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Self-Supervised Federated Adaptation for Multi-Site
Brain Disease Diagnosis

Qiming Yang , Qi Zhu , Mingming Wang , Wei Shao , Zheng Zhang , Senior Member, IEEE,
and Daoqiang Zhang , Senior Member, IEEE

Abstract—The multi-site approach has attracted increasing at-
tention in brain disease diagnosis, because it can improve the
prediction performance by integrating sample information from
different medical institutions. However, its training procedure re-
quires the transmission of subject’s original images or features
among sites, which may cause privacy disclosure. In this article,
we propose a self-supervised federated adaptation (S2FA) frame-
work for robust multi-site prediction, which can reduce the risk
of privacy disclosure. As far as we know, it is the first work
to investigate the cross-site brain disease diagnosis, which trains
model on source sites and tests on target site, often occurring in
clinical practice. First, we implement a decentralized federated
optimization strategy, by which each site communicates model
parameters periodically. Second, we construct an auxiliary self-
supervised model for target site through transferring knowledge
from source sites with self-paced learning. Then, a hash mapping is
proposed to encode the target feature, simultaneously reducing the
risk of privacy information disclosure and alleviating data hetero-
geneity among sites. Finally, we achieve the cross-site prediction
by weighted federated source model and auxiliary target model.
Experimental results on multi-site datasets show that the proposed
S2FA can accurately identify brain disease. Our codes are available
at https://github.com/nuaayqm/S2FA.

Index Terms—Brain disease identification, domain adaptation,
federated learning, self-supervised learning, self-paced learning.

I. INTRODUCTION

N EUROIMAGING analysis technology can help reveal
the underlying pathologic mechanisms of brain diseases,

which has been confirmed to be effective in brain disease diag-
nosis [1], [2], [3], [4]. For single medical institution, it is hard
to obtain sufficient subjects to train a robust model due to the
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Fig. 1. The schematic diagram of traditional multi-site learning method and
our federated learning strategy. The upper part of the figure shows the traditional
multi-site analysis method, which mixes multi-site data and learns a common
feature subspace to classify unlabeled target domain subjects. The lower part
presents our federated learning strategy, in which each site trains their model
locally and only transfers model parameters to the target site.

high-cost data acquisition and annotations in neuroimaging. In
recent years, many machine learning methods [5], [6], [7] have
been proposed to fuse multi-site data to overcome the small
sample size problem in single site.

The existing multi-site methods focus on integrating or fusing
the samples from different sites and use these samples to train
a model for disease diagnosis. Most of these methods typically
assume that multi-site data have the same distribution [8],
and directly train the prediction model with the samples from
different sites. However, due to the inter-site variation in
scanners or protocols, multi-site diagnosis is often suffered
from data heterogeneity, which may severely degrade the model
performance. [9]. To handle the data heterogeneity problem,
some studies [10], [11] adopted multi-source domain adaptation
(MSDA) to learn domain invariant representation. The MSDA
can align the source and target features in a common feature
space, and has been applied to multi-site brain disease diagnosis
tasks [12].

As Fig. 1 shows, most of the multi-site methods only focus
on improving the generalization of the diagnostic model, and
our approach enables multi-site joint learning while protecting
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Fig. 2. The diagram of local training blocking problem in the multi-site
prediction model.

privacy to some extent. Under the consensus of emphasizing
the protection of privacy, the traditional multi-site approach
encounters the following challenges in the real application.
First, compared with local training, the multi-site method
undoubtedly increases the risk of data leakage, because it
requires data-sharing with other sites. Second, as privacy issues
about medical data arouse more and more attention, patients
might be hesitant to share their medical data because of the
risk that it may be shared with employers or utilized for future
health insurance decision-making [13]. Finally, from a legal
point of view, many countries enforced the protection of user
data via different regularizations [14].

To tackle the data-sharing problem, federated learning [15]
was applied to protect privacy by using training data distributed
among multiple sites. Instead of uploading data directly to a
centralized data storage for building machine learning models,
federated learning trains statistical models over siloed data sites,
while keeping data localized. Then, it employs the statistical
model of each site to learn a federated model on the central
server, which can reduce the risk of data-sharing problem and
encourages multi-site collaboration. Existing federated learning
works mainly focus on exploring a strategy of federated ag-
gregation to construct a central model with high generalization
capability [16], [17], [18], and have been applied into learning
activities of mobile phone users, adapting to pedestrian behavior
in autonomous vehicles and predicting health events from wear-
able devices [19], [20], [21], [22]. In unsupervised multi-site
diagnosis task, as shown Fig. 2, the target site only contains
the unlabeled samples, which cannot join the federated training
process due to the local training blocking. Besides, applying the
central model directly to this site may obtain an unsatisfactory
result because of the data distribution drift.

Many studies found that the communication of model
parameters in federated learning also has the risk of privacy
disclosure [23], [24], [25]. Differential privacy (DP) is a
technique used to protect the privacy of individual data
in training machine learning models. Differential privacy
algorithms add noise to the data to prevent the extraction of
sensitive information about individual users. However, recent
studies have shown that federated learning with differential

privacy algorithm requires a tradeoff between a convergence
performance and privacy protection levels, i.e., higher protection
level leads to a worse convergence performance [26].

In this paper, we propose a general self-supervised federated
learning framework with domain adaptation for multi-site brain
disease identification, called self-supervised federated adapta-
tion (S2FA), which is designed to handle the data heterogeneity
and local training blocking problems in multi-site diagnosis.
Specifically, we first implement a decentralized federation opti-
mization strategy, and employ the target federal site as a central
server for receiving locally trained models from each source
site. Then, we extract the self-supervised information from the
unlabeled target site through the source models and use it to
train an auxiliary model by a self-paced strategy. A non-linear
hash mapping method is applied to extract encoded feature from
target site. Third, we compute the federated weights based on
the source model contribution, which is used for target federated
model aggregation. Finally, we transfer the federated model
and hash feature to source sites and repeat the process until
convergence.

In brief, contributions can be summarized as follows.
1) A novel self-supervised federated adaptation framework

(S2FA) is proposed for multi-site brain disease identifica-
tion, which can transfer multi-site knowledge to the target
site and reduce the risk of privacy disclosure.

2) The self-supervised contrast constraint with self-paced
learning strategy module is designed to assemble source
site knowledge to promote the performance of target fed-
erated model.

3) A hash mapping strategy is proposed to encode the tar-
get feature, which can alleviate data heterogeneity from
source and target sites.

4) We have verified the effectiveness of our proposed model
on the datasets of autism spectrum disorder (ASD) and
schizophrenia with several state-of-the-art methods.

The rest of the paper is organized as follows: Section II
introduces the related works; Section III describes our pro-
posed S2FA method; Section IV shows the experimental settings
and results for multi-site ASD and schizophrenia identification
tasks compared with several state-of-the-art methods; Section V
presents the discussion and limitations. Section VI concludes
this paper.

II. RELATED WORKS

A. Multi-Site Brain Disease Diagnosis With rs-fMRI

Multi-site analysis method has drawn increasing attention be-
cause it can integrate the samples from different sites to improve
the prediction accuracy. The data heterogeneity among sites has
been one of the main challenges in multi-site data analysis,
which may cause worse model performance. A large number
of researchers have focused on leveraging domain adaptation
methods to alleviate the data heterogeneity problem in multi-site
datasets based on rs-fMRI [12].

To overcome this challenge, Wang et al. [27] proposed a
multi-site adaptation framework via low-rank representation
decomposition for ASD identification based on functional MRI
(fMRI). Zhang et al. [28] propose a transport-based multi-site
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joint distribution adaptation framework to reduce heterogeneity
for ASD diagnosis by aligning joint feature and label
distributions using optimal transport (OT). Cheng et al. [29]
proposed a multi-domain transfer learning framework for early
diagnosis of Alzheimer’s Disease (AD) via the joint learning
of tasks in multi-auxiliary domains and the target domain.
Although these efforts are quite effective in dealing with data
heterogeneity, the clinical practical applications are still faraway
due to the data sharing problem, which leads latent risk of privacy
disclosure. In this paper, we develop a federated learning based
multi-site brain disease diagnosis method to achieve high clas-
sification accuracy while reducing the risk of privacy leakage.

B. Federated Learning

In general, federated learning can be accomplished in two
ways: 1) training the model in each domain using private data and
just transferring model parameters, and 2) employing encryption
techniques to allow secure interactions between different sites.
As a result, the details of the data are not shared between the
domains [30].

The transferring model parameter-based methods aimed to
explore a reasonable federated weight to aggregate federated
parameters for the central model. The most commonly used
strategy for aggregating model is Federated Averaging (Fe-
dAvg) [18], which averages local stochastic gradient descent
(SGD) updates for the primal problem. However, FedAvg lacks
convergence guarantees and may diverge in data heterogeneity.
Chen and Chao [31] constructed local model on each source
domain and then combined them via Bayesian model ensemble.

The encryption technique-based methods allowed secure in-
teractions between different data domains. In this setting, the
differential privacy [32] and k-Anonymity [33] methods are
employed for data privacy protection. The methods of DP and
k-Anonymity mainly include adding noise to the data or using
generalization methods to obscure sensitive features until the
other site cannot distinguish the source data, making the data
impossible to restore to protect user privacy. Nevertheless, these
methods still require the data to be transmitted elsewhere and
usually involve a trade-off between privacy and accuracy.

III. PROPOSED METHOD

Suppose we have N source sites S = {S1, S2, . . . , SN} and
one target site T . In federated adaptation problem, the k-th
source site Sk contains nk labeled examples are regarded as
Sk = {(xk

i , y
k
i )}nk

i=1 and the target site T with nt unlabeled
examples are considered asT = {xi}nt

i=1. Without loss of gener-
ality, we assume there are nc classification labels in both source
and target sites. We aim to learn a multi-site prediction model
under the constraint that source site data is stored and processed
locally, with only model parameter updates by communicated
periodically with the target site. In particular, the goal is typically
to obtain the final target model FT (T ):

FT (T ) =

N∑
k=1

αkFk (Sk) + α
N+1

F
N+1

(
S

N+1

)
(1)

where Fk(Sk) is the source model for the k-th site, F
N+1

(S
N+1

)
is the prediction model for auxiliary dataset S

N+1
, and αk is the

federated weight where αk ≥ 0,
∑N+1

k=1 αk = 1. Then we will
introduce these models and parameters in detail in the following
sections. The self-supervised contrast constraint with self-paced
learning strategy in Section III-B is used to learn the auxiliary
model FN+1(SN+1) in (1). The federated aggregation strategy
in Section III-C is used to learn the federated weight αk and
αN+1 in (1). The hash MMD distribution alignment module in
Section III-D is used to help source site to learn a robust model
Fk(Sk) in (1).

A. Overview

In this study, we employ federated adaptation to achieve dis-
ease identification across different sites via weighted federated
learning without raw data communication. In this case, the target
site can share the model knowledge among different sites by
transferring the model parameters rather than the raw samples.
Similarly, the source sites use the same setup as the target
site.

Fig. 3 shows the framework of the proposed model. First, each
source site trains its model and transfers the model parameters
to the target site. Second, the target site acquires each model
contribution for federated model aggregation based on local
data. Then, we extract self-supervised information from these
source models through self-supervised contrastive learning on
the target site. The self-supervised information is extracted to
train an auxiliary model via a self-paced strategy to assist the
target model aggregation. Third, we aggregate the source and
auxiliary models by a weighted average strategy to obtain the
target model. The target site features are encoded by a non-linear
hash mapping and transferred to each source site, while the
source sites use the hash code to minimize the H-divergence to
learn the invariant representation. Finally, we repeat the above
process until it converges.

The overall process of S2FA is described in Algorithm 1. In
next sections, we will introduce how to obtain self-supervised
information with the auxiliary tasks.

B. Self-Supervised Contrast Constraint With Self-Paced
Learning Strategy

The goal of self-supervised learning is to construct feature
representations that are semantically meaningful via auxiliary
tasks without semantic annotations [34]. One of the core steps of
self-supervised learning is to obtain the valuable self-supervised
information. In this section, the proposed knowledge aggrega-
tion strategy extracts the classification probability contained
in the source model by the unsupervised auxiliary task. After
that, the self-supervised information is subsequently applied to
train the target site via self-paced learning method during each
communication.

In target site, we can obtain N source site model parameters
during each communication, denoted as Fk, k = 1, 2, . . . , N .
Then, as shown in Fig. 4, we can extract each source model
knowledge through the target samples. Specifically, each source
site model Fk can predict the classification of the target site
sample xi and obtain its probability value P k

i . Hence, we can
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Fig. 3. The overall structure of the proposed self-supervised federated adaptation. First, each site trains model on the local data without exchanging data with
other sites, and transfers the model parameter to the target site. Second, we extract the self-supervised information from unlabeled data of the target site using
the source models and employ a self-paced strategy to train an auxiliary model. Meanwhile, a non-linear hash mapping strategy is employed to transfer encoded
feature to source sites, which can also mitigate the impact of data heterogeneity. Finally, we obtain the target federated model by computing the federated weights
based on the source model contributions, and transfer the federated model to each source site.

Algorithm 1: Self-Supervised Federated Adaptation.

Input: Labeled source sites S = {S1, S2, . . . , SN},
unlabeled target site T

Output: Target model FT

1: for Sk in S do
2: Train source site model Mi with classification loss and

MMD loss on Sk.
3: end for
4: Upload {Fk}Nk=1 to the target site.
5: for Fk in {Fk}Nk=1 do
6: Obtain target site pseudo-label and predicted value on

Fk as Sk.
7: Obtain target site ReLU feature ReLUk(ϕ) on Fk.
8: end for
9: Assemble {Sk}Nk=1 as auxiliary dataset S

N+1
.

10: Train auxiliary model F
N+1

with self-paced learning
strategy and contrast constraint on S

N+1
.

11: Assess source site quality and obtain federated weights
{αk}N+1

k=1 .
12: Assemble federated target model via {αk}N+1

k=1 .
13: Transfer Hash(ReLUk(ϕ)) to k-th source site to learn

distribution invariant feature.
14: Repeat the above procedure until the parameter

convergence.

obtain N auxiliary datasets Sk as:

Sk =
{
xi, P

k
i

}nt

i=1
, k = 1, 2, . . . , N (2)

However, due to the differences in confidence of source sites,
some auxiliary datasets may fail to improve the training effect
of the target site. Hence, we solve this problem from three

Fig. 4. The process of extracting the source model knowledge. First, we can
obtain four auxiliary datasets with different predictions and pseudo-labels based
on source models. Then, we assemble these datasets to acquire a more credible
dataset to train the auxiliary model.

perspectives: 1) assembling the source model knowledge to im-
prove the quality of the auxiliary dataset; 2) learning embedding
representation with significant distinction by contrast constraint;
3) using a self-paced learning strategy to pick samples with high
confidence to optimize target loss.

1) Assemble Source Knowledge: First, we use a confidence
coefficient to filter out models that are unsure about the predicted
outcomes. Specifically, for each target sample xi, we weed out
the pseudo-label with P k

i < δ (δ is the confidence coefficient)
from the auxiliary dataset. The remaining predictions are then
added up to find the final pseudo-label with the high value.

For instance, the models F1, F2, F3, F4 predict the target
sample xi label 0, 0, 0, 1with the probability ofP 1

i = 0.7, P 2
i =

0.95, P 3
i = 0.85, P 4

i = 0.9 respectively and the confidence co-
efficient δ = 0.8. We first weed out the model F1 because P 1

i <
δ. We consider the remaining models F2, F3, F4 are credible.
Then, we discover that more models support label 0 (F2, F3

support label 0 and F4 support label 1). Assuming label 0
as the pseudo-label for xi, we can obtain the final prediction
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Pi = (P 2
i + P 3

i )/2 = 0.9 and the number of credible source
sites nc

t = 2.
After that, we can obtain a new auxiliary dataset:

S
N+1

= {(xi, yi) , Pi, n
c
i}nt

i=1 , Pi = avg
{
P k
i , P

k
i ∈ yi

}
(3)

where yi is the pseudo-label of target site and nc
t is the number

of credible source site. So, the auxiliary training loss can be
defined as:

Lclass =
1

nt

nt∑
i=1

Lcla(xi), (4)

Lcla(xi) = lc

(
− log

[
F

N+1
(xi)

]
, yi

)
(5)

where lc(·) is the cross entropy loss.
2) Self-Supervised Contrast Constraint: After obtaining the

auxiliary data, we train the target site model through the contrast
constraint loss. Similar to the contrastive learning methods [35],
the main idea of our proposed contrast constraint is to learn
an embedding representation, which preserves the distance be-
tween similar data points close and dissimilar data points far in
the embedding space. To be specific, we obtain the pseudo-labels
for each sample and their scores from the construction of the
auxiliary dataset in the previous section. Hence, the samples with
highest scores in each category are considered as the benchmark
sample x∗

j . Hence, the contrast loss can be denoted as:

Lcontrast =
1

nt

nt∑
i=1

Lcon(xi), (6)

Lcon(xi) = min
∣∣F

N+1
(xi) , FN+1

(
x∗
j

)∣∣nc

j=1
(7)

where x∗
j is the benchmark sample for j-th label space and | ·, · |

is the euclidean distance.
3) Self-Paced Learning Strategy: Moreover, we adopt self-

paced learning strategy to optimize the target model on the
auxiliary dataset to improve the model robustness. Inspired by
human learning process, self-paced learning adaptively arranges
the sequence of training samples to reduce the interference of
noise or hard learning samples to the initial prediction model.
Specifically, we definitely a score to describe the confidence for
each target sample in assembling source site knowledge process,
which is composed of the number of source models that choose
the final pseudo-label and the average probability of the target
sample pseudo-label. We select samples with high scores (e.g.,
score(xi) ≥ 0.85) to join the training. During each iteration,
samples with relatively confidence are in tend to be selected
from all samples, and then model parameters are updated.

score (xi) =
nc
i

N
Pi (8)

Then we combine pseudo-label and contrast loss to optimize
the final objective function:

Laux =
1

nt

nt∑
i=1

{
Lcla(xi) + βLcon(xi) if score(xi) ≥ δ
0, if score(xi) < δ

(9)
where β is a trade-off parameter. Here, we use the confidence
coefficient δ as the score threshold.

C. Federated Aggregation

The main challenge of federated adaptation is how to deter-
mine the federated weight α in (1). The most classic algorithm
in federated Learning is FedAvg, which directly averages the
parameters of models coming from all participating sites without
transporting local data. FedAvg has demonstrated excellent per-
formance in many scenarios. However, due to the heterogeneity
of the multi-site source data, the federated average algorithm
may result in performance decrease or even divergence [36]. In
addition, our task is to train the target object function FT with
multi-site source data based on federated learning. Hence, we
design a personalized federated aggregation algorithm for target
model through the source site contribution.

1) Source Site Quality Assessment: For each sample of tar-
get site, we adaptively estimate the quality of the knowledge
obtained from source site Sk. In general, if a pseudo-label is
supported by more source sites with higher confidence, then it
will be more likely to represent the true label, which means
the pseudo-label quality gets better. Therefore, for each target
sample xi, we define the related pseudo-label quality as nc

i · Pi

and the total pseudo-label quality Q is:

Q(S) =

nt∑
i=1

nc
i · Pi (10)

2) Target Model Aggregation: After the total pseudo-label
quality defined, we obtain the marginal contribution quality of
each source site as:

Q (Sk) = Q(S)−Q(S|Sk) (11)

where Q(S|Sk) is the total pseudo-label quality without Sk.
We can learn from the (10) that if one source site is harmful,
removing it will not impact the total quality Q a lot, which leads
to a low contribution quality value. We can allocate appropriate
weights to different source sites with the contribution value.
Furthermore, when all source sites work important, Ben-David et
al. [37] shows that the optimal α should be related to the amount
of data in transfer learning theory. Hence, we first obtainα

N+1
=

nt/
(∑N

k=1 nk + nt

)
based on the amount of data. Then we use

the contribution quality value to determine the federated weight:

αk =
(
1− α

N+1

) nkQ (Sk)∑N
k=1 nkQ (sk)

(12)

Our strategy can mitigate the impact of unreliable source sites,
because we assign it to a low weight.

D. Hash MMD Distribution Alignment

To alleviate data heterogeneity between source sites and target
site, we employ domain adaptation method to map the samples
from different sites to common space. It is worth noting that
most of the existing domain adaptation methods have the risk
of privacy leakage. They learn domain invariant representations
by aligning the features of the source and target domains, while
the features are invisible to each other in our task. Therefore, we
propose a Hash-MMD, which utilizes the hash encoding with
representative distributed information via minimizing maximum

Authorized licensed use limited to: NANJING UNIVERSITY OF AERONAUTICS AND ASTRONAUTICS. Downloaded on August 20,2026 at 14:37:34 UTC from IEEE Xplore.  Restrictions apply. 



YANG et al.: SELF-SUPERVISED FEDERATED ADAPTATION FOR MULTI-SITE BRAIN DISEASE DIAGNOSIS 1339

Fig. 5. The k-th training process of source domain for alleviating data hetero-
geneity. We perform hash mapping encoding to the extracted features using the
source models on the target site. In addition, we use the feature encoding with
the source feature to learn the invariant representation.

mean discrepancy (MMD) to optimize the H-divergence. Fig. 5
shows the k-th training process of source domain for alleviating
data heterogeneity.

1) Hash Encoding: Rectified Linear Unit (ReLU) is a
widely-used activation function in neural network [38]. For each
R-dimensional feature ϕ = [d1, d2, . . . , dR], where di is the
feature value. We can obtainReLU(ϕ) = max(0, ϕ) in training
process. It means ReLU has filtered out all non-zero elements
in the feature ϕ. Inspired by this phenomenon, we propose a
hash function which can represent the distribution of non-zero
elements in the feature:

Hash (ReLU (ϕ)) =

{
1, if di > 0
0, if di = 0

(13)

Then, we obtain the target non-zero distribution vector v
T

by
adding up all target feature encoding:

v
T
=

nt∑
i=1

Hash (ReLU (ϕi)) (14)

where v
T

is a vector with R-dimension. We can transfer above
model to the source sites, because it can reduce the risk of privacy
leakage.

2) MMD Alignment: To alleviate the data heterogeneity be-
tween source and target site, the kernel-based MMD method has
been widely used in domain adaptation tasks [39], [40]. MMD
method constructs a reproducing kernel Hilbert space (RKHS)
Hk endowed with a characteristic kernel k which can optimize
the H-divergence by minimizing the MMD distance on Hk.
MMD can be computed by the kernel trick:

MMD (S, v
T
) =

∣∣∣∣
∣∣∣∣ 1

nk
2

nk∑
i=1

k
(
fk(x

k
i )
)− k (v

T
)

∣∣∣∣
∣∣∣∣ (15)

where fk(x
k
i ) is the feature extracter in model Fk.

Then, we optimize the MMD loss between the source sites
and target site though the target non-zero distribution vector
v
T

to learn the target similarity representation. Then the source

TABLE I
DEMOGRAPHIC CHARACTERISTICS OF THE PARTICIPANTS FROM FIVE IMAGING

SITES IN THE ABIDE DATABASE. THE VALUES ARE DENOTED AS MEAN ±
STANDARD DEVIATION. M/F: MALE/FEMALE

TABLE II
DEMOGRAPHIC CHARACTERISTICS OF THE PARTICIPANTS FROM FIVE IMAGING

SITES IN THE SCHIZOPHRENIA DATASETS. THE VALUES ARE DENOTED AS

MEAN ± STANDARD DEVIATION. M/F: MALE/FEMALE

training loss can be summarized as:

LS =
1

nk

nk∑
i=1

lc

(
− log

[
Fk

(
xk
i

)]
, yki

)
+MMD (Sk, vT

)

(16)

IV. EXPERIMENTS AND RESULTS

A. Materials

1) Data Acquisition: To verify the effectiveness and effi-
ciency of our proposed method, the experiment was carried out
on two multi-site brain disease datasets: Autism Brain Imaging
Data Exchange (ABIDE) [41] and schizophrenia datasets.

ABIDE: The Autism Brain Imaging Data Exchange (ABIDE)
dataset is a qualified multi-site heterogeneous data collection. It
includes resting-state fMRI and clinical data on 1,112 subjects
from 17 different sites. Considering that several sites have small
sample sizes, we rely on all the five sites with more than 50
subjects participated in the experiment: Leuven, USM, UCLA,
UM, and NYU. These sites contain 468 subjects, including
218 patients with ASD and 250 age-matched typical control
individuals (TCs). The detailed demographic information is
summarized in Table I.

Schizophrenia: Five schizophrenia fMRI datasets we used are
Nanjing Brain Hospital (NBH) dataset, The Center for Biomed-
ical Research Excellence (COBRE) dataset, Nottingham(Not)
dataset, Taiwan dataset, and Xiangya dataset. The subjects have
the following requirements: (1) no other DSM-IV disease exists;
(2) no history of drug abuse; (3) no clinically significant head
trauma. The detailed demographic information is summarized
in Table II.

2) Data Preprocessing: First, we perform preprocessing on
resting-state fMRI, including slice-timing correction, image
realignment and nuisance regression. After that, the mean
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time series for a set of brain regions were extracted by the
anatomical automatic labeling (AAL) [42] atlas that comprises
90 pre-defined regions-of-interest (ROIs) for ADIBE dataset and
schizophrenia dataset. Finally, we used the mean time sequences
of ROIs to compute the correlation matrix as functional
connectivity expressed by a 90× 90 symmetrical matrix for
each dataset. Each element of the correlation matrix denotes
the Pearson correlation coefficient between a pair of ROIs.

B. Compared Methods

In the experiments, we compare the proposed S2FA method
with the following five methods, including a baseline method,
three federated learning based methods and an unsupervised
multi-source domain adaptation (UMDA) method.

Baseline: In this method, we use two layers of convolutional
neural networks (CNN) to extract the matrix feature. The fully
connected layers are utilized for classification. Specifically, we
first train a model using one site until the loss converges then
test the model on another site.

FedAvg[18]: In this method, we use the FedAvg, one of the
most widely used aggregation methods in federated learning.
To match the unsupervised task, we treat the target site as a
newly federated site and directly use the trained central model
for testing. To be specific, we first select one site as the target site
and train the federated model with the remaining sites. Then, the
FedAvg is used to accomplish the model aggregation. Finally,
we test the model on the target site.

FedBN [43]: The FedBN method is a federated learning
framework dealing with non-i.i.d. data which keeps the client
BatchNorm (BN) [44] layer parameters updated locally and
aggregating other parameters at the server. In practice, we update
the non-BN layers using FedAvg and keep the client BN layers
updated locally to against the data heterogeneity. In this method,
we choose the model that has the best performance at all sites
and apply it to the unsupervised target site.

FedProx [45]: The FedProx method is designed to address the
challenges of heterogeneity both theoretically and empirically
in federated networks. It adds a proximal term to the objective
to improve the stability of the model. This term provides a prin-
cipled way for the server to deal with heterogeneity associated
with partial information. In experiment, the best performance
server model is utilized to test the unsupervised target site.

KD3A [46]: This is a decentralized multi-source domain
adaptation method, aiming to find the domain invariant repre-
sentation without data leakage. KD3A first obtains the federated
aggregation weight by knowledge distillation from the source
domains. Then, a decentralized optimization strategy based on
BatchNorm is employed to alleviate the data heterogeneity.

C. Experimental Setup

We implemented S2FA in Pytorch version 1.10.1, and use
SGD optimizer with an initial learning rate 0.001 for the training
of our models on NVIDIA RTX 3070. Grid search strategy is
utilized to set the parameter β and δ. For each site, we train
a model using the baseline. In addition, we obtain the exper-
imental result after the target federated model converges. The

communication interval for each method was set to be 1 epoch.
The experimental setting was consistent across all methods.

Then, we use five evaluation metrics to assess the classifica-
tion performance, including classification accuracy (ACC), bal-
anced accuracy (BAC), positive predictive value (PPV), negative
predictive value (NPV), and the area under the receiver operating
characteristic (ROC) curve (AUC). In detail, we denote TP,
TN, FP and FN as True Positive, True Negative, False Positive,
and False Negative, respectively. The evaluation metrics can be
defined as follows:

ACC =
TP + TN

TP + TN + FP + FN
(17)

BAC =
1

2

(
TP

TP + FN
+

TN

TN + FP

)
(18)

PPV =
TP

TP + FP
(19)

NPV =
TN

TN + FN
(20)

For these metrics, higher values mean better performance.

D. Results

Tables III and IV depict the comparison results between the
different methods employed in our study. First, we observed that
the baseline method has unsatisfactory results in most cases, as
it directly applies the source model to the target site without con-
sidering the impact of data heterogeneity. Although the baseline
method may achieve high results on a few metrics for some
sites, such as the case of tr(NYU) with USM in Table III, it is
unstable in practice. Second, while FedAvg has proven effective
in many scenarios, it yields lower accuracy than the baseline
method in some sites (e.g., UM, USM, COBRE, Nottingham,
and Taiwan). When data are siloed from each other, the model
that resemble the training distribution achieves better results. In
the experiment, we employed two additional federated learning
algorithms, including FedBN and FedProx, on the same datasets.
We trained a federated model on source sites and deployed it on
the target site. Results show that these methods outperformed
FedAvg in dealing with data heterogeneity. However, these
methods only mitigated the effects of data heterogeneity and
did not consider the data distribution of the target site.

In the experiment, we also adopted the multi-source domain
adaptation method KD3A as the comparative method. Our
experimental results demonstrated that our proposed method
not only achieved better result than the baseline and FedAvg
methods but also outperformed the other comparision methods.
The results show that our method can better handle data hetero-
geneity and improve model performance.

E. Comparison With State-of-the-Art in ABIDE

In this section, we compare our S2FA method with two state-
of-the-art methods in ABIDE, including federated learning via
domain adaptation method and non-privacy-protected multi-site
disease diagnosis method.
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TABLE III
PERFORMANCE (%) OF FIVE DIFFERENT METHODS IN ASD IDENTIFICATION ON THE MULTI-SITE ABIDE DATASET. HERE, EACH SITE IS ALTERNATIVELY USED AS

THE TARGET SITE, AND THE REMAINING SITES ARE TREATED AS SOURCE SITES

In the federated learning via domain adaptation method, Li
et al. [47] proposed two domain adaptation methods in fed-
erated learning formulation. One is a federated learning via
mixture of experts (Fed-MoE) strategy, which mixes the outputs
of federated model and the domain expert model for domain
adaptation. The other one is a federated adversarial domain
alignment (Fed-Align) method, which uses a domain-specific
local feature extractor and a global discriminator in the classifi-
cation networks for aligning the feature distribution. However,
both in training a domain expert model and a domain-specific
local feature extractor, the target site must include a number of
labeled data. Hence, we randomly label [10%, 30%, 50%] of the
target site data in this experiment.

In the non-privacy-protected multi-site disease diagnosis
method, Wang et al. [27] proposed a multi-site adaption frame-
work via low-rank representation decomposition (maLRR) for
ASD identification based on functional MRI (fMRI). Its main
idea is to determine a common low-rank representation for data
from the multiple sites, aiming to reduce differences in data
distributions. In this experiment, we treat one site as a target
domain for testing and the remaining sites as source domains
for training without privacy-protecting.

The experimental results are shown in Table V. In federated
learning based methods, we find that with the increasing number
of annotated samples, the accuracy of the model become higher.
We consider that more annotated samples can assist the model

to alleviate domain shift. Then, compared to the Fed-MoE
approach, which focuses more on local domain expert model,
our proposed method extracts the knowledge of source and
target sites to improve model performance. Compared to the
Fed-Align, which focuses more on domain-specific local feature
extractor, our proposed method not only uses hash MMD distri-
bution alignment module to train target-specific model, but also
trains the auxiliary model on the target site, to further extract the
target site knowledge. Hence, we can learn from the results that
even though the comparison method has an advantage in experi-
mental setting, in which 50% samples are unlabeled in Fed-MoE
and Fed-Align and all samples are unlabeled in our method,
our method performs better in most situations. In addition, we
compared a non-privacy-protect multi-source domain adaptation
method, i.e. maLRR, with our method. Our method has higher
accuracies in sites Leuven and UCLA compared with maLRR.
Therefore, the experiment results demonstrate the effectiveness
of our approach in multi-site disease diagnosis task.

V. DISCUSSION

A. Ablation Study

In this section, we demonstrate the effect of each module in
our method via the ablation study, including the self-supervised
contrast constraint module, the federated aggregation module,
and the hash MMD distribution alignment module.
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TABLE IV
PERFORMANCE (%) OF FIVE DIFFERENT METHODS IN SCHIZOPHRENIA IDENTIFICATION ON THE MULTI-SITE SCHIZOPHRENIA DATASET. HERE, EACH SITE IS

ALTERNATIVELY USED AS THE TARGET SITE, AND THE REMAINING SITES ARE TREATED AS SOURCE SITES

TABLE V
THE ACCURACY (%) OF THE STATE-OF-THE-ART METHODS IN ASD

IDENTIFICATION ON THE MULTI-SITE ABIDE DATASET

TABLE VI
THE ACCURACY (%) OF THE ABLATION EXPERIMENTS IN ASD IDENTIFICATION

ON THE MULTI-SITE ABIDE DATASET

We present the ablation experiment results in Table VI, in
which S2FA-1, ..., S2FA-7 denote the variants of our proposed
S2FA method. We use “×” to indicate that the correspond-
ing module is adopted in the model, and use “

√
” to indicate

that the corresponding module is absent. For example, S2FA-
3 indicates that the variant neither uses the self-supervised
contrast constraint nor introduces the hash MMD distribution
alignment, but directly aggregates the source models by the
weight strategy. S2FA-4 indicates that the variant uses the hash
MMD distribution alignment module in the training process
of the source site model, and it only uses the weight average
strategy without self-supervised contrast constraint in model
aggregation process. Compared with the accuracies of S2FA-5,
S2FA-6, S2FA-7, and S2FA, we can find that abandoning any
module of self-supervised contrast constraint, federated aggre-
gation, and hash MMD distribution alignment will reduce the
experiment accuracies. The hash MMD distribution alignment
has the greatest influence on the experiment accuracies among
different modules. It also can be found in Table VI that if any two
modules are discarded, the accuracies will be lower than one of
them is discarded, which further illustrates the important role of
those three components in improving the accuracies of disease
diagnosis. In addition, from the comparison of the accuracies
of S2FA-2, S2FA-3, and S2FA-4, we can find that the federated
aggregation module has the greatest impact on the experimental
accuracies among the three components, if only one module can
be preserved in the model.

Self-supervised contrast constraint module can construct an
auxiliary dataset with the unlabeled samples, so the model
with self-supervised contrast constraint can capture the internal
knowledge embedded in the samples of the target site. Hash
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Fig. 6. Classification accuracies with different parameters of β and δ in the
proposed S2FA model on five ASD sites.

Fig. 7. Classification accuracies of different parameters of β and δ in the
proposed S2FA model on five schizophrenia sites.

MMD distribution alignment module can constraint the spatial
distribution of the source feature and target feature as similar as
possible which can help improve the robustness of site aggrega-
tion process. However, the impact of these two modules on the
S2FA method is not as great as federated aggregation module.
The main reason is that the model aggregation strategy can adap-
tively fuse the models of source sites and amplifies the role of
the other two modules. Therefore, although self-supervised con-
trast constraint module and hash MMD distribution alignment
module are added to the model, the impact of abandoning the
federated aggregation module on the experimental accuracies
cannot be compensated.

B. Parameter Analysis

In this section, we analyze the effect of the hyper-parameters
β and δ for the performance of our S2FA method. Here, we
conduct experiments employing different parameters under the
setting that each site is alternatively selected as the target site,
and the remaining are treated ones as source sites. Specifically,
we independently change the values of β and δ. β is selected
from {0.01, 0.02, 0.03, 0.04, 0.05}, while δ is chosen from
{0.75, 0.8, 0.85, 0.9, 0.95}. In Fig. 6, we can see that the site
UM achieves good results with δ = 0.95. We consider that due
to the large data distribution difference between UM and other

Fig. 8. Brain biomarkers associated with identifying ASD for each site.

Fig. 9. Brain biomarkers associated with identifying schizophrenia for each
site.

sites, the maximum confidence threshold δ is employed to obtain
more credible auxiliary dataset. It is also confirmed by the results
of the baseline method, with UM being the worst-performing
target site. In most cases, the classification results of S2FA are
stable for β and δ, indicating that our method is not sensitive to
parameters.

C. Interpreting Brain Biomarkers

Apart from accuracy-related metrics, another dimension to
evaluate a deep learning model is whether meaningful and robust
biomarkers can be interpreted. In this subsection, we use a
guided back-propagation method proposed by Li et al. [47]
to interpret feature importance on ABIDE and schizophrenia
dataset separately. Specifically, we applied maximizing rate of
change in the model output.

gck = ReLU

(
∂ŷc

∂xk

)
(21)

where c is the true label of input, and ŷc is the output for label c
before softmax layer, and xk is the k-th feature of the input. gck
can indicate the importance of feature k for classifying as label
c.

In this way, we can obtain the importance scores of 90 brain
regions. Figs. 8 and 9 show the top ten brain biomarkers for each
site. We can find that our method can obtain relatively stable
biomarker values in different sites. Either in the ABIDE dataset
or the schizophrenia dataset, we found that the Thalamus appears
as a very important biomarker, which has been confirmed the
effectiveness by Roy et al. [48].
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Fig. 10. The average accuracies of different communication intervals on ABIDE.

D. Communication Cost and Privacy Security

In this subsection, we conduct our S2FA method with different
communication intervals and Fig. 10 shows the average accu-
racies on ABIDE dataset with several federated learning based
methods. We regard the completion of one full training for all
source sites as one communication interval. As the communi-
cation interval increases, the accuracy of our method is stable,
which means that our method is robust to the communication
interval. In addition, our method achieves the best classification
results in each communication interval. Hence, our method can
reduce the risk of privacy leakage compared to directly transfer-
ring the raw data, and it has the best classification performance
compared with other state-of-the-art methods.

VI. CONCLUSION

In this article, we proposed a self-supervised federated adap-
tation (S2FA) framework for multi-site brain disease identifica-
tion. Specifically, we construct the self-supervised model for the
target site by migrating prediction model knowledge from source
sites with self-paced learning. Then we proposed a federated
aggregation approach to assemble the models of source sites
and auxiliary dataset obtained by the self-supervised learning.
Finally, a hash mapping distribution alignment method is used
to encode the target feature, thus both reducing the risk of
privacy leakage and alleviating the data heterogeneity. Extensive
experiments on both multi-site ABIDE datasets and schizophre-
nia datasets with fMRI demonstrate the effectiveness of the
proposed method, which has promising classification results in
dealing with multi-site brain disease diagnosis problem.
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