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Abstract

The early diagnosis of Parkinson’s disease (PD) is crucial
for potential patients to receive timely treatment and prevent
disease progression. Recent studies have shown that PD is
closely linked to impairments in facial muscle control, re-
sulting in characteristic “masked face” symptoms. This dis-
covery offers a novel perspective for PD diagnosis by lever-
aging facial expression recognition and analysis techniques
to capture and quantify these features, thereby distinguish-
ing between PD patients and non-PD individuals based on
their facial expressions. However, concerns about data pri-
vacy and legal restrictions have led to significant “data si-
los”, posing challenges to data sharing and limiting the accu-
racy and generalization of existing diagnostic models due to
small, localized datasets. To address this issue, we propose an
innovative adaptive federated learning approach that aims to
jointly analyze facial expression data from multiple medical
institutions while preserving data privacy. Our proposed ap-
proach comprehensively evaluates each client’s contributions
in terms of gradient, data, and learning efficiency, overcom-
ing the non-IID issues caused by varying data sizes or hetero-
geneity across clients. To demonstrate the real-world impact
of our approach, we collected a new facial expression dataset
of PD patients in collaboration with a hospital. Extensive ex-
periments validate the effectiveness of our proposed method
for PD diagnosis and facial expression recognition, offering
a promising avenue for rapid, non-invasive initial screening
and advancing healthcare intelligence.

Introduction

Parkinson’s disease (PD) is a prevalent neurodegenerative
disorder characterized by subtle early symptoms that make
diagnosis particularly challenging. Typically, when patients
exhibit overt motor impairments, the disease has often pro-
gressed to an advanced stage, severely impacting their daily
life and work capabilities (Jankovic and Tan 2020). It is
noteworthy that PD is not exclusive to the elderly, with a
wide range of onset ages from adolescents to the elderly.
Indeed, the proportion of early-onset PD patients in the gen-
eral population has reached 5% to 10% (Post et al. 2020),
highlighting the practical significance of conducting inten-
sive research on this disease.

*Corresponding Author
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

14352

Fear Happiness Sadness Surprise

Figure 1: A comparison of six expressions between normal
people and PD patients. To protect patient privacy, we ob-
scure the patients’ eyes.

Disgust
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To timely intervene in the progression of PD and delay its
advancement, the primary task is to achieve accurate clini-
cal diagnosis of early-stage PD. Currently, diagnostic meth-
ods for PD are mainly classified into two categories (Giu-
liano, Cerri, and Blandini 2021): in-vivo diagnosis and in-
vitro diagnosis. In-vivo diagnosis (Khachnaoui, Mabrouk,
and Khlifa 2020; Skoloudik et al. 2020; Sioka, Fotopou-
los, and Kyritsis 2010) relies on specialized medical imaging
techniques like CT, MRI, TCS, and PET, enabling doctors to
assess PD severity by comparing images of specific tissues
or regions with those of non-patients. While accurate, in-
vivo diagnosis also presents certain limitations: it requires
professional equipment operated by trained professionals,
and some patients, such as pregnant women or those with
specific medical conditions, may be unsuitable for certain
scans. Additionally, the high cost poses a burden on ordinary
families. In contrast, in-vitro diagnosis (Tuncer, Dogan, and
Acharya 2020; Lilhore et al. 2023; Balaji et al. 2021; Gomez
et al. 2021), which analyzes external biomarkers like voice
and gait signals, is more convenient and flexible. This type
of method does not depend on expensive equipment, is easy
to administer, and has fewer patient restrictions, making it
increasingly popular among doctors and researchers. With
technological advancements, in-vitro diagnosis is poised to
become a crucial tool for early PD detection.

Facial expressions, as vital external biomarkers, contain
rich health information within subtle changes, offering a
new perspective for non-invasive disease diagnosis. Liter-
ature analysis (Bek, Poliakoff, and Lander 2020; Mattavelli
et al. 2021) reveals that neurodegenerative diseases like PD



are closely linked to facial muscle control disorders, leading
to stiffness, unnaturalness, or reduced expressions, manifest-
ing as “masked faces” symptoms. Figure 1 compares six ba-
sic facial expressions of normal individuals and PD patients,
highlighting PD patients’tendency to exhibit “masked faces”
with nearly identical expressions across different emotions,
thus enabling the identification of potential PD patients
through remote facial expression recognition.

However, training PD diagnostic models based on facial
expression recognition faces challenges due to data privacy
protection and legal restrictions, leading to an obvious “data
silos” phenomenon that hinders data sharing and the depth
of “face-reading for diagnosis” research. Limited by small
local datasets, existing models lack generalization and accu-
racy for clinical application. To address these, this paper pro-
poses a novel adaptive federated learning (FL) method based
on client contributions to collaboratively compute privacy
using facial expression data from multiple medical institu-
tions. It evaluates client contributions from gradient con-
tribution, data quality, and learning efficiency perspectives,
overcoming non-IID issues caused by possible data hetero-
geneity in multi-source environments or varying data sizes.
Specifically, during federated model training, gradient con-
tribution is measured by the angular deviation between lo-
cal and global gradients, with higher weights assigned to
clients with significant differences to ensure model robust-
ness. Data quality is assessed by local data loss during train-
ing, and client learning efficiency is evaluated by monitor-
ing the training loss descent rate. These multi-dimensional
indicators guide the adaptive adjustment of each client’s up-
loaded model weights, directing the global model to con-
verge efficiently toward optimality. To demonstrate the prac-
tical value of the proposed method, we cooperated with the
Second Affiliated Hospital of Nanchang University to create
the Parkinson’s Disease Facial Expression (PDFE) dataset,
which is currently the largest known dataset of facial expres-
sions in Parkinson’s disease. It includes 95 patients, each
with seven images depicting neutral emotions and six other
basic emotions (surprise, fear, anger, sadness, happiness,
disgust) for experimental verification.

The contributions of the paper are summarized as follows:

* Proposing a non-invasive in-vitro diagnostic technology
for Parkinson’s disease based on facial expression recog-
nition, aiming to address accessibility challenges faced
by patients, especially in resource-scarce or mobility-
limited situations. This is the first attempt to apply FL
to enhance diagnostic model training in this field.

Design an innovative adaptive FL framework to tackle
data silos in PD diagnosis. This framework collabo-
ratively performs privacy computing on patient facial
expression data from multiple institutions, comprehen-
sively evaluating data contributions from three dimen-
sions to overcome non-IID issues.

Creating the largest facial expression dataset for in-vitro
PD diagnosis research, featuring multiple expressions
from 95 PD patients.

Demonstrating the effectiveness of our method through
extensive experiments, offering a promising approach
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for rapid, non-invasive initial screening and advancing
healthcare intelligence.

Related Work

PD Diagnosis: The diagnosis of PD primarily falls into two
categories: in-vivo and in-vitro methods. In-vivo diagnosis
relies on direct measurements of physiological and biochem-
ical indicators, offering high accuracy but entailing expen-
sive costs and potential harm to patients. In contrast, in-vitro
diagnosis is more convenient and flexible, auxiliarily diag-
nosing through analysis of external markers such as voice
and gait signals. Research (Sakar et al. 2019) found that
PD affects facial muscle activity and coordination, leading
to early speech disorders, making voice signals a crucial di-
agnostic tool. Lilhore ef al. combined Convolutional Neural
Networks (CNN) and Long Short-Term Memory (LSTM)
models to identify voice characteristics of PD patients us-
ing Mel spectrograms (Lilhore et al. 2023), surpassing tra-
ditional methods in accuracy. However, the diagnostic ef-
fectiveness of voice signals varies among patients with dif-
ferent native languages (Hsu et al. 2017). Research (Bloem
et al. 2004) found that PD patients also exhibit symptoms of
bradykinesia and postural instability. Based on this, Balaji
et al. used vertical ground reaction force sensors to collect
gait signals and diagnosed PD through the Support Vector
Machine algorithm (Balaji et al. 2021), albeit with potential
additional burden on patients from wearing sensors.

Given the limitations of gait and voice signals in
PD diagnosis, researchers are now exploring facial ex-
pressions—easily collected, universally applicable, and
language-independent—as a novel diagnostic approach.
Studies have shown that PD patients display subtle facial
muscle movements, restricted expressions, and impaired eye
movements, characterizing a “masked face” (Bandini et al.
2017). Researchers like Rajnoha et al. (Rajnoha et al. 2018)
have used static facial images for decision tree classification,
while Jin et al. (Jin et al. 2020) extracted features from fa-
cial smile videos. Huang et al. (Huang et al. 2023) proposed
a method that leverages deep learning models, such as Swin
Transformer, to address the binary classification of complex
features in PD patients’ six basic facial expressions.

Despite progress in PD’s in-vitro diagnosis based on fa-
cial expression recognition, a pressing challenge remains:
most existing diagnostic models are trained on local, small
sample data, limiting model generalization and prone to
overfit, thereby reducing actual diagnostic accuracy. This is-
sue primarily stems from the privacy and legal protection of
facial expression data of PD patients, making data collec-
tion extremely difficult. Simultaneously, concerns over data
leakage prevent different medical institutions from sharing
their facial expression datasets, exacerbating the “data si-
los” problem. To address this, this paper proposes, for the
first time, a PD diagnosis method based on a FL frame-
work for multi-source facial expression data. This method
enables collaborative model training across multiple clients
while protecting patient privacy, achieving a high PD diag-
nosis accuracy of 98.35%.

Federated Learning: FL is a machine learning approach
that enhances model performance by leveraging distributed



data resources while ensuring privacy and security (Wang
et al. 2022). It is crucial in the medical field due to the
highly sensitive nature of medical data and strict privacy reg-
ulations like GDPR and HIPAA. FedAvg (McMahan et al.
2017) is a classic optimization algorithm in FL, which up-
dates and maintains a global model by collecting and av-
eraging local model parameters from participating nodes.
FedProx (Li et al. 2020) introduces a regularization term
based on FedAvg to limit the update range of model param-
eters during local training, enhancing global model stabil-
ity. MOON (Li, He, and Song 2021) incorporates contrastive
learning to align local model updates with global optimiza-
tion, significantly improving global model performance and
convergence speed. FedSol (Lee et al. 2024) proposes a new
framework for federated stabilized orthogonal learning, aim-
ing to identify stable parameter regions and ensure orthog-
onality between local and proximal gradients, allowing for
effective model updates while minimizing global model per-
turbation. Distinct from these methods, we propose an adap-
tive FL approach based on contribution estimation, which
evaluates client contributions and improves model aggre-
gation performance. Our method safeguards patient privacy
and achieves promising performance in PD diagnosis.

The Proposed Method
Problem Definition

Suppose there are K clients, where the private data dis-
tribution of client k is denoted by Dy = {(zF,yF)}7"%,,
with n; = |Dg| indicating the number of samples. The lo-
cal model parameters for client k are wy, and its optimiza-
tion objective is F'(wy). In the joint training among hos-
pitals for Parkinson’s disease diagnosis, the collected data
can significantly differ in feature distribution, labeling cri-
teria, and sample size, resulting in different local objec-
tives: F(wg1) # F(wga)(kl # k2). Therefore, coordi-
nating the local objectives F'(wy) and adaptively adjust-
ing aggregation weights in the global aggregation poses
a significant challenge. In global aggregation, defined as
F = argminG(F(wg=1), ..., F(wg=K)), the proportion of
each client’s sample size is commonly used as the aggrega-
tion weight. The global optimization objective is given by:
G(F (wp=), oy Fwi=r)) = 3y s F(wy).

To address this challenge, we propose an adaptive FL
method, illustrated in Figure 2. This method evaluates the
contributions of each medical institution based on three fac-
tors: data, gradient, and learning efficiency. It uses these con-
tributions to adjust each client’s aggregation weight during
model merging, promoting fairness and efficiency, and en-
couraging medical institutions to engage in joint training.

Overview of the Algorithm

Traditional FL approaches often mimic FedAvg (McMahan
et al. 2017), using client sample sizes directly as aggregation
weights, neglecting the distinction between sample quantity
and data value. This bias favors clients with larger datasets,
leading to unfairness in the global model. Focusing on data
contribution and gradient contribution mitigates this issue
by prioritizing clients with rare distributions or poor model
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Figure 2: Flowchart of the proposed algorithm.

performance (Jiang et al. 2023). Furthermore, learning effi-
ciency is vital in evaluating client value, with poor data qual-
ity impeding local model fitting and high-quality data expe-
diting convergence(Fang and Ye 2022). In cases where par-
ticipants contribute low-value or maliciously distorted data
and gradients, learning efficiency can counteract these nega-
tives, complementing data and gradient contributions. By in-
tegrating these three factors, the server can more accurately
assess clients’ true value, ensuring fair representation and
enhancing the global model’s robustness and effectiveness.
When evaluating client contributions, the primary consid-
eration is assessing individual contributions to the whole.
In the current federated contribution evaluation, the Shapley
value is the most widely used measure, and the method for
calculating the contribution of client ¢ is as follows:

E [USud)-US), 1)

v(i;;U,D,N) = NN B s

where D represents the data distribution, N denotes the
number of participating clients, D = {D;}¥ indicate the
data distribution set of all subset length IV, S represents the
client set, if .S set has M elements, the corresponding data
distribution of all possible cases is denoted as D, namely
S ~ DM |S| = M, U represents the utility function, which
is used to calculate the contribution value of set S.

Based on the Shapley value definition, calculating client
1’s contribution requires enumerating its marginal contribu-
tions across all subsets excluding ¢, which is computation-
ally expensive. To simplify this, Wang et al. (Wang, Dang,
and Zhou 2019) introduced the leave-one-out method, di-
viding the set into two parts. The contribution of a party
is then measured as the value lost when it is excluded (of-
ten using test set accuracy as the utility function). Although
this simplification may be imperfect and unfair for simi-
lar, interchangeable parties, it does not affect our evaluation
scheme. Incorporating the leave-one-out concept, our con-
tribution measurement strategy is as follows:

ﬁ(i7F7N) :Fi(N\{i}v{i})7 2

where N\{i} signifies the exclusion of client ¢ from the
total set of N clients. I'; represents our introduced util-
ity function, which comprehensively evaluates the client’s
value across three dimensions: gradient, data, and learn-
ing efficiency. Given the varying significance of individual
contributions in diverse real-world scenarios, we incorpo-
rate hyperparameters A to adjust their respective weights,
thereby enhancing the system’s adaptability and efficiency.



Algorithm 1: Adaptive FL

Input: Communication rounds 7', number of clients K, lo-
cal datasets Dy, learning rate 77, Contribution ratio A, global
batch size B.
Output: Final global model wr.
Server:

1: Initialize server model wy

2: for t=0,1,2,....,T-1 do

. o __1Dd]

3: B;= S IDi] x B > Secd.l

4:  send: wy;, by < wy, B;

5. forie K do

6: (I't,i(gra), Tt i(dat), Ty i(eff)),we; < Client

Update

7: calculate p;; > FEq.(3) and Eq.(4)

8: W41 Zfil Pt iWt i

9: end for

10: end for
Client Update:

1: VF (’U)t) = Wt — Wt—1.

2: wy ' = 7%7&;,:?:71,1_

3: (x;,y;): randomly sample b; samples.

4 VE (wi;) = —nVEF (25, Y5, wt,0)

5: We,q = Wi i -+ VF (wt,i)

—1 VF Wt )—pPt— iVF Wt 4
6: VF(w; ") = Y p TE ) |
7: Tyi(gra) = 1 — cos (VF (wy;),VF (w;l)) >
Eq.(5) _
8: I'yi(dat) = e (Dj,w; ") > FEq.(6)
9: Toileff) = 755 > Bq.(7)

10: Upload (T'¢;(gra),T:(dat), T :(eff)) and w;; to
server.

Ultimately, I'; is computed as follows:
I, = AlFi(gm) + )\gFi(dat) + AgFi(eff), 3)

where T';(gra), T';(dat), and T'; (e f f) are gradient contribu-
tion, data contribution, and learning efficiency contribution,
respectively. A1, Ao and A3 are the hyperparameter used to
balance the individual contributions and A\{+A2+A3=1.

By weighting the three dimensions of the client’s contri-
bution (each contribution is normalized after the server re-
ceives the client’s contribution, in the case of gradient con-

tribution, T';(gra) = %, we obtain the true con-
tribution of client 7 and use this contribution as a weight pa-
rameter for the central server aggregation model. We simi-
larly normalize the I'; to obtain the final aggregated weight
pi,» which is calculated as
T
pi= “
ZZK:1 ¥

To achieve more precise predictions, we also leverage
the client’s past average contributions to dynamically adjust
its current contribution. For clarity, the detailed algorithmic
procedure is outlined in Algorithm 1.

Client Contribution Estimation

This section will describe in more detail the computation
process of the three contributions we propose, namely gra-
dient contribution, data contribution, and learning efficiency
contribution.

Gradient contribution. The data distribution and feature
differences among different clients can often be significant,
and this heterogeneity affects the gradient direction of each
client and its contribution to the global model. To leverage
these differences, we dynamically adjust the weight assign-
ment based on the gradient direction discrepancies between
clients, aiming to optimize the performance of the global
model. Specifically, we assess the similarities and differ-
ences in data characteristics and distribution of each client
by calculating the gradient direction discrepancy between
one client and all others. The process is formulated as

Ty.i(gra) 21 _ cos (VF (we), VF (wt_l)) &)

where cos(-) represents cosine similarity, VF'(w; ;) repre-
sents the parameter change after local training when client
¢ is in round ¢, and VF'(w; ") represents the gradient ag-
gregation value excluding the gradient of client ¢ when all
client gradients are aggregated, that is, the gradient sum of
other clients. When the gradient direction of one client sig-
nificantly differs from others, it indicates that it may have
explored data features or distributions not covered by other
clients, thus deserving a higher level of information and con-
tribution to the training of the global model. In this way, FL.
not only aggregates data from different locations but also
leverages heterogeneity to enhance the robustness and gen-
eralization ability of the model, enabling it to better adapt
to the constantly changing and complex data environment in
the real world.

Data contribution. When dealing with multiple clients
or data sources, some may exhibit unique features and data
distributions. Thus, a model’s poor performance on a spe-
cific client may not stem from the model itself but from the
distinctiveness of the client’s data. Consequently, we assess
the client’s data contribution as a metric by evaluating the
error rate on their local training dataset when using a model
aggregated from other clients. This error rate € quantifies the
client’s data contribution, defined as follows:

yi(dat) £ (Dy,w;*), (6)

where w, * denotes the model derived by excluding client ¢
during the server’s aggregation in round ¢. If w; ¢ performs
poorly on the data from client ¢, it indicates that the server
model inadequately captures the attributes of that client’s
data distribution. Hence, assigning a higher weight to client
i during model training is necessary to ensure the model
more accurately captures and reflects the characteristics of
that data source. This strategy enhances not only the model’s
generalization ability in heterogeneous data environments
but also its fairness across data sources.

Learning efficiency contribution. High-quality data en-
hances the model’s learning efficiency, making learning effi-
ciency a valuable metric for assessing client value. We mea-
sure learning efficiency by the rate of change in the model’s



loss value within the client’s local training set, calculated as

Dyeff) & St =Eut, ™
it
where L; ; represents the loss value of client ¢ on the lo-
cal training set at round ¢. Poor data quality slows down
the model fitting process, directly impacting model perfor-
mance. Conversely, clients with high-quality data exhibit
faster training and model convergence. This disparity influ-
ences not only individual client performance but also affects
the optimization of the entire system. Thus, emphasizing
learning efficiency and the underlying data quality is crucial

for enhancing overall model training effectiveness.

Experiments
Experimental Setup

Datasets and Models In the task of diagnosing Parkin-
son’s Disease (PD), we utilized five datasets: PDFE, Oulu-
CASIA (Zhao et al. 2011), RaFD (Langner et al. 2010),
CK+ (Lucey et al. 2010), and Tsinghua-FED (Yang et al.
2020). The PDFE dataset, newly created by our research
team, consists of images of 95 PD patients (55 males and
40 females, with an average age of 62.7) captured using a
digital camera, displaying neutral and six basic emotions.
The data collection and usage were approved by all partic-
ipating patients. The remaining four datasets are publicly
available facial expression datasets featuring healthy indi-
viduals. To showcase the versatility and superiority of our
proposed method compared to existing Federated Learning
(FL) techniques, we benchmarked it against the CIFAR-
10 (Krizhevsky 2009) and FMNIST (Xiao, Rasul, and Voll-
graf 2017) datasets. For PD diagnosis, we employed the
ResNet-18 model, whereas for CIFAR-10 and FMNIST, we
utilized a standard 4-layer Simple-CNN (Luo et al. 2021).
All experiments were conducted on a machine equipped
with an Intel(R) Core i5-13400F processor, 16GB of mem-
ory, an NVIDIA 4060 GPU, Ubuntu 22.04.5 LTS, and Py-
Torch version 2.1.

Evaluation Protocol and Configuration For the task of
PD diagnosis, we divided the PDFE dataset into five folds,
using one as the test set (augmented with elderly data from
Tsinghua-FED as normals) and the rest four for PD patient
training. The training data was distributed to three fully par-
ticipating clients with a batch size of 30. The final results
were averaged over five experiments. For image classifica-
tion task on CIFAR-10 and FMNIST datasets, we split the
data into 25% test and 75% training sets. The training data
was distributed to 20 fully participating clients with a batch
size of 64, and each partitioned dataset was stored for con-
sistency. With local epochs set to 1, a learning rate of 0.005
was suitable for most methods, while our proposed method
used 0.05. We reported the highest stable accuracy after suf-
ficient training rounds for all methods.

Notably, our proposed algorithm features two specific
configurations distinct from conventional FL approaches:

 Firstly, we observed that increasing the local update
rounds (the number of local model updates per client per
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Figure 3: Coarse-grained grid search results of A; and As.

communication round, typically set as n; /batch x epoch)
does not necessarily improve results. While larger lo-
cal update rounds can accelerate training, they can also
lead to the overfitting of local data, reducing overall per-
formance. Therefore, we cautiously set the local update
rounds in our algorithm at 1.

Secondly, unlike many FL. methods that set a uniform lo-
cal batch size for different clients, we tailor the batch size
for each client based on their data proportion to the global
dataset, set as n;/total x B, where n; is the number of
samples for client i, total is the sum of samples across
all clients, and B is the global batch size. This design
aims to integrate the influence of data volume into the
local client training process prior to model aggregation,
which contrasts with many other FL methods relying on
simple weighting in the final model aggregation stage.
Our approach strives to better simulate centralized train-
ing, potentially leading to faster convergence towards the
global optimum.

For the rationale behind these specific configurations, please
refer to Parts 1 and 2 of the ablation experiments.

Hyperparameter Setting To balance the three contribu-
tions, we conducted a two-step grid search on the CIFAR-
10 dataset to determine the hyperparameters A1, Ao, and A3,
ensuring A\j+Ao+A3=1. After setting A; and Ao, we calcu-
lated A3 as 1-A1-)o. Initially, a coarse-grained search with a
0.2 interval revealed high performance in three regions (refer
to Figure 3), suggesting improved performance with greater
weights on data and gradient contributions, alongside signif-
icant learning efficiency. Subsequently, a fine-grained search
within these regions, using a 0.1 interval, identified optimal
values as A\1=0.5, A\2=0.4, and A\3=0.1. These values were
then fixed for subsequent experiments.

Evaluation on Ordinary Image Classification

In this section, we evaluate the classification performance
of our method on the CIFAR-10 and FMNIST datasets and
compare it with current mainstream FL methods, including



CIFAR-10 FMNIST
Method a=0.1 a=0.5 1D a=0.1 a=0.5 1D

FedAvg 65.69 66.42 71.91 89.76 89.88 91.89
FedProx 65.56 66.25 71.89 89.79 89.87 91.85
MOON 65.41 66.44 7191 89.75 89.91 91.82
FedSol 66.09 67.56 71.60 89.83 88.35 92.14
Ours 72.87 7145 72.95 91.49 91.46 92.31

Table 1: Classification accuracy of different FL. methods on the CIFAR-10 and FMNIST datasets.
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Figure 4: Label distribution in non-IID for the amount of
data, Label O represents PD patients.

FedAvg (McMahan et al. 2017), FedProx (Li et al. 2020),
Moon (Li, He, and Song 2021), and FedSol (Lee et al. 2024)
in both IID and non-IID scenarios. To control the degree
of non-1ID, we adjust the parameter a of the Dirichlet dis-
tribution, with smaller values indicating more severe non-
IID conditions (Lin et al. 2020). It is observed from Table
1 that our method achieves the highest classification accu-
racy on both datasets, especially in non-IID scenarios. For
instance, when a=0.1, our method’s classification accuracy
is 6.78% higher than the second-best method, FedSol. The
results demonstrate the rationality and effectiveness of our
method in evaluating each client by measuring gradient con-
tribution, data contribution, and learning efficiency contri-
bution, which enhances the global aggregation performance
of the model.

Evaluation on PD Diagnosis

In this subsection, we first evaluate the performance of our
method in diagnosing PD under IID training scenario and
compare it with the advanced PD diagnosis methods, in-
cluding GLCM+SVM (Hou, Qin, and Su 2022), ResNet18-
DataAugment (Huang et al. 2022), and three latest deep
learning models: DeiT-small (Touvron et al. 2021), Ef-
ficientNetV2 (Tan and Le 2021), and InceptionResnetV1
(Szegedy et al. 2017). Table 2 presents the PD prediction ac-
curacy of all comparative algorithms on the PDFE dataset.
As shown in Table 2, our method attains the highest accuracy
of 98.35%, surpassing the current state-of-the-art method,
ResNet18-DataAugment, by 2.92%. These results demon-
strate that our PD diagnosis model, trained using multi-
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PD Diagnosis Method Accuracy(%)t
GLCM+SVM 46.60
DeiT-small 71.93
EfficientNetV?2 71.25
InceptionResnetV1 84.07
ResNet18-DataAugment 95.43
Ours 98.35

Table 2: PD diagnosis accuracies (%) of different PD diag-
nosis methods on the PDFE dataset.

source facial expression data based on FL, exhibits superior
performance while also protecting patient privacy compared
to existing methods.

Considering that the multi-source data distributions pro-
vided by different medical institutions in reality are likely to
exhibit non-IID characteristics, which may arise from vari-
ations in data scale or image heterogeneity caused by dif-
ferent collection conditions. Therefore, we will evaluate the
performance of our method in PD diagnosis under these two
non-IID scenarios, respectively.

(1) Non-IID caused by data scale. To simulate the first sce-
nario, we adjusted the parameter a of the Dirichlet distribu-
tion to induce a non-IID characteristic in the data distribu-
tion across clients. Figure 4 illustrates the data distribution
for three clients when a=1, in which we observe that the
amount of data varies across these three clients, and there
are also significant differences in the label distribution on
each client. Table 3 reports the PD diagnosis results of our
method under the non-IID training scenarios when a takes
values of 100, 10, and 1, respectively 1 As shown in Ta-
ble 3, our method maintains stable performance in PD diag-
nosis, as the degree of non-IID increases from a=100 to 1,
with only a 0.36% decrease in PD diagnosis accuracy. The
results verify the robustness of our method in the non-IID
scenario caused by varying volumes of multi-source data.

(2) Non-IID caused by image heterogeneity. To simulate
the second scenario, we applied transformations to the light-
ness, contrast, and saturation of the training images across
different clients. Through observation, we found that alter-
ing the lightness resulted in the most significant differences
in the distribution of image features, while changes in con-
trast and saturation had a much smaller impact on the vari-

"Due to the small size of PDFE, a should not be set below 1 to
avoid clients without data assignment.



a Accuracy | Variations  Accuracy
1 97.78 Lightness 97.20
10 98.15 Contrast 97.31
100 98.14 Saturation 98.03

Table 3: PD diagnosis accuracy (%) of the proposed method
under non-IID training scenarios.
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Figure 5: Impact of LUR on model performance.

ation in feature distribution. Table 3 reports the PD diagno-
sis results of our method in the non-IID scenario caused by
image heterogeneity, demonstrating excellent performance
across three cases. Notably, even in the lighting variation
case where image heterogeneity is most pronounced, our
method still achieves a PD diagnosis accuracy of 97.20%.
In summary, the experiments have demonstrated the effec-
tiveness of our proposed adaptive FL. method in PD diagno-
sis, with the potential to address the “data silos” issue in cur-
rent facial expression-based models. Furthermore, they have
proven the robustness of our method in non-IID training sce-
narios due to data scale and image heterogeneity, maintain-
ing accurate diagnosis. The superiority is primarily owing to
its ability to guide adaptive model weight adjustment based
on multi-dimensional indicators (data, gradient, learning ef-
ficiency), enabling efficient convergence towards optimality.

Ablation Study

(1) Impact of local update rounds (LUR). We conducted
ablation studies on CIFAR-10 (a = 0.1) and FMNIST (a
= 0.1) datasets to examine the impact of various LUR, in-
cluding 1, 2, 4, 8, 32, 64, and the default n; /batch x epoch
commonly used in FL. methods, on model performance. As
shown in Figure 5, our approach demonstrated good clas-
sification results on both datasets, notably with fewer LUR
(e.g., LUR=1 or 2). While larger LUR can accelerate train-
ing, they may also lead to the overfitting of local data, re-
ducing overall performance.

(2) Impact of local batch size (LBS). We conducted an ab-
lation experiment on CIFAR-10 (a = 0.1) by varying the
LBS. Initially, referencing traditional FL. methods like Fe-
dAvg and TCT (Yu et al. 2022), we fixed the LBS for each
client at 64, and compared it with our approach where LBS
is set proportionally to the number of clients, specifically
LBS=n;/total x 64. As illustrated in Figure 6, when the
batch size is controlled according to our method, there is
a slight improvement in model performance after conver-
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Gradient Data Learning efficiency Accuracy(%)
v 96.89
v 96.62
v 96.14
v v v 98.35

Table 4: Ablation results for each contribution factor.

gence. This confirms the effectiveness of our approach to
control LBS based on the proportion of samples among
clients, mimicking centralized training.

(3) Ablation study on contribution factors. To evaluate
the impact of various contributing factors on the diagnostic
performance of PD, ablation experiments were conducted
on the PDFE dataset, as detailed in Table 4. It is observed
that solely relying on gradient, data, or learning efficiency
contribution leads to a decrease in PD diagnosis accuracy by
1.46%, 1.73%, and 2.21%, respectively. The results indicate
that utilizing a single contribution factor is insufficient, em-
phasizing the effectiveness of combining multiple factors to
achieve superior PD diagnosis with our model.

Conclusion

This paper underscores the potential of facial expression
recognition as a diagnostic tool for PD and proposes an
adaptive FL. model based on client contribution evaluation.
The aim is to facilitate collaborative learning by integrat-
ing facial expression data from multiple sources of PD pa-
tients, addressing the “data silo” issue in PD diagnostic
model training while effectively protecting patient data pri-
vacy. This represents the first attempt to utilize FL in this di-
agnostic context. Our method evaluates client contributions
based on gradients, data, and learning efficiency, address-
ing challenges posed by non-IID data due to variations in
data scale or heterogeneity. Experiments on CIFAR-10 and
FMNIST showcase our method’s superiority over other ad-
vanced FL approaches, and tests on our newly created PDFE
dataset confirm its effectiveness in PD diagnosis, advancing
intelligent and remote PD diagnosis.
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