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Abstract. Cardiovascular disease remains a leading cause of death 
worldwide and causes nearly four out of every five premature deaths. 
However, the patient data needed for early risk prediction often sits 
locked away in separate hospitals and clinics. Centralized model train-
ing isn’t feasible because sharing raw health records risks privacy viola-
tions and data breaches. Federated Learning (FL) solves this problem by 
moving the model to the data instead of the other way around. In the 
FL setup, each client trains the same model on its own data and only 
sends weight updates to a central server, so sensitive records never move. 
In our work, we propose a privacy-preserving FL pipeline using Flower 
and TensorFlow with the Framingham Heart Study dataset. We split the 
data among six simulated clients using a Dirichlet-based non-IID scheme 
to mimic real-world differences in patient populations. To handle tabu-
lar medical features, we adopt the TabTransformer, whose self-attention 
layers automatically capture interactions, like how age, cholesterol, and 
blood pressure combine to influence risk, without manual feature engi-
neering. We also use FedProx to add a proximal term that keeps local 
model updates from drifting too far. In just 20 communication rounds, 
our federated TabTransformer achieved 85.98% accuracy, about 4% bet-
ter than the federated 1D-CNN and nearly on par with the central-
ized TabTransformer. O verall, our results show that pairing FL with
attention-driven tabular models yields reliable cardiovascular risk pre-
dictions, safeguards patient privacy, and adapts seamlessly to diverse
client datasets.
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1 Introduction 

Cardiovascular diseases (CVDs) remain the leading cause of mortality worldwide, 
accounting for an estimated 17.9 million deaths e ach year according to the W orld
Health Organization [2]. This burden is projected to rise as populations age 
and lifestyle risk factors—such as smoking, sedentary behavior, and poor diet— 
become more prevalent. Early and accurate detection of CVD risk is essential 
for timely intervention, yet conventional diagnostic approaches often rely on 
manual interpretation of clinical measurements, which can be time-consuming 
and subject to inter-operator variability.

In recent years, data-driven methods—including machine learning (ML) and 
deep learning (DL) have demonstrated c onsiderable success in automating dis-
ease prediction and prognosis [1,3]. Traditional ML algorithms, such as random 
forests and gradient boosting, excel at identifying non-linear relationships in 
structured clinical data, while DL models, particularly convolutional and recur-
rent neural networks, have advanced analysis of high-dimensional inputs like 
electrocardiograms (ECGs), echocardiograms, and cardiac MRI scans. However, 
these approaches typically require centralizing sensitive patient records on a sin-
gle server for training, raising significant concerns about data privacy, security, 
and compliance with regulations such as HIP AA in the United States and GDPR
in the European Union [27]. 

Federated Learning (FL) [4,11] has emerged as a promising paradigm to over-
come these challenges by enabling multiple institutions (e.g., hospitals, clinics, 
and edge devices) to collaboratively train a shared model without exchanging 
raw data. In FL, each participant updates the global model locally on its own 
data and transmits only model weight updates or gradients to a coordinating 
server. These updates are then aggregated—typically via algorithms such as 
FedAvg or FedProx—to produce a new global model that is redistributed to all 
participants. By keeping patient data within their originating institutions, FL 
preserves privacy, reduces the risk of data breaches, and adheres to regulatory 
requirements, while still leveraging the collective knowledge of diverse datasets
to improve model robustness and generalization.

To support scalable implementation of FL in healthcare, several open-source 
frameworks have been developed. Flower (FLwr) [15] provides a flexible interface 
compatible with popular ML libraries (e.g., TensorFlow, PyTorch, Scikit-learn) 
and o!ers customizable aggregation strategies, secure communication channels, 
and dynamic client scheduling. In parallel, transformer-based architectures, orig-
inally designed for natural language processing, have been adapted for tabular 
data via models like the TabTransformer [14]. By employing self-attention mech-
anisms, TabTransformer captures complex feature interactions and dependencies 
more e!ectively than traditional fully connected net works and improves perfor-
mance on heterogeneous, high-dimensional clinical datasets.

In this paper, we propose FedTabTran, a federated learning framework that 
integrates the TabTransformer model within the Flower ecosystem to predict 
cardiovascular disease from tabular clinical features. Our contributions are three-
fold: (1) we demonstrate a realistic non-IID partitioning strategy using Dirich-
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let distributions to simulate heterogeneous hospital data; (2) we evaluate the 
e!ectiveness of self-attentionbased feature representation in a federated setting, 
achieving an average accuracy of 87.6% and demonstrating robust convergence 
under the FedProx aggregation algorithm; and (3) we outline a n extensible 
pipeline for extending this approach to time-series ECG data, enabling earlier 
detection of acute cardiac events while maintaining patient privacy.

The remainder of this paper is organized as follows. Section 2 reviews the 
relevant literature, Sect. 3 describes the proposed approach, and Sect. 4 presents 
and analyzes the experimental results. Finally, Sect. 5 summarizes the key con-
tributions and outlines directions for future w ork.

2 Literature Survey 

The ability of FL to let artificial intelligence developers access a possibly large 
pool of real-world data is its key advantage. FL [5,12] enables resources to be 
focused towards accomplishing clinical objectives and tackling related techni-
cal problems, so transcending the limited number of publicly available datasets. 
More research [6] is needed, though, to identify the optimal algorithmic meth-
ods for federated training—that is, how to e!ectively mix models or updates and 
create a system resistant to population fluctuations. Coupled with the require-
ment of traditional centralized machine learning methods to pool patient data 
in a single repository, this generates concerns regarding data security a nd com-
pliance with privacy rules. FL tries to overcome these difficulties by allowing 
a decentralized model training across various m edical institutions and doctors
without revealing sensitive patient information [26]. Several researchers [7]  have  
studied the usage of FL in improving the prediction of cardiov ascular disease.

Qui W. et al. [8]compared the performance of two Convolutional Neural Net-
works with di!erent architectures and a multi-laye r perceptron in a FL setup. 
Adnan et al. [9] have examined the integration of FL with di!erential privacy 
for medical image analysis, indicating that FL models can reach accuracy com-
parable to centralized techniques while guaranteeing strong privacy guarantees. 
The w ork underlines the potential of FL in healthcare applications, particularly 
in circumstances when data confidentiality is critical. Similarly, Khan et al. [10] 
have studied the application of asynchronous FL to boost AI model performance 
in cardiovascular disease prediction. The proposal indicates that asynchronous 
updates in FL can reduce data dissemination issues and resource constraints 
across many healthcare organizations. This adaptable technique allows institu-
tions with diverse computational capacity to contribute to model training with-
out delays, enhancing forecast accuracy i n real-world circumstances. The work
in [13] presents an FL-based quantum neural network (FQPDR) to identify dia-
betic retinopathy (DR) while preserving data privacy. The study employs E-
ophtha and Retina MNIST datasets and illustrates the efficiency of the FQPDR 
model in diagnosing early-stage DR. The results demonstrate promising perfor-
mance compared to the classic FL and non-FL approaches.

Table 1 provides a comprehensive comparison of recent federated learning 
studies applied to cardiovascular disease prediction. Qiu et al. [8] evaluated
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Table 1. Comparison of FL Studies in Cardiov ascular Disease P rediction
Ref. Approach Dataset & 

Clients 
FL Setting Privacy 

Mechanism 
Pros Cons 

Qiu W. et 
al. [8] 

Two CNN vs. 
MLP 

Cardiovascular 
cohort; 5 
simulated 
clients 

Synch. FedAvg None Clear CNN vs. 
MLP 
benchmark 

No privacy; 
small-scale 

Adnan et al. [9] CNN + DP X-ray & MRI; 
4 institutions 

Synch. FedAvg DP-SGD 
(.ε = 1.0) 

Strong privacy; 
matches 
centralized 

Noise may hurt 
fine accuracy 

Khan et al. [10] Asynch. 
FedAvg 

Framingham 
Heart; 6 clinics 

Asynch. 
updates 

None Fewer comms; 
flexible 

Complexity; no 
privacy 

De et al. [13] Quantum NN 
(FQPDR) 

E-Ophtha & 
RetinaMNIST; 
5 sites 

Synch. FedAvg None Novel quantum 
use 

Very high 
complexity 

Rahman et 
al. [7] 

FedBoost 
(Boosted trees) 

Multi-hospital 
CVD; 7 clients 

Synch. FedAvg DP-SGD 
(.ε = 0.5) 

Privacy + 
boosting; 
robust 

High compute; 
tuning needed 

Li et al. [19] Personalized 
FL (FedPer) 

Framingham + 
clinics; 8 clients 

Synch. FedPer None Better on 
under-
represented 

Complex; 
overfitting risk 

Quintana et 
al. [20] 

FedBN 
(Batch-Norm) 

MIMIC-III 
vitals; 4 centers 

Synch. FedAvg None Stabilizes 
normalization 

No privacy 
enhancements 

Kumar et 
al. [21] 

Heterogeneous 
FL w/ KD 

ECG signals; 
10 hospitals 

Synch. FedAvg None Cross-client 
knowledge 
sharing 

KD overhead; 
tuning 

Sumalatha et 
al. [22] 

CNN + Secure 
Aggregation 

ECG PPG; 8 clinics Synch. FedAvg Secure 
aggregation; 
practical 

Computation 
and comms 
overhead 

Wang et al. [23] Adaptive 
FedAvg 

Multi-modal 
vitals; 6 centers 

Asynch. 
FedAvg 

None Dynamic LR 
adaptation 

Complex 
protocol tuning 

Li et al. [24] FedGAN (Aug-
mentation) 

Chest X-ray; 5 
institutions 

Synch. FedAvg DP-GAN Improves 
rare-class 
performance 

GAN 
instability; 
overhead 

two CNN architectures against an MLP across five simulated clinical sites in 
a synchronous FL setting, demonstrating improved accuracy a t the expense of 
increased communication overhead. Li et al. [19] employed FedAvg with di!er-
ential privacy across a cohort of real hospitals, achieving strong privacy guar-
antees while observing only a minor drop in model performance. Chen and col-
leagues [23] investigated an asynchronous FL protocol combined with homomor-
phic encryption, which enhanced data confidentiality but introduced additional 
computational latency. It highlights these trade-o!s to illustrate how di!erent 
aggregation strategies and privacy mechanisms impact accuracy, scalability, and 
security in a distributed healthcare context.

Collectively, these works underline the transforming e!ect of FL in heart 
disease prediction. By addressing privacy concerns and increasing collaboration 
among healthcare professionals, FL has the potential to revolutionize AI-driven 
diagnostics. The incorporation of asynchronous updates and di!erential privacy 
considerably increases the usability of FL in real-world medical contexts. Future 
research should focus on refining FL models to improve efficiency, scalability, 
and generalization across diverse patient groups. The proposed work aims to
address the issues and propose a novel solution.
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3 Methodology 

Using a TabTransformer model spread among distributed client devices, the 
proposed method uses FL for heart disease prediction. Once the global model is 
configured on a central server, participating clients obtain it. Every client trains 
the model locally using their own dataset, therefore guaranteeing data confiden-
tiality and patient privacy during transmission; client-specific model updates are 
encrypted using the Fernet technique during training. These encrypted updates 
are then returned to the server, where they are decrypted and merged using 
the FedProx technique, thereby building a better global model. First housed on 
the central server, a global TabTransformer model is then distributed to client 
devices. S ince every client trains the model separately using its local dataset, sen-
sitive patient data stays on the client side. After they have been encrypted using 
the Fernet approach and trained, we forward the client’s model weigh ts back to
the server for aggregation. Following the decryption of the model updates, the
server compiles them under FedProx [16] to produce an updated global model. 
Figure 1 provides the structure for the suggested FL-based method of prediction 
of cardiovascular disease. This schematic shows our federated training loop across 
three geographically distinct hospitals (clients), each holding its own heart-clinic 
dataset (non-IID). A central server—or research center—initializes a global Tab-
Transformer (or CNN) model and distributes its weights to all hospitals via a 
federation framework (e.g. Flower). Each hospital trains its local model on pri-
vate data, then sends only weight updates back to t he central server. The server 
aggregates these updates (using FedAvg or FedProx), improving the global model 
without ever exchanging raw patient records. The new global w eights are then
re-sent to all hospitals, and the cycle repeats until convergence.

Each of the clients represents either a hospital or a clinic. The central server 
is placed in the cloud. However, the resource required for this cloud server is far 
less as compared to a centralised learning process. The preference for the cloud 
is made to avoid outage issues; otherwise, it can be a physical machine. The 
central server is given a pretrained T abTransformer model, which is passed on 
to the clients in the initial cycle. For the next round, only weight updating tak es
place. The proposed TabTransformer model is explained in the next Subsect. 3.1. 

3.1 TabTransformer Model 

A TabTransformer Model [14] is a deep learning architecture designed to handle 
tabular data. Unlike traditional methods that use techniques like decision trees or 
linear regression, TabTransformer leverages the power of transformers to better 
understand and process tabular data. It is responsible for embedding continuous 
features and is combined with the output of the transformer-processed categor-
ical features. Together, these features are embedded into a dense representation 
for further analysis. The model is trained for end-to-end learning to predict out-
comes or classify data directly, allowing it to adapt to complex patterns within 
the tabular dataset. By combining the strengths of transformer-based encoding
and feature embedding, TabTransformer achieves high performance in tasks like
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Fig. 1. Proposed FL framework for prediction of cardiovascular diseases. 

classification, regression, and anomaly detection on tabular datasets. It’s par-
ticularly well-suited for scenarios where traditional models struggle to capture 
interactions between categorical and contin uous data e!ectively.

The architecture of the proposed TabTransformer model (Fig. 2) integrates 
transformer layers to handle both categorical and numerical features for efficient 
tabular data processing. At the very top, categorical features enter a Column 
Embedding layer, which learns a dense vector for each category. In parallel, 
numerical features are fed through Layer Normalization to stabilize their distri-
butions. The embedded categorical vectors then pass through one or more Tab-
Transformer encoder blocks: each block applies multi-head self-attention (to cap-
ture inter-column relationships), followed by an Add & Norm skip-connection, 
a feed-forward network, and a second Add & Norm. After encoding, the trans-
formed categorical embeddings are concatenated with the (normalized) numeri-
cal inputs into a single feature vector. This vector is then passed through a small 
MLP (multi-layer perceptron) and finally an output layer tuned to the target task 
(e.g. disease risk prediction). The model consists of four main components: Input
Layer, Feature Embedding Layer, Transformer Encoder, and Output Layer.
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Input Layer: Numerical features are first passed through a Batch Normaliza-
tion layer, which normalizes each feature to zero mean and unit variance within 
the batch to accelerate convergence and mitigate covariate shift. The normalized 
outputs are then fed through a learnable linear projection (a dense layer without 
activation) to raise them to the same embedding dimension . d used by categor-
ical features. An optional dropout layer may follow this projection to prevent 
overfitting and impro ve generalization.
Feature Embedding Layer: Categorical features are transformed via embed-
ding lookup tables into .d-dimensional vectors. These embeddings are concate-
nated with the projected numerical embeddings along the feature axis, p roducing
a unified .n × d tensor (where . n is the total number of features). A small multi-
layer perceptron (MLP)—typically two dense layers with a ReLU activation in 
between—then refines this combined representation, allowing the model to learn 
initial non-linear interactions and harmonize the feature scales before p assing
them into the transformer blocks.
Transformer Encoder: The core of the TabTransformer comprises a stack of 
three identical encoder layers, each combining a multi-head self-attention mech-
anism and a position-wise feed-forward network. In each layer, the self-attention 
sub-layer computes query, key, and value vectors for every feature embedding, 
processes them in parallel across multiple attention heads, and then concatenates 
and linearly projects the results to capture diverse feature interactions. The sub-
sequent feed-forward sub-layer applies a two-layer fully connected network with 
a ReLU activation independently to each embedding for refining the attended 
representations before passing them to the next encoder block. Each sub-layer 
is wrapped with a residual connection and preceded by layer normalization to
improve gradient flow and training stability.
Output Layer: The final encoder outputs a sequence of refined feature embed-
dings. Average pooling across these embeddings yields a single vector represen-
tation of the input. This pooled vector is then passed through one or more fully 
connected layers with a softmax activ ation to produce the class predictions.

A pre-trained TabTransformer resides on the central server; clients down-
load this model in the first round. In subsequent rounds, only weight updates 
are exchanged between clien ts and the server. The detailed federated learning 
workflow is described in Sect. 3.2. 

3.2 Proposed FL Approach 

In this work, we simulate a federated learning environment using Python (v3.9), 
Keras (v2.10), TensorFlow (v2.10), and the Flower framework [15]. To reflect 
a realistic, non-IID setting, we partition the dataset among six clien ts (hospi-
tals/clinics) using a Dirichlet distribution [18] by forcing each client to hold at 
least 100 samples. All data remains local to their respective clients; no raw data 
is shared with the central server.
Global Model Initialization: The server initializes the global model parame-
ters .w0 using a pre-trained TabTransformer checkpoint and broadcasts them to 
all clients. This warm start leverages prior training on a related dataset, reducing
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Fig. 2. Proposed TabTransformer mo del. 

convergence time and improving initial performance across heterogeneous clien t
data.
Client Sampling: At round . t, the server selects a random subset .St of . p clients 
(e.g., 50% of the total) to participate. Varying the sampling fraction per round 
ensures diverse data contributions, mitigates ove rfitting to any single client’s 
distribution, and enhances overall model robustness.
Local Training: Each chosen client . k receives the global weights .wt and mini-
mizes its local pro xregularized objectiv e:

. min
w

hk(w;wt) = Fk(w) +
µ

2
w − wt 2,

where .Fk(w) is the empirical loss on clien t . k’s dataset and . µ controls the proximal 
penalty. Clients train with the Adam optimizer (learning rate .10−3), batch size 
32, for .Ek epochs—adaptively chosen based on device compute capacity—to 
balance local c onvergence with resource constraints.
Aggregation: Once local updates .wt+1

k are returned, the server aggregates t hem 
using F edProx:

. wt+1 =
k∈St

nk

j∈St
nj

wt+1
k ,

where .nk is the number of local samples on client . k. This weighted averaging 
accounts for data volume di!erences and preserves fairness in the updated global
model.
Termination Criteria: The FL process continues until either a fixed maxi-
mum of 20 rounds is reached or the global validation accuracy shows negligible 
improvement (change .< 0.1%) for three consecutive rounds. Early stopping pre-
vents over-training a nd conserves comm unication resources.
By leveraging Flower’s customizable strategy interface, we implement secure 
gRPC channels for encrypted weight exchange, control dynamic client selection, 
and schedule local epoch counts per device. This design ensures efficient conver-
gence despite client heterogeneity, maintains strong data privacy, and adapts to
varying client capabilities during training.
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Table 2. Overview of Variables for Heart Attack Prediction 
Group Attribute Details 
Outcome Heart Attack Indicator Binary outcome (1 = event, 0 = no ev ent)
Demographics Patient Gender Male or F emale 

Patient Age Age in y ears 
Lifestyle Smoking Status Current smoker (Y es/No) 

Daily Cigarette Count Average cigarettes smoked p er da y
Clinical History Blood Pressure Medication Use of antihypertensive drugs ( Yes/No) 

Prior Stroke History of prior strok e (Y es/No)

Hypertension Status Diagnosed high blood pressure ( Yes/No) 
Diabetes Diagnosis Diagnosed diabetes (Y es/No) 
Total Cholesterol Measured total c holesterol (mg/dL) 
Systolic Pressure Systolic blood pressure r eading (mmHg) 
Diastolic Pressure Diastolic blood pressure r eading (mmHg) 
Body Mass Index BMI (kg/m2 ) 
Resting Heart Rate Heart rate at rest (beats p er minu te)
Blood Glucose Fasting glucose level (mg/dL) 

4 Experimentation and Results 

In this study, a FL setup was constructed utilizing the Flower framework [15], 
python, keras, and TensorFlow to predict cardiovascular disease using the Fram-
ingham dataset. A pretrained TabTransformer model is used for processing tabu-
lar data with high-dimensional characteristics. The FL environment was built to 
imitate non-IID client distributions using a Dirichlet-based partitioning over six 
clients. The simulation was run across 20 communication rounds using the Fed-
Prox aggregation method, which incorporated a regularization term to decrease
the influence of client drift and increase convergence.

4.1 Flower Framework 

Flower [15] is an open-source federated learning framework designed to train 
machine learning models across distributed devices while keeping raw data 
securely on its origin. It provides native integrations with TensorFlow, PyTorch, 
and Scikit-learn, allowing researchers and developers to leverage familiar libraries 
within a unified FL pipeline. With a flexible Python API, Flower makes it 
straightforward to customize clientserver configurations, implement alternative 
aggregation strategies ( e.g., FedProx), and experiment with di!erent training
algorithms.

The core Flower architecture consists of a central server that orchestrates the 
training rounds and a collection of clients that perform local model updates on 
their private datasets. In each round, selected clients receive the current global
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model, execute local training, and return their parameter updates for aggrega-
tion. The server merges these updates—using weighted averaging or proximal 
optimization—and redistributes the refreshed model to clients, repeating until 
convergence. Flower supports multiple FL paradigms, including horizontal FL 
(HFL), vertical FL (VFL), and federated transfer learning (FTL), and its scal-
able, modular design makes it suitable for both research prototyping a nd pro-
duction deployments of privacy-preserving ML systems.

4.2 Dataset Description 

The Framingham dataset [17] used for this study contains demographic, behav-
ioral, and clinical attributes related to heart disease risk factors. The target vari-
able, TenYearCHD, indicates the likelihood of developing c ardiovascular (coronary 
heart) disease within ten years. The attributes of the dataset are described in
Table 2. 

4.3 Data Preprocessing 

To ensure model robustness and consistency, many pretreatment processes were 
conducted to the dataset before commencing the FL setup. Handling missing val-
ues was handled using median imputation, which replaces missing values with the 
median of the associated feature. This strategy is e!ective in retaining the cen-
tral trend of the data without being impacted by outliers. Next, standardization 
of numerical features was accomplished using StandardScaler python function. 
Standardizing the features requires changing them to have zero mean and unit 
variance, which helps improve the performance of machine learning models by 
guaranteeing that all features contribute equally to the model training process. 
Finally, the dataset was separated int o training and test sets (80:20) to simplify 
model evaluation. This split allows the model to be trained on one part of the 
data while being evaluated on another unseen portion, guaranteeing that the 
model generalizes well to new data. These pretreatment processes jointly boost
the dependability and precision of the model, preparing the data properly for
the FL process.

4.4 Non-IID Data Partitioning Using Dirichlet Distribution 

To simulate a realistic FL environment, we implemented a non-IID data parti-
tioning strategy using a Dirichlet distribution [18,25], ensuring that each of the 
six clients received at least 100 data points. This setup reflects real-world con-
ditions where clients possess unequal and potentially skewed data distributions, 
increasing the complexity of the learning process.

Table 3 summarizes the FedTabTran model’s performance at each FL round. 
After 20 rounds, the model reached a peak accuracy of 87.6%, alongside fluctua-
tions in F1-score, precision, and recall. The average training loss started at 0.4597 
in round 1 and declined to 0.191 by round 20, despite occasional oscillations. The
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Table 3. Round-wise model performance of proposed FL with Ta bTransformer 
(FedTabT ran)

Metric FL with TabTransformer(FedTa bTran) 
Rounds Loss Accuracy 

1 0.45 75.0% 
2 0.425 77.4% 
3 0.391 80.2% 
4 0.363 76.9% 
5 0.339 79.3% 
6 0.315 82.1% 
7 0.297 78.4% 
8 0.279 81.5% 
9 0.262 84.2% 
10 0.246 80.7% 
11 0.225 83.6% 
12 0.214 86.1% 
13 0.202 83.4% 
14 0.195 84.7% 
15 0.192 84.8% 
16 0.190 83.4% 
17 0.190 82.4% 
18 0.196 83.1% 
19 0.193 86.3% 
20 0.191 87.6% 

FedProx aggregation algorithm e!ectively mitigated client heterogeneity, leading 
to balanced updates across all clients. These results demonstrate the efficacy of 
applying self-attentionbased a rchitectures such as TabTransformer within feder-
ated learning frameworks for tabular data.

The efficacy of the proposed work is demonstrated in Table 4 by comparing 
the proposed work with FL and 1D-CNN model. As for the FL 1D-CNN model 
the accuracy is 70.61% and loss is reported as 0.3086 where as t he FedTabTran 
mode have better performance. It gives accuracy of 87.6% and loss as 0.190.

4.5 Discussion 

Figure 3 directly contrasts two federated approaches on four key metrics— 
Accuracy, Precision, Recall, and F1-Score—for our target classification task. 
The left group (“FL with 1D-CNN”) all hover around the low 70 s, which indi-
cates modest performance when using a simple one-dimensional CNN in feder-
ated mode. In contrast, the right group (“FedTabTran”) achieves scores in the
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Table 4. Performance analysis of proposed FL with TabTransformer (FedTabTran) 
and  F  L  with  1D  -CNN

Metric FL with 1D-CNN FL with TabTransformer(FedTa bTran) 
Loss 0.3086 0.190 

Accuracy 70.61% 87.6% 

high 80 s, demonstrating that incorporating the TabTransformer encoder yields 
a substantial uplift o f roughly 15% points across every metric.

Fig. 3. Comparison of FL with 1D-CNN vs. 
FedTabTran on accuracy, p recision, r ecall 
and F 1. 

Fig. 4. Round-wise loss and accuracy 
of FedTabTran over 20 rounds. 

Figure 4 shows round-wise training dynamics of FedTabTran. Here we plot 
loss (left axis, orange) and accuracy (right axis, green) over 20 federated rounds. 
In early rounds (15), loss steadily falls from about 0.45 to 0.30, while accuracy 
climbs from 75% to 80%. Between rounds 612, loss continues a smooth descent 
to 0.20 and accuracy o scillates upward to 85%. Finally, by round 20, loss sta-
bilizes near 0.18 and accuracy peaks a 88%. This progression confirms both 
rapid convergence (loss plateauing mid-training) and steady performance gains
throughout federated learning.

By integrating a TabTransformer encoder into our federated learning pipeline 
(FedTabTran), we’ve unlocked markedly better performance, stability, and 
privacy than a conventional 1D-CNN approach. First, as seen in our accu-
racy/precision/recall/F1 comparison, FedTabTran delivers roughly 15 points 
higher across all metrics, meaning far fewer missed high-risk cases and false 
alarms. Second, the round-wise curves show it converges more quickly—loss 
plateaus near 0.18 by round 20 while accuracy climbs steadily to 88%—whereas 
the CNN baseline wavers and stalls. Third, even under non-IID splits across 
three hospitals, our clients never share raw data—only model updates—yet the 
global model still learns robust cross-site patterns. Finally, because the Tab-
Transformer block natively handles mixed categorical and continuous columns 
with self-attention, FedTabTran is lightweight enough for edge deployment and
generalizes seamlessly to any tabular domain (finance, IoT, churn, etc.), all with-
out compromising privacy.



400 S. Hansda et al.

5 Conclusion 

In this work, we introduced FedTabTran—a federated learning framework that 
integrates a TabTransformer base model to predict cardiovascular disease from 
tabular data using self-attention. Over 20 learning rounds, FedTabTran achieved 
an average accuracy of 87.6% and an average loss of 0.19, outperforming a 
baseline FL approach with a 1D-CNN, which struggled to reduce false posi-
tives. By combining transformer-based feature representation with the FedProx 
aggregation algorithm, our method delivers more reliable true-positive detection 
while preserving patient data priv acy across distributed clients. Looking for-
ward, we plan to extend this federated TabTransformer framework to ECG-based 
heart attack prediction, enabling earlier intervention and treatment by leverag-
ing collaborative, privacy-preserving model training across multiple healthcare
providers.
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