraterone acetate and prednisone (AA-P) for the control arm. The primary outcome is981

radiographic progression-free survival (rPFS). The second trial, NCT00887198, has AA-P for the treatment982

arm, and placebo and prednisone (P) for the control arm. The primary outcomes are overall survival (OS)983

and rPFS. We thus artificially distribute the data of the first trial to one “client” (simulated server) and the984

data of the second arm to the second ”client” replicating natural splits such as in [91] to simulate a federated985

learning setup.986

While all patients are randomized in each trial, it is still necessary to correct for potential confounding987

when comparing arms from different trials. First, the inclusion/exclusion criteria of both trials were aligned,988

patients in NCT02257736 with present visceral metastases at randomization were excluded to match the989

exclusion criterion of NCT00887198. Then a group of variables of patient’s baseline characteristics were990

chosen for propensity-weighting based on literature review as well as on their availability in both trials.991

The chosen covariates are age, body-mass index (BMI), eastern cooperative oncology group (ECOG), brief992

pain inventory (BPI) score and bone-metastasis-only. We present baseline characteristics for each trial in993

Supplementary Table S3 and Supplementary Table S4.994

We then filter these patients to remove non-informative patients and patients with missing survival995

information. The final full cohort consists of n = 1927 patients (n = 839 for NCT02257736 and n = 1088 for996

NCT00887198) in three treatment arms (Apa-AA-P, AA-P and P). We infer the missing covariates on a per-997

center basis using MissForest [123]. The flow diagram of the cohort construction is present in Supplementary998

Figure S4, including different ECA experiments conducted in this study.999

We note that, since we submitted our research plan proposal to YODA (provided in Supplementary1000

Figure S5) in order to access the data, we departed from the original plan in the following ways:1001

• IPTW is studied instead of G-computation1002

• we do not study conformal prediction1003

• time-to-event endpoints are studied instead of change in SLD or change in PSA1004

6.4.3 Pancreatic adenocarcinoma cohort construction1005

Cohort construction1006

We access data from three different sources: the Fédération Francophone de Cancérologie Digestive (FFCD),1007

the Institut d’Investigació Biomèdica de Girona (IDIBGI), and the Pancreatic Cancer Action Network (Pan-1008

CAN). The FFCD data consists of a subset of two clinical trials: PRODIGE 35 [124] and PRODIGE 37 [125]1009

that respectively compare the first line efficacy of, for PRODIGE 35, 6 months of FOLFIRINOX (arm A), 41010

months of FOLFIRINOX followed by leucovorin plus fluorouracil maintenance treatment for controlled pa-1011

tients (arm B), and a sequential treatment alternating gemcitabine and fluorouracil, leucovorin, and irinote-1012

can every 2 months (arm C) and for PRODIGE 37: alternately receive gemcitabine + nab-paclitaxel for 21013

months then FOLFIRI.3 for 2 months in arm A, or gemcitabine + nab-paclitaxel alone until progression1014

in arm B. We use both the FOLFIRINOX arm B (n = 92) and the gemcitabine + nab paclitaxel arm A1015

from PRODIGE 37 with (n = 61). The inclusion criteria of this new subset is thus metastatic pancreatic1016

adenocarcinoma patients with a performance status eastern cooperative oncology group (ECOG) of either1017

0, 1 or 2. We select patients with the same inclusion criteria treated with FOLFIRINOX or gemcitabine +1018

nab-paclitaxel from clinical practice data from IDIBGI and PanCAN. In PanCAN we find n = 101 patients1019

treated with FOLFIRINOX and n = 94 with gemcitabine + nab-paclitaxel patients that meet the criteria1020

totalling n = 195 patients out of 199 originally available excluding ECOG 3 and 4. We note that in PanCan,1021

2 patients are censored at the time the study starts therefore their data is not informative for the Cox model1022

fitting but might still be useful for the estimation of the propensity model. In IDIBGI we find n = 221023

patients treated with FOLFIRINOX and n = 144 with gemcitabine + nab-paclitaxel.1024

For each patient we access the following covariates: age at diagnosis, ECOG performance status, biological1025

gender and whether or not patients have liver metastasis following the literature [126] and restrictions due to1026
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data availability for each covariate in each center. We present baseline characteristics for each of the centers1027

in Supplementary Table S7,Supplementary Table S5 and Supplementary Table S6 respectively for FFCD,1028

IDIBGI and PanCAN.1029

We then filter these patients to remove non-informative patients, i.e., patients with missing treatment or1030

survival information.1031

The final full distributed cohort consists of n = 514 patients (n = 153 for FFCD, n = 166 for IDIBGI1032

and n = 195 for PanCAN).1033

We infer the missing covariates on a per-center basis using MissForest [123] considering ECOG as a1034

numerical variable because it is ordered and apply minimum-maximum normalization to numerical variables1035

using [0, 100] for age values and [0.0, 2.0] for ECOG loosely following [126].1036

We provide below the inclusion and ethics statements related to the above data.1037

Inclusion and ethics statement. The ethics of this retrospective study on clinical data collected1038

during care and from past clinical trials were validated for each institution according to corresponding local1039

regulations. We list below the corresponding statements from each of the participating cancer centers.1040

Regarding FFCD data, the study was conducted in accordance with the ethical principles outlined in the1041

Declaration of Helsinki, International Council for Harmonisation of Technical Requirements for Pharmaceuti-1042

cals for Human Use (ICH) requirements and Good Clinical Practice guidelines; it received authorization from1043

the French national medicines agency (ASNM), and independent ethics committee (number 214-R18 and 14-1044

12-79 respectively for PRODIGE 35 and PRODIGE 37). The study was both registered in clinicaltrials.gov1045

(NCT02352337 for PRODIGE 37 and NCT02827201 for PRODIGE 35) and EudraCT 2014-004449-28.1046

For IDIBGI data the study was approved by the Comitè d’Ètica d’Investigació amb Medicaments CEIM1047

GIRONA the 8th of August 2023 (Acta 11/2023) under reference CEIM code 2023.165 with principal inves-1048

tigators ADELAIDA GARCIA VELASCO and ROBERT CARRERAS TORRES and SANOFI-AVENTIS1049

SA as promoter.1050

Finally for PanCAN data the sponsor of the IRB was the Pancreatic Cancer Action Network (# KYT001)1051

the IRB reference is 20192301, study 1265508 with main investigator Matrisian, Lynn.1052

Practical considerations associated with setting-up real-world federated learning collaborations1053

While clinical trials data is well-standardized, real-world data from centers from multiple continents are not1054

and need to be harmonized for the federation to be considered. Clinical practice data has to be extracted by1055

partners from different local sources stored in different databases and accessed by different internal toolings1056

leading to a variety of extracted formats. We ask the centers to align on a common data dictionary created1057

from FFCD data, which acts as the reference center as RCT data is already well-curated. We share this1058

dictionary as a Google Sheet to all partners specifying expected variables, units formats and possible values.1059

Resulting data extracts have missing values and some data entries contain errors. Thus, while some parts1060

can be automated, the whole process from data extraction to data harmonization involves some back and1061

forth between data engineers from partner centers, medical doctors, data stewarts and data scientists in1062

order to perform thorough quality checks of the input data. It is interesting to note that, while we did not1063

use large language models (LLMs) [127] in this work, they could certainly be useful to streamline parts of1064

this process [128], However, end-to-end automation seems out of reach with current technology [129].1065

6.5 Real-world experiments setup details1066

All experiments in this article are simulated in-RAM with the exception of two experiments: the first one1067

which uses synthetic data and splits it into 10 cloud nodes and the pancreatic adenocarcinoma use-case.1068

We refer to those two experiments as ”real-world” in order to distinguish the complexity of their deploy-1069

ment from in-RAM simulation cases.1070

In both cases, we use the Substra platform [74] to deploy the federated learning network over secure1071

cloud-based infrastructures.1072

Substra is distributed with Helm charts for each component. The charts package all the files required for1073

a deployment in a Kubernetes cluster. Provisioning of the clusters and Substra deployment are performed1074

using a private Terraform module (known as infrastructure as-code). We detail below the two different1075

deployments.1076
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6.5.1 Synthetic data infrastructure setup1077

For this experiment, the clusters are hosted on Google Kubernetes engine (GKE) but Substra’s deployment1078

is cloud-agnostic. Provisioning of the GKE cluster and Substra deployment are performed using a private1079

Terraform module (known as infrastructure as-code). For this experiment, we used 11 Kubernetes clusters:1080

• 1 cluster is hosting the Substra orchestrator - single source of truth within the federation - as well as a1081

Substra Backend and Frontend, which makes it capable of receiving and performing aggregation tasks.1082

Substra’s documentation refers to this cluster as “AggregationNode”.1083

• 10 clusters are hosting a Substra Backend (and Frontend) only ; performing compute tasks on local1084

data. Substra’s documentation refers to each of these clusters as “TrainDataNode”.1085

Clusters are physically in Belgium according to Google (“zone europe-west1” ∗). GKE version used is1086

1.27.2-gke.1200 and the machines used are the “n1-standard-16” †. Regarding the communication protocol1087

between centers, the organizations communicate with the orchestrator via gRPC and over http(s) one to1088

another. Since the experiment is simulated in an internal environment using synthetic data we chose not to1089

enforce mutual transport layer security (mTLS). More information can be found in Substra’s documentation‡.1090

6.5.2 Metastatic pancreatic adenocarcinoma data infrastructure setup1091

Similarly we deploy within Owkin Inc.’s own Federated Research Network cloud infrastructure four nodes: a1092

node for each of the three participating centers and an additional server node the “AggregationNode” with1093

responsibilities described above. Each node here is independent: the nodes are deployed in different regions1094

with different cloud providers. PanCan data are located in the US while Idibgi and FFCD data are hosted in1095

Europe. The precise version information of the Substra versions used for this deployment are 0.51.0+dev for1096

substra-frontend, 0.47.0+d5dfbdb6 for substra-backend and 0.42.0+e6b1bddb for the orchestrator1097

repository.1098

Partner centers uploaded their data to the corresponding nodes.1099

6.6 Estimation of the treatment effect1100

We compare FedECA to several competitors. The unweighted Cox regression and the MAIC methods are1101

suited for the distributed data setting if we assume that the times and events of patients can be shared1102

across centers, while the Pooled IPTW method is only applicable on pooled data. Given the time-to-event1103

nature of the outcome, we choose to estimate the hazard ratio under the proportional hazards assumption1104

as a measure of the treatment effect. For all competitors, data is used to fit a Cox model as implemented in1105

the lifelines library [104] to obtain the estimation.1106

Unweighted Cox regression1107

We implement a näıve Cox model regressing the observed outcome Y on the treatment allocation variable1108

A, without using the weights of the samples. This corresponds to an unadjusted comparison between the1109

treated and untreated groups, which would be valid in a randomized setting but not in an external control1110

arm case. This estimator corresponds to the WebDISCO method and we use the implementation provided1111

by the authors of this method.1112

MAIC1113

To compare FedECA to the MAIC method, we make use of the implementation available in the indcomp1114

package§. The two methods differ mainly in the way in which samples are reweighted. More specifically,1115

for the MAIC method, individual patient data samples (IPD) are reweighted so that a specified group of1116

covariates matches the external aggregated data in terms of means and variances, whereas the samples in the1117

∗https://cloud.google.com/compute/docs/regions-zones?hl=en
†https://cloud.google.com/compute/docs/general-purpose-machines?hl=en#n1_machine_types
‡https://docs.substra.org/en/latest/documentation/components.html
§https://github.com/AidanCooper/indcomp
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external aggregated data are unweighted (uniform weight of 1). This creates by design reweighted data with1118

an SMD of 0 for each covariate. The two data sources are then combined to fit a Cox model incorporating1119

the observed outcome Y and the treatment allocation A, taking into account the reweighted results.1120

Pooled IPTW1121

The general concept and strategy of IPTW has been described before (see Section 6.2.1). In the implemen-1122

tation, the core estimation process is divided into two key steps. First, the propensity scores are estimated1123

using unpenalized logistic regression or, alternatively, they can be provided externally to the estimator.1124

These scores are then used to compute inverse probability weights tailored to the effect estimand. For the1125

average treatment effect (ATE), weights are based on the inverse of propensity scores for both treated and1126

control groups. For the average treatment effect on the treated (ATT), the weights involve a combination of1127

treatment indicators (for the treated individuals) and inverse propensity scores (for the control individuals).1128

Second, the treatment effect estimation is performed by fitting a weighted Cox proportional hazards model,1129

where the inverse probability weights are incorporated in the regression model of the observed outcome Y1130

on the treatment allocation A.1131

Competing paradigms1132

We already motivated the choice of IPTW as the best weighting method for small sample sizes. However other1133

methods than weighting and matching could be considered for federation as well such as G-computation [130,1134

131] or doubly debiased machine learning [132, 133] as their performance should be comparable [133]. We1135

leave their federation to future work.1136

6.7 Experiments details1137

6.7.1 Efficient bootstrap implementation with Substra1138

Distributed computation with Substra introduces an overhead per atomic task executed locally on each1139

partner’s machine. This overhead is not negligible and can be a bottleneck when performing bootstrapping,1140

which näıvely necessitate to execute O(nrounds ∗ nbootstraps) tasks per-client. To alleviate this issue we1141

implement a more efficient bootstrapping strategy where we only execute O(nrounds) tasks. This is achieved1142

by employing hooks so that each task instead bootstraps itself and then executes each round. This requires to1143

also modify the aggregation to be able to aggregate each bootstrap run separately. Details of this non-trivial1144

implementation trick can be found in the bootstraper.py script.1145

Note that we could also add another layer of parallelization inside each task by using Python multi-1146

processing as each bootstrap run is independent of each other. The impact of this optimization would be1147

negligible with respect to the overhead introduced by the distributed constraints. This way, a Substra exper-1148

iments with 200 bootstraps lasts less than an hour instead of ≈ 200 hours näıvely without this parallelization1149

layer; note that other kinds of parallelization schemes could also be undertaken such as running multiple1150

training jobs (so-called “Compute Plans” in Substra) in parallel as was done in MELLODDY [134]. However1151

this option necessitate scaling servers’ computational ressources (CPUs, RAM) linearly with the number of1152

training jobs in parallel which is impractical.1153

6.7.2 Early stopping within a static distributed framework1154

As Substra is static and requires to fix the number of federated rounds a priori, we implement early-1155

stopping for the stopping criterion on the Hessian norm by running up to MAXiter rounds (20 in practice)1156

and backtrack to find the first round where convergence was achieved.1157

6.7.3 Software and Reproducibility1158

Following the recent trend of switching from R to Python for implementing statistical software [106, 135, 136],1159

we choose Python as the base language for our implementation. This choice is also motivated by the fact that1160

most FL research implementation code is written in Python. We follow reference survival analysis packages1161

implementation design choices such as lifelines [104] and scikit-survival [106]. We use the Substra1162

34

https://github.com/owkin/fedeca/blob/main/fedeca/strategies/bootstraper.py


software [74] which is an open-source software that has been audited and validated by security teams of both1163

hospitals and pharmaceutical companies across different FL projects. Substra has demonstrated its ability to1164

be deployed in real-world conditions for biomedical research purposes in the MELLODDY project [134, 134],1165

as well as in the HealthChain project on breast cancer treatment response prediction [137].1166

FedECA is available as a Python package on Github¶ for non-commercial use.1167

The code in this repository follows best practices such as continuous integration (CI), thorough code1168

testing (coverage of code at 82% on commit 480fa75), deployed documentation using Github pages as well1169

as the use of pre-commit hooks to help manage the repository’s evolution.1170

The availability of the code not only ensures the reproducibility of the results presented in this article as1171

well as the possibility to audit its implementation, but also opens the possibility for other research teams to1172

perform real-world federated ECA.1173

Indeed, a user can launch FedECA running the exact same code either in-RAM for simulations, or on a1174

real deployed substra network in real conditions by modifying the backend type, as shown in Listing Sup-1175

plementary Listing S1.1176

The FedECA repository contains a quickstart as well as detailed documentation and comments, which1177

should allow easy replication.1178

All quantitative figures in this article with synthetic data can be reproduced by following instructions in1179

experiments/README.md. The associated yaml configurations provide all hyper-parameters that were used.1180

For experiments on 10 centers replication involves deploying a substra network, which require some devel-1181

opment operations (DevOps) capabilities. However details in section 6.5.1 should be sufficient to reproduce1182

the results. The associated experiment script is defined in real world runtimes.yaml.1183

For experiments on YODA data, we install the fedeca package within the YODA platform, split the data1184

in such a way that the control arm and the treatment arm are in two separate groups, and run fedeca with1185

bootstrap variance estimation. Scripts used to preprocess the data and run the experiments are available in1186

the yoda folder in the fedeca repository.1187

For experiments on metastatic pancreatic adenocarcinoma data, we use the fedeca package unaltered1188

on commit b6474e5 after having registered the data in the Substra platform. Obfuscated versions of the1189

scripts that ran on the deployed platform and that were used to generate the related figures in the article are1190

available in the pdac folder in the fedeca repository. Where by ”obfuscated” we mean that dataset hashes1191

or urls in this script were converted to random strings so they cannot be mapped to any of the original data1192

or servers.1193

The nature of this last experiment is such that replications require data access which might be restricted,1194

see Section 7. However once access to data is obtained and federated network is deployed all experiments1195

should be easily reproduced thanks to the above scripts.1196

Further questions can be addressed to the corresponding author J.O.d.T. through the creation of github1197

issues or via direct e-mail.1198
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7 Data availability1385

Synthetic data used in this study can be re-generated using the scripts provided.1386

For the first example with real patient data, data access should be requested to the Yale University Open1387

Data Access (YODA) Project. Detailed procedure to request data access is provided on YODA website1388

https://yoda.yale.edu/how-request-data.1389

For the second example with the federated research network of FFCD, IDIBGI and PanCAN, the data1390

is under restricted access and are not freely available as specific clearance from the ethics committee and1391

compliance with local regulations is required to access data from each center. Data from PanCAN is available1392

to qualified researchers by submitting a proposal for review at https://spark.sbgenomics.com/. Data from1393

FFCD and IDIBGI can also be made available upon reasonable request. Specific conditions and restrictions1394

of access to the datasets are to be discussed directly with the main investigators in each center: J.-B. B. for1395

FFCD, R. C. for IDIBGI.1396

8 Code Availability1397

The integrality of the code is publicly released and openly available for research purposes at the following1398

URL: https://github.com/owkin/fedeca at the exception of the code used to launch metastatic pancreatic1399

adenocarcinoma which will be released upon acceptance.1400
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Method Environment #centers Runtime (s)

FedECA (robust) real-world setup 2 4.48 · 103 ± 1.08 · 102

FedECA (robust) real-world setup 3 4.57 · 103 ± 5.88 · 101

FedECA (robust) real-world setup 5 4.58 · 103 ± 9.42 · 101

FedECA (robust) real-world setup 8 4.56 · 103 ± 9.53 · 101

FedECA (robust) real-world setup 10 5.00 · 103 ± 7.80 · 102

FedECA (robust) in-RAM 2 4.95± 8.21 · 10−1

FedECA (robust) in-RAM 3 6.72± 4.92 · 10−1

FedECA (robust) in-RAM 5 1.27 · 101 ± 1.72
FedECA (robust) in-RAM 8 1.43 · 101 ± 1.38
FedECA (robust) in-RAM 10 1.93 · 101 ± 2.02
IPTW – – 2.34 · 10−1 ± 2.41 · 10−2

Supplementary Table S1: Runtimes of different federated and pooled experiments in different conditions:
in-RAM simulations or running in a deployed Substra network in the cloud (real-world setup).

1 from fedeca import FedECA1402

2 from fedeca.survival_utils import CoxData1403

31404

4 SEED = 42 # Seed for the generation of synthetic data1405

5 NSAMPLES = 1000 # Number of samples in total1406

6 N_CLIENTS = 5 # Number of simulated centers1407

7 N_COV = 10 # Number of covariates1408

8 # Types of backend used for the FL , simu is the most lightweight ,1409

9 # real -world FL is "remote"1410

10 BACKEND_TYPE = "simu"1411

11 # Simulates FL by splitting a dataframe across centers and register1412

12 # each dataset into Substra. In case of a real deployment , private1413

13 # datasets are registered by each organization ’s data engineers.1414

14 data = CoxData(seed=SEED , n_samples=NSAMPLES , ndim=N_COV)1415

15 df = data.generate_dataframe ()1416

16 df.drop(columns =["propensity_scores"], axis=1, inplace=True)1417

17 # As in sklearn we first instantiate an object1418

18 fedeca = FedECA(N_COV , treated_col="treated", duration_col="T", event_col="E",1419

19 num_rounds_list =[50, 50], variance_method="robust")1420

20 # We then call the fit method of the object to launch the FL1421

21 fedeca.fit(df , n_clients=N_CLIENTS , backend_type=BACKEND_TYPE)1422

221423

Supplementary Listing S1: Python code to launch FedECA on simulated data using any type of deployment.
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Methods

FedECA
(Ours)

WebDISCO
[87]

IPW Cox
[78]

FCI
[83]

DC-COX
[100]

ODACH
[92]

WICOX
[94]

Huang et al.

[95]
MAIC
[96]

Supported training settings

- stratified Cox model training
w/o weights

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

- weighted stratified Cox model training ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✓ ✓

- stratified IPTW analysis ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✓ ✓

- distribution-independent Cox
model training w/o weights

✓ ✓ ✗ ✗ ✓ ✗ ✗ ✓ ✓

- weighted distribution-independent

Cox model training
✓ ✗ ✗ ✗ ✓ ✗ ✗ ✓ ✓

- distribution-independent IPTW analysis ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✓ ✓

- Pooled equivalence with classical IPTW ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✗ ✗

Treatment groups

- Treatment groups in distinct centers ✓ ✓ ✗ ✗ ✓ ✗ ✗ ✓ ✓

- Correction for confounding ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✓ ✓

- Multiple external control centers ✓ ✓ ✗ ✗ ✓ ✗ ✗ ✓ ✗

Causal estimands

- ATE ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✓ ✗

- ATT ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✓ ✗

- ATC ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✓ ✓

Privacy

- Does not require pooling data ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✓ ✓

- Only KM-type
information is shared

✓ ✓ ✓ ✓ ✗ ✓ ✓ ✓ ✓

- Differential privacy ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗

Available implementation ✓ ✓ ✓ ✗ ✗ ✓ ✗ ✗ ✓
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Propensity scores

Figure Supplementary Figure S1. Pooled equivalent with varying number centers. Boxplots of
the relative error between the pooled IPTW and the FedECA algorithm on four different quantities. The
propensity scores estimated from the logistic regression, the hazard ratio (the treatment effect) the p-values
associated to the treatment allocation variable (Wald test) and the partial likelihood resulting from the Cox
model. Each of these quantities was monitored as we increased the number of centers across which the data
is split from 2 to 10 centers. The errors were computed on simulated data with 100 repetitions. The red
dotted line represents a relative error of 1% between pooled IPTW and FedECA.

Apa-AA-P (n=418) AA-P (n=421) All (n=839)

Age at cancer diagnosis Median (IQR) 71.0 (66.0 - 78.0) 71.0 (65.0 - 77.0) 71.0 (66.0 - 77.0)
Age at cancer diagnosis Percent missing 0.0% 0.0% 0.0%
Body Mass Index (BMI) Median (IQR) 27.5 (24.9 - 30.9) 27.9 (25.1 - 31.3) 27.72 (24.9 - 31.14)
Body Mass Index (BMI) Percent missing 2.1% 2.9% 2.5%
Performance Status (ECOG) at cancer diagnosis 0 290 (69.4%) 299 (71.0%) 589 (70.2%)
Performance Status (ECOG) at cancer diagnosis 1 128 (30.6%) 122 (29.0%) 250 (29.8%)
Performance Status (ECOG) at cancer diagnosis 2 0 (0%) 0 (0%) 0 (0%)
Performance Status (ECOG) at cancer diagnosis Percent missing 0 (0%) 0 (0%) 0 (0%)
Brief Pain Inventory (BPI) score ≤ 1 317 (75.8%) 295 (70.1%) 612 (72.9%)
Brief Pain Inventory (BPI) score > 1 95 (22.7%) 118 (28.0%) 213 (25.4%)
Brief Pain Inventory (BPI) score Percent missing 6 (1.4%) 8 (1.9%) 14 (1.7%)
Bone metastasis only False 211 (50.5%) 216 (51.3%) 427 (50.9%)
Bone metastasis only True 207 (49.5%) 205 (48.7%) 412 (49.1%)
Bone metastasis only Percent missing 0 (0.0%) 0 (0.0%) 0 (0.0%)

Supplementary Table S3: Baseline characteristics of NCT02257736.
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(d) P-values

Figure Supplementary Figure S2. DP-FedECA. Adding differential privacy into FedECA.
Comparison of the results of running DP-FedECA with respect to the pooled baseline with no privacy. We
see that even for large ϵ that correspond to lower amount of noise, the relative difference between the p-values
produced by DP-FedECA and the true p-value is high even if the propensity weights are relatively close.
The final operation to build the p-value involves a second-order term which is very sensitive to the precise
value of the propensity scores.

AA-P (n=546) P (n=542) All (n=1088)

Age at cancer diagnosis Median (IQR) 68.0 (64.0 - 76.0) 68.0 (60.0 - 76.0) 68.0 (64.0 - 76.0)
Age at cancer diagnosis Percent missing 0.0% 0.0% 0.0%
Body Mass Index (BMI) Median (IQR) 28.4 (26.0 - 31.5) 28.4 (25.8 - 31.8) 28.4 (25.8 - 31.6)
Body Mass Index (BMI) Percent missing 2.2% 2.2% 2.2%
Performance Status (ECOG) at cancer diagnosis 0 411 (75.3%) 409 (75.5%) 820 (75.4%)
Performance Status (ECOG) at cancer diagnosis 1 134 (24.5%) 133 (24.5%) 267 (24.5%)
Performance Status (ECOG) at cancer diagnosis 2 1 (0.2%) 0 (0%) 1 (0.1%)
Performance Status (ECOG) at cancer diagnosis Percent missing 0 (0%) 0 (0%) 0 (0%)
Brief Pain Inventory (BPI) score ≤ 1 370 (67.8%) 346 (63.8%) 716 (65.8%)
Brief Pain Inventory (BPI) score > 1 129 (23.6%) 147 (27.1%) 276 (25.4%)
Brief Pain Inventory (BPI) score Percent missing 47 (8.6%) 49 (9%) 96 (8.8%)
Bone metastasis only False 286 (52.4%) 281 (51.8%) 567 (52.1%)
Bone metastasis only True 238 (43.6%) 241 (44.5%) 479 (44.0%)
Bone metastasis only Percent missing 22 (4.0%) 20 (3.7%) 42 (3.9%)

Supplementary Table S4: Baseline characteristics of NCT00887198.
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(b) Partial Log-likelihood
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(c) Propensity scores
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(d) P-values

Figure Supplementary Figure S3. Influence of ties on FedECA accuracy. Comparison of the
results of running FedECA with respect to the pooled baseline using Efron’s approximation. Performance
degrades with the number of ties. For realistic number of ties errors are manageable <1%.

FOLFIRINOX (n=22) Gemcitabine + Nab-Paclitaxel (n=144) All (n=166)

Age at cancer diagnosis 57.27 (37.00 - 75.00) 65.10 (37.00 - 86.00) 64.07 (37.00 - 86.00)
Age at cancer diagnosis Percent missing 0.0% 0.0% 0.0%
Performance Status (ECOG) at cancer diagnosis 0 12 (54.5%) 32 (22.2%) 44 (26.5%)
Performance Status (ECOG) at cancer diagnosis 1 8 (36.4%) 85 (59.0%) 93 (56.0%)
Performance Status (ECOG) at cancer diagnosis 2 1 (4.5%) 15 (10.4%) 16 (9.6%)
Performance Status (ECOG) at cancer diagnosis Percent missing 1 (4.5%) 12 (8.3%) 13 (7.8%)
Biological gender M 14 (63.6%) 76 (52.8%) 90 (54.2%)
Biological gender F 8 (36.4%) 68 (47.2%) 76 (45.8%)
Biological gender Percent missing 0 (0.0%) 0 (0.0%) 0 (0.0%)
Liver metastasis True 17 (77.3%) 104 (72.2%) 121 (72.9%)
Liver metastasis False 5 (22.7%) 40 (27.8%) 45 (27.1%)
Liver metastasis Percent missing 0 (0.0%) 0 (0.0%) 0 (0.0%)

Supplementary Table S5: Baseline characteristics of IDIBGI.
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Figure Supplementary Figure S4. Flow diagram of YODA clinical trial cohort construction.

FOLFIRINOX (n=101) Gemcitabine + Nab-Paclitaxel (n=94) All (n=195)

Age at cancer diagnosis 61.41 (38.00 - 78.00) 63.86 (40.00 - 84.00) 62.60 (38.00 - 84.00)
Age at cancer diagnosis Percent missing 1.0% 0.0% 0.5%
Performance Status (ECOG) at cancer diagnosis 0 30 (29.7%) 21 (22.3%) 51 (26.2%)
Performance Status (ECOG) at cancer diagnosis 1 43 (42.6%) 48 (51.1%) 91 (46.7%)
Performance Status (ECOG) at cancer diagnosis 2 3 (3.0%) 8 (8.5%) 11 (5.6%)
Performance Status (ECOG) at cancer diagnosis Percent missing 25 (24.8%) 17 (18.1%) 42 (21.5%)
Biological gender M 69 (68.3%) 51 (54.3%) 120 (61.5%)
Biological gender F 32 (31.7%) 43 (45.7%) 75 (38.5%)
Biological gender Percent missing 0 (0.0%) 0 (0.0%) 0 (0.0%)
Liver metastasis False 23 (22.8%) 30 (31.9%) 53 (27.2%)
Liver metastasis True 78 (77.2%) 64 (68.1%) 142 (72.8%)
Liver metastasis Percent missing 0 (0.0%) 0 (0.0%) 0 (0.0%)

Supplementary Table S6: Baseline characteristics of PanCAN.

FOLFIRINOX (n=92) Gemcitabine + Nab-Paclitaxel (n=61) All (n=153)

Age at cancer diagnosis 62.64 (39.90 - 75.97) 64.12 (40.97 - 75.95) 63.23 (39.90 - 75.97)
Age at cancer diagnosis Percent missing 0.0% 0.0% 0.0%
Performance Status (ECOG) at cancer diagnosis 0 36 (39.1%) 23 (37.7%) 59 (38.6%)
Performance Status (ECOG) at cancer diagnosis 1 56 (60.9%) 31 (50.8%) 87 (56.9%)
Performance Status (ECOG) at cancer diagnosis 2 0 (0.0%) 7 (11.5%) 7 (4.6%)
Performance Status (ECOG) at cancer diagnosis Percent missing 0 (0.0%) 0 (0.0%) 0 (0.0%)
Biological gender F 36 (39.1%) 33 (54.1%) 69 (45.1%)
Biological gender M 56 (60.9%) 28 (45.9%) 84 (54.9%)
Biological gender Percent missing 0 (0.0%) 0 (0.0%) 0 (0.0%)
Liver metastasis False 16 (17.4%) 10 (16.4%) 26 (17.0%)
Liver metastasis True 76 (82.6%) 51 (83.6%) 127 (83.0%)
Liver metastasis Percent missing 0 (0.0%) 0 (0.0%) 0 (0.0%)

Supplementary Table S7: Baseline characteristics of FFCD.

47



20235198 YODA DUA - Research
proposal

Project Title
Evaluation of G-computation and conformal prediction to provide early signs of
efficacy in single arm trial with time to event outcomes

Narrative Summary:
Phase II trials are often conducted using a single arm without comparative treatment
and suffer from short follow-up times. Endpoints often reported in this context are the
response measured using RECIST criteria based on the variation in the Sum of Longest
Diameters SLD of the target lesions and the Prostate Specific Antigen PSA
response in prostate cancer.

This study proposes to evaluate the use of conformal prediction to estimate for each
patient the range of plausible variation in SLD and PSA level values that would have
been observed under SoC, providing a point of comparison. Additionally, the use of
G-computation will be explored based on the variation in SLD/PSA level.

Scientific Abstract:
Background : Phase II oncology trials are often single arm without comparative
treatment and suffer from short follow-up times. An endpoint often reported and more
suitable with short follow-up times is the response measured using RECIST criteria
based on the variation in the Sum of Longest Diameters SLD of the target lesions at a
given time. External control arm efficacy analysis based on this endpoint could be
better powered and inform the decision to move to the next phase. Additionally,
Loiseau2022 suggests that G-computation increases statistical power compared to
propensity based methodologies while controlling for type I error. Relying on
G-computation to estimate treatment efficacy using change in SLD as endpoint could
therefore be more informative in early phases. Conformal prediction emerged as a
framework that allows for the construction of prediction intervals with guaranteed
error bounds for a given outcome variable. Conformal prediction provides a measure
of uncertainty around the predictions. In a setting of a phase II trial, conformal
prediction could be used to predict for each patient what would have been the range
of plausible change in SLD values whether he received comparative treatment. This

could provide a point of comparison for each patient and potentially drive inclusion
criteria of a phase III.

Objective :
- Evaluate G-computation directly applied to the largest reduction of the SLD and
compare it with propensity score based estimators.
- Study the use of Conformal prediction to provide a point of comparison for each
patient included in the single arm trial.

Study Design :
A pool of clinical trials that share a common treatment Abiraterone acetate +
prednisolone) will be used in this study. The outcomes of interest to compute the
treatment effect will be the change in SLD and the PSA level.
To evaluate the relevance of relying on conformal prediction the following approach
will be used. Given one trial A , we will consider all the patients under Abiraterone
acetate + prednisolone in the pool of trials PVA, excluding the one considered, and
restrict to the set of patients that share inclusion/exclusion criteria. All the patients in
PVA will be used to derive a model to predict the change in SLD. Conformal prediction
will then be used to produce intervals for the predictions that are guaranteed to
contain the ground truth with 95 % probability. The model will then be applied on the
Abiraterone acetate + prednisolone arm of the trial A to assess that the coverage of
the methodology is as expected.
To evaluate the relevance of external control arm methodologies applied on SLD/PSA
changes, and more particularly G-computation, we will rely on internal replication
study Loiseau2022.

Participants :
Individual data from all the trials specified.

Primary and Secondary Outcome Measure(s):
Change from baseline in SLD and in PSA level.

Statistical Analysis:
To assess the relevance of conformal prediction, we will compute the coverage (how
many time the observed change in SLD/PSA falls into the predicted range of plausible
values), the MSE, MAE and the width of the confidence interval.
To compare the different estimators of treatment effect on the change in SLD/PSA, we
will compute the MSE, the MAE and the confidence interval width. We will also assess

the ability of the methodology to reproduce the results of the original trial on hard
endpoints.

Brief Project Background and Statement of Project
Significance:
There is a growing interest in complementing a single arm with historical data. This is
particularly true for Phase II trials conducted in oncology which often rely on a single
arm testing the active treatment and lack of comparator. A white paper written by
Medidata and FDA scientists was presented in a Friends of Cancer Research meeting
in December 2018 and demonstrates the interest of both regulators and private
companies in this question. Our work proposes to address one of the main limitations
of this kind of methodology, the small number of events observed (progressions and
deaths) in the single arm trials by providing analysis on an intermediate outcome
PSA/SLD change from baseline) and assess the relevance of this approach and could
extend its use.
Additionally, we propose a more personalized approach to the external control arm by
providing for each patient a range of plausible values under SoC relying on conformal
prediction. This could open help selection of patients likely to maximize the benefit at
an early stage.
Additionally, data is often spread and due to RGPD in Europe, pooling single arm trial
data and real word data can be impossible. Therefore we evaluate the impact of
relying on federated learning to deal with this limitation.

Specific Aims of the Project:
The objective of the project is to assess the relevance of the conformal prediction
framework to provide an individual estimate of the counterfactual outcome, i.e. what
would have been the range of plausible change in PSA/SLD values whether the
patients received the SoC treatment instead of the treatment under assessment.
Additionally, we will assess the ability of G-computation in an ECA setting applied to
change in PSA/SLD values to perform an estimation of efficacy in agreement with the
estimate of the randomized trial on the hard endpoint.

What is your Study Design?
Methodological research

What is the purpose of the analysis being proposed?
Develop or refine statistical methods

Research on clinical trial methods

Research Methods

Data Source and Inclusion/Exclusion Criteria to be used to define
the patient sample for your study:
Given one trial A, we will consider all the patients under Abiraterone acetate +
prednisolone in the pool of clinical trials PVA, excluding the one considered, and
restrict to the set of patients that share similar background therapy and
inclusion/exclusion criteria in order to comply with the positivity assumption required
for causal inference.

Primary and Secondary Outcome Measure(s) and how they will be
categorized/defined for your study:
The study will focus on treatment effects on the change from baseline in SLD and
change from baseline in PSA level.

Main Predictor/Independent Variable and how it will be
categorized/defined for your study:
All the characteristics available at baseline will be considered for model training and
validation.

Statistical Analysis Plan:
A pool of clinical trials that share a common treatment Abiraterone acetate +
prednisolone) will be used in this study. The outcomes of interest to compute the
treatment effect will be the change in SLD and the PSA level. To evaluate the relevance
of relying on conformal prediction to estimate the range of plausible change in SLD
and PSA level, the following approach will be used.
Given one trial A, we will consider all the patients under Abiraterone acetate +
prednisolone in the pool of clinical trials PVA, excluding the one considered, and
restrict to the set of patients that share similar background therapy and
inclusion/exclusion criteria in order to comply with the positivity assumption required
for causal inference. All the patients in PVA will be used to derive a model to predict
the change in SLD (or in PSA level) from baseline. Conformal prediction will then be
used to produce intervals for the predictions that are guaranteed to contain the ground
truth with 95 % probability. The model will then be applied on the Abiraterone acetate
+ prednisolone arm of the trial A to assess that the coverage of the methodology is as

expected. On top of the coverage, we will also assess the MSE (mean squared
difference between predicted and observed changes in SLD or PSA, MAE and the
width of the confidence interval. Finally, we will apply the model to the other arm of
the trial $A$ and assess the number of times the predicted plausible SLD/PSA changes
under Abiraterone acetate + prednisolone overlap with the observed outcome under
the other treatment. We expect to observe a clear separation when the trial is
successful.

To evaluate the relevance of external control arm methodologies applied on SLD/PSA
changes, and more particularly G-computation, the following approach will be used.
Given one trial A, we will consider all the patients under Abiraterone acetate +
prednisolone in the pool of clinical trial PLA, excluding the one considered, and restrict
to the set of patients that share similar background therapy and inclusion/exclusion
criteria in order to comply with the positivity assumption required for causal inference.
We will then perform the following experience:
Experiment 1 Assessing a treatment effect of zero between the Abiraterone acetate +
prednisolone arm of A and the patients under Abiraterone acetate + prednisolone in
PV;
Experiment 2 If A contains a comparator arm, we compare this comparator arm with
patients under Abiraterone acetate + prednisolone in PVA. The confidence intervals
obtained using G-computation on difference SLD/PSA changes are then compared to
the confidence interval originally obtained using OLS and the two arms of the trials.
Additionally the ability to recover the results on OS using the conclusion from the
G-computation analysis.
To assess the relevance of the analysis relying on conformal prediction, we will
compute the coverage (how many time the observed change in SLD/PSA falls into the
predicted range of plausible values), we will also assess the MSE (mean squared
difference between predicted and observed changes in SLD or PSA, MAE and the
width of the confidence interval.
To compare the different estimators of treatment effect on the change from baseline in
SLD and change from baseline in PSA level and assess the potential added value of
G-computation, we will compute the MSE, the MAE and the confidence interval width.
Additionally, when replacing the Abiraterone acetate + prednisolone arm of one trial by
the set of patients that share similar background therapy and inclusion/exclusion
criteria in other trials, we will assess the ability of the methodology to reproduce the
results of the original trial on the hard endpoints OS/PFS using the regulatory
agreement. The regulatory agreement is the percentage of time the cutoff P-value
0.05 obtained with the non-randomized experiments agrees with the RCT result
about P-value 0.05. Software Used:
Python

Project Timeline:
Project start date: May 1, 2023 or when data accessed

Analysis completion: December 1, 2023
Manuscript draft completion: May 1, 2023

Dissemination Plan:
We plan on submitting this research as a research article in one of the following
journals: 'Statistics in Medicine' or 'Statistical Methods in Medical Research' or 'BMS
methodological research'.

Bibliography:
Loiseau, Nicolas, et al. "External control arm analysis: an evaluation of propensity
score approaches, G-computation, and doubly debiased machine learning." BMC
Medical Research Methodology 22.1 2022 113.

Chernozhukov, Victor, Denis Chetverikov, Mert Demirer, Esther Duflo, Christian
Hansen, and Whitney Newey. 2017. "Double/Debiased/Neyman Machine Learning of
Treatment Effects." American Economic Review 1075 26165.
<https://doi.org/10.1257/aer.p20171038.

Austin, Peter C., and Elizabeth A. Stuart. 2015. "Moving Towards Best Practice When
Using Inverse Probability of Treatment Weighting IPTW Using the Propensity Score to
Estimate Causal Treatment Effects in Observational Studies." Statistics in Medicine 34
28 3661 79. <https://doi.org/10.1002/sim.6607

Glynn, Adam N., and Kevin M. Quinn. 2010. "An Introduction to the Augmented Inverse
Propensity Weighted Estimator." Political Analysis 18 1 3656.
<https://doi.org/10.1093/pan/mpp036.

Robins, J. and A. Rotnitzky 1995. Semi-parametric efficiency in multivariate
regression models with missing data. Journal of the American Statistical Association
90, 12229.

Hahn, J. 1998. On the role of the propensity score in efficient semi-parametric
estimation of average treatment effects. Econometrica 66, 31531.

Imai, K. and Ratkovic, M. 2014. Covariate balancing propensity score. Journal of the
Royal Statistical Society: Series B Statistical Methodology), 761243\263.

Andreux, Mathieu & Manoel, Andre & Menuet, Romuald & Saillard, Charlie & Simpson,
Chloé. 2020. Federated Survival Analysis with Discrete-Time Cox Models.

Tibshirani, Ryan J., et al. "Conformal prediction under covariate shift." Advances in
neural information processing systems 32 2019.

Barber, Rina Foygel, et al. "Conformal prediction under covariate shift." arXiv preprint
arXiv:1904.06019 2019.

Figure Supplementary Figure S5. YODA DUA Research Proposal. The research proposal sub-
mitted to the YODA DUA program. 48



Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

RS.pdf

https://assets-eu.researchsquare.com/files/rs-5346692/v1/e7249bcc31657021ca10461c.pdf

	Results 
	FedECA, a federated ECA method
	FedECA is equivalent to a standard IPTW model trained on pooled data 
	FedECA and MAIC both control SMD
	FedECA outperforms MAIC in power to detect a treatment effect 
	FedECA can be used in real-world conditions on synthetic data 
	FedECA can be used on real world use-cases 
	Application on real prostate cancer data with simulated federated learning 
	Application on real metastatic pancreatic cancer data in a real deployed federated research network 


	Discussion
	Acknowledgements
	Author Contributions Statement
	Competing Interests
	Online Methods 
	Problem statement
	Federated External Control Arms (FedECA)
	Method overview
	Related works
	Federated propensity model training
	Inverse probability weighted WebDISCO
	Statistical test and robust variance estimation
	Federated bootstrap
	Privacy of FedECA 

	Federated Analytics 
	Federated Kaplan-Meier estimator
	SMD estimator 

	Datasets and cohorts construction
	Synthetic data generating model of time-to-event outcome 
	Prostate cancer cohort construction 
	Pancreatic adenocarcinoma cohort construction 

	Real-world experiments setup details
	Synthetic data infrastructure setup 
	Metastatic pancreatic adenocarcinoma data infrastructure setup

	Estimation of the treatment effect
	Experiments details
	Efficient bootstrap implementation with Substra
	Early stopping within a static distributed framework 
	Software and Reproducibility


	Data availability 
	Code Availability
	Supplementary Material

