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Abstract

Despite advances in automated stroke classification using deep learning approaches, current methods face significant
challenges in model generalizability across diverse clinical settings, uncertainty quantification, and privacy-preserving
collaborative learning. This paper introduces TransFed-StrokeNet, a novel framework that extends neural architecture
search for stroke classification by incorporating transformer-based multi-modal fusion, uncertainty-aware learning, and
federated optimization strategies. Our approach leverages vision transformers with cross-attention mechanisms to
efficiently integrate information from multiple MRI sequences while maintaining sensitivity to both local and global
imaging features characteristic of different stroke subtypes.

TransFed-StrokeNet introduces a hierarchical architecture search space that explores optimal combinations of
convolutional and transformer blocks, guided by an uncertainty-aware loss function that simultaneously optimizes for
classification performance, calibrated confidence estimates, and model parameter efficiency. The framework employs
a novel federated neural architecture search algorithm that enables collaborative model development across healthcare
institutions without centralizing sensitive patient data, addressing critical privacy concerns in clinical Al deployment.
Our extensive evaluation on a multi-center dataset comprising 7,845 patients from 18 international hospitals
demonstrates that TransFed-StrokeNet achieves 98.3% accuracy in differentiating between hemorrhagic and ischemic
stroke, with significant improvements in both performance and uncertainty calibration over existing methods.
Moreowver, the federated learning strategy maintains comparable performance to centralized training while preserving
patient privacy. The proposed approach demonstrates remarkable robustness to distribution shifts across imaging
protocols, scanner types, and patient demographics, addressing a major barrier to clinical translation of Al-based
diagnostic systems.

The framework's ability to automatically design optimized architectures with reliable uncertainty estimates while
enabling privacy-preserving collaborative learning represents a significant advancement toward clinically viable Al
systems for acute stroke care. By combining state-of-the-art deep learning techniques with practical considerations for
realworld clinical deployment, TransFed-StrokeNet provides a comprehensive solution to the challenges of bringing Al-
based stroke diagnosis into routine clinical practice across diverse healthcare environments.

Keywords: Neural Architecture Search, Stroke Classification, Transformer Networks, Multi-Modal Fusion,
Uncertainty Quantification, Federated Learning, Privacy-Preserving Al

INTRODUCTION

Stroke remains a leading cause of mortality and disability worldwide, with approximately 13.7 million
new cases annually and increasing prevalence in aging populations. Timely and accurate differentiation
between hemorrhagic and ischemic stroke subtypes is critical for appropriate treatment decisions, as
therapeutic interventions beneficial for ischemic stroke (e.g., thrombolysis) can be catastrophic in
hemorrhagic cases. While multi-contrast Magnetic Resonance Imaging (MRI) provides comprehensive
information for stroke assessment through complementary sequences, interpretation remains challenging
due to subtle imaging findings in early-stage pathology and substantial variations in acquisition protocols
across institutions.

Recent advances in deep learning for medical imaging have shown promising results in automated stroke
classification. The NAS-StrokeNet framework demonstrated the potential of neural architecture search
(NAS) for automatically designing optimized network architectures specific to stroke subtype classification
from multi-contrast MRI. However, several critical challenges remain unaddressed in current approaches.
First, conventional convolutional neural networks often struggle to effectively capture long-range
dependencies and contextual relationships in volumetric medical data, which are particularly important
for detecting subtle stroke pathologies. Second, most existing methods provide deterministic predictions
without quantifying uncertainty, limiting their clinical utility in high-stakes diagnostic decisions where
confidence calibration is essential. Third, developing robust Al models typically requires large, diverse
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datasets from multiple institutions, raising significant privacy concerns regarding sensitive patient data
centralization.

Transformer architectures have recently demonstrated remarkable success in computer vision tasks due
to their ability to model longrange dependencies through selfattention mechanisms. Unlike
convolutional networks that process information locally through fixed kernels, transformers dynamically
attend to relevant features across the entire input space, making them particularly suitable for detecting
subtle, distributed patterns characteristic of early-stage strokes. However, the application of transformers
to multi-contrast volumetric medical imaging presents unique challenges, including computational
complexity with high-dimensional inputs and effective integration of complementary information across
modalities.

This paper introduces TransFed-StrokeNet, which addresses these limitations through three key
innovations: (1) a transformer-enhanced neural architecture search framework specifically designed for
multi-modal medical imaging, (2) an uncertainty-aware learning approach that provides calibrated
confidence estimates alongside classifications, and (3) a federated optimization strategy that enables
collaborative model development across institutions without centralizing patient data. By combining
these elements, our framework advances the state-of-the-art in automated stroke classification while
addressing critical barriers to clinical deployment, including model interpretability, reliability, and privacy
preservation.

LITERATURE REVIEW

Zhang et al. proposed FedNAS, a federated learning approach for neural architecture search that preserves
privacy in medical imaging. Their method enables the search for optimal architectures across
decentralized data, which is essential for medical imaging applications where data is often scattered across
different institutions and patient data needs to be kept private.

Chen et al. introduced MedFormer, a transformer-based framework for medical image analysis. This
framework leverages transformers to improve the accuracy and efficiency of medical image analysis tasks,
such as image segmentation, detection, and classification. The use of transformers allows for more
effective modeling of complex relationships between different parts of the image.

Karimi et al. presented a deep ensemble approach for uncertainty estimation in medical image analysis.
Their method combines multiple models to provide more accurate and reliable predictions, which is
critical in medical applications where incorrect predictions can have serious consequences. By estimating
uncertainty, clinicians can better understand the limitations of Al models and make more informed
decisions.

Peng et al. proposed UNETR++, an enhanced transformer-based approach for medical image
segmentation. Their method improves the performance and efficiency of medical image segmentation
tasks by leveraging the strengths of transformers and convolutional neural networks. UNETR++ has the
potential to improve the accuracy and speed of medical image segmentation, which is essential for
applications such as tumor detection and surgical planning.

Rodriguez et al. provided a comprehensive survey on federated neural architecture search for privacy-
preserving medical Al. They discussed the challenges and opportunities of federated learning in medical
imaging, including the need for preserving patient privacy, handling decentralized data, and ensuring the
security of Al models.

Liu et al. discussed the challenges and opportunities of vision transformers for 3D medical imaging. They
highlighted the potential of transformers for improving the accuracy and efficiency of 3D medical image
analysis, such as image segmentation, registration, and reconstruction. However, they also discussed the
challenges of applying transformers to 3D medical imaging, including the need for large amounts of
training data and computational resources.

Anderson et al. reviewed the current state of uncertainty quantification in deep learning for medical
diagnosis. They emphasized the importance of uncertainty estimation for reliable clinical decision-making
and discussed various approaches for estimating uncertainty, including Bayesian neural networks, Monte
Carlo dropout, and ensemble methods.

Yamamoto et al. presented a systematic review on multi-modal fusion strategies for stroke detection using
deep learning. They discussed the benefits and challenges of multi-modal fusion for stroke detection,
including the need for integrating information from multiple imaging modalities, such as MRI, CT, and

PET.

1576



International Journal of Environmental Sciences
ISSN: 2229-7359

Vol. 11 No. 23s, 2025
https://theaspd.com/index.php

Garcia et al. discussed the challenges and opportunities of federated learning in healthcare. They
highlighted the potential of federated learning for preserving patient privacy and improving healthcare
outcomes, while also discussing the challenges of implementing federated learning in practice, including
the need for secure data sharing and model aggregation.

Chen et al. proposed a cross-attention mechanism for multi-contrast MRI analysis in neuroimaging. Their
method improves the accuracy and efficiency of multi-contrast MRI analysis by leveraging the strengths
of cross-attention mechanisms and convolutional neural networks.

Taylor et al. presented an adaptive neural architecture search approach for resource-constrained medical
devices. Their method enables the deployment of efficient and accurate Al models on resource-
constrained devices, which is essential for applications such as point-of-care diagnosis and edge
computing.

Nguyen et al. proposed a calibrated confidence estimation approach for medical Al. Their method
provides more accurate and reliable confidence estimates for clinical decision-making, which is critical in
medical applications where incorrect predictions can have serious consequences.

Park et al. discussed domain adaptation strategies for multi-center medical imaging studies. They
highlighted the importance of domain adaptation for improving the generalizability of Al models across
different institutions, populations, and imaging protocols.

Thompson et al. evaluated the performance and computational efficiency of transformer-based
architectures for volumetric medical image processing. They demonstrated the potential of transformers
for improving the accuracy and efficiency of volumetric medical image processing, such as image
segmentation and registration.

Williams et al. proposed a federated multi-task learning approach for distributed medical Al applications.
Their method enables the simultaneous learning of multiple tasks across decentralized data, which is
essential for applications such as disease diagnosis and treatment planning.

Patel et al. presented a Monte Carlo method for uncertainty estimation in clinical decision support
systems. Their method provides a robust and reliable approach for estimating uncertainty in clinical
decision-making, which is critical in medical applications where incorrect predictions can have serious
consequences.

Kim et al. discussed privacy-preserving collaborative learning techniques for medical imaging. They
highlighted the importance of preserving patient privacy in medical imaging, while also enabling the
sharing of knowledge and models across different institutions.

Singh et al. presented a comprehensive survey on attention mechanisms in medical image analysis. They
discussed the benefits and challenges of attention mechanisms for medical image analysis, including the
need for accurate and efficient modeling of complex relationships between different parts of the image.
Morrison et al. proposed a gradient compression technique for efficient federated learning in healthcare
networks. Their method reduces the communication overhead of federated learning, which is essential
for applications such as distributed disease diagnosis and treatment planning.

Jackson et al. presented a multi-center validation study on Al models for stroke classification. They
demonstrated the potential of Al models for improving stroke diagnosis, while also highlighting the
challenges of generalizing Al models across different institutions and populations.

Chen et al. proposed a hierarchical architecture search approach for medical image classification. Their
method balances performance and interpretability in medical image classification, which is essential for
applications such as disease diagnosis and treatment planning.

Zhang et al. presented a secure aggregation protocol for federated medical Al. Their method ensures the
security and privacy of patient data, while also enabling the sharing of knowledge and models across
different institutions.

Roberts et al. proposed a deep learning approach for early stroke detection using multi-sequence MRI.
Their method demonstrates the potential of Al for improving stroke diagnosis, while also highlighting
the challenges of generalizing Al models across different institutions and populations.

Li et al. presented a personalized federated learning approach for heterogeneous medical data
distributions. Their method enables the learning of personalized Al models across decentralized data,
which is essential for applications such as disease diagnosis and treatment planning.

Polamuri et al. (2025) examined stroke detection using brain MRI scans by applying deep learning-based
architectures. Their work demonstrated that convolutional models could automatically recognize stroke
patterns with higher sensitivity and specificity compared to traditional radiological interpretation. The
study emphasized the clinical relevance of early diagnosis in reducing treatment delays and improving
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survival rates. Furthermore, the authors compared different models to assess robustness across diverse
imaging conditions, highlighting the role of Al systems as supportive tools for radiologists.

Galety et al. (2025) investigated data privacy and security in Healthcare 6.0 by integrating Blockchain
technology with Al-based infrastructures. Their framework ensured decentralized control, transparency,
and immutability of medical records, thereby addressing concerns regarding cyber threats and
unauthorized access. The proposed model not only enhanced trust in Al-driven diagnostics but also
demonstrated scalability for large healthcare systems, positioning it as a potential backbone for future
intelligent hospitals.

Raju et al. (2025) introduced Medivision, a diagnostic platform for colorectal cancer detection and tumor
localization. Their system combined supervised learning classifiers with Grad-CAM visualization to
provide both accuracy and interpretability in colonoscopy image analysis. By offering visual feedback on
regions of diagnostic focus, the model bridged the gap between computational efficiency and clinical
trust. The experimental results confirmed high detection accuracy while reducing false positives,
underscoring its value for preventive healthcare.

Srinivas et al. (2024) proposed a hybrid deep learning framework combining Inception V3 and VGG16
models for COVID-19 detection using chest X-ray images. Their method leveraged the feature extraction
capabilities of Inception V3 with the classification strengths of VG(G16, achieving superior performance
compared to standalone models. The study emphasized the importance of low-cost, scalable diagnostic
solutions, particularly in resource-constrained healthcare environments.

Devi et al. (2024) explored machine learning approaches for radar image recognition using supervised
training with virtual high-resolution data. By generating synthetic datasets, they addressed the challenge
of limited labeled samples in radar imaging. Their results demonstrated robust recognition performance
across various scenarios, validating the role of synthetic data in enhancing generalization. The study has
implications for applications in defense, surveillance, and remote sensing.

Kamidi et al. (2024) examined the transformative role of multimedia in the information revolution,
discussing its applications in healthcare, education, and communication. They emphasized how
multimedia, when combined with Al-driven tools, enriches information dissemination and enhances user
engagement. The paper also highlighted potential challenges, including information overload and digital
inequality, framing multimedia as both a technical enabler and a social catalyst.

Madhu Kumar et al. (2024) proposed an image quality enhancement technique using Deep Residual
Neural Networks (DRNN). Their approach effectively restored details in degraded images and
outperformed conventional models in terms of convergence and artifact minimization. The method
demonstrated applicability across domains such as medical imaging and surveillance, highlighting the
versatility of DRNN-based enhancement techniques.

Proposed Model

The TransFed-StrokeNet framework consists of four interconnected components: (1) a transformer-
enhanced architecture search space, (2) an uncertainty-aware neural architecture search algorithm, (3) a
federated optimization strategy, and (4) an adaptive resource allocation mechanism.
Transformer-Enhanced Architecture Search Space

The search space is designed to explore optimal combinations of convolutional and transformer
operations for multi-contrast MRI analysis, structured as a hierarchical directed acyclic graph (DAG). At
the macro level, the network comprises a sequence of stages with progressively reduced spatial dimensions
and increased channel capacity. Within each stage, the architecture search determines the optimal
arrangement of computational blocks and connections.

Each block in the search space can be one of the following operation types:

1. Standard 3D Convolutional Block: Includes combinations of 3D convolutions, batch normalization,
and activation functions.

2. Depthwise Separable 3D Convolution Block: Factorizes standard convolutions into depthwise and
pointwise operations for parameter efficiency.

3. Vision Transformer Block (ViT): Self-attention mechanisms operating on patch embeddings of
volumetric data.

4. Convolutional Vision Transformer Block (CvT): Hybrid blocks that combine convolutional
embeddings with transformer operations.

5. Multi-Modal Cross-Attention Block: Specialized transformer blocks that enable cross-attention
between features from different MRI sequences.

For multi-contrast integration, the search space explores three fusion strategies:
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1. Early Fusion: Concatenation of different MRI sequences at the input level.

2. Late Fusion: Independent processing followed by feature combination at the classification head.

3. Hierarchical Fusion: Progressive integration of multi-contrast information at multiple network depths
using cross-attention mechanisms.

Formally, the search space can be represented as:

S = {(«,B,v,8)| €A, BeB, yeG, 5eD}

2.2 Uncertainty-Aware Neural Architecture Search
We formulate the architecture search as a multi-objective optimization problem that simultaneously
considers classification performance, uncertainty calibration, and computational efficiency. The search
process employs a differentiable approach inspired by DARTS but enhanced with uncertainty-aware
objectives:
MingeaLya) (W* (O(), O()
s.t.w*(a) = argminy, Lipqin (W, o)

The composite loss function integrates classification accuracy, uncertainty calibration, and resource
efficiency:

Lval = LCE + Al' LECE + )\2. LBrier + )\3. R(FLOPS) + )\4. R(Params)
To model uncertainty, we employ Monte Carlo dropout during both training and inference,
approximating Bayesian inference by sampling multiple forward passes with stochastically deactivated
neurons. This approach enables the model to provide both a prediction and an associated uncertainty
estimate, enhancing clinical decision support.
The architecture search algorithm with uncertainty awareness is formalized in Algorithm 1:
Algorithm 1: Uncertainty-Aware Neural Architecture Search

Input: Search space S, training dataset D_train, validation dataset D_val
Output: Optimal architecture a*

1: Initialize architectural parameters a randomly
2: for epoch = 1 to N_search do
// Update network weights
for mini_batch b in D_train do
Sample dropout masks M ={m_1, m_2, ..., m_K}
Compute average loss with MC dropout:
L train(w, a, b) = (1/K) * Z(L_CE(w, o, b, m_k) fork = 1 to K)
Update weights w using V_w L_train(w, a, b)
end for

LN ER

10:  // Update architectural parameters

11:  for mini_batch b in D_val do

12: Sample dropout masks M ={m_1, m_2, ..., m_K}

13: Compute composite validation loss:

14: L vallw,a,b)=L_CE+A_1*L_ECE +A_2 * L_Brier + A_3 * R(FLOPS) + A_4 * R(Params)
15: Update o using V_o L_val(w, a, b)

16:  end for

17:  // Progressive pruning of search space
18: if epoch % prune_interval == 0 then

19: Calculate importance scores for each operation
20: Prune operations with lowest importance scores
21:  endif

22: end for

23: Derive final architecture o* from pruned search space
24: return o*
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2.3 Federated Neural Architecture Search

To enable collaborative model development across institutions without centralizing sensitive patient data,
we introduce a federated learning approach to neural architecture search. The framework distributes the
architecture search process across multiple clients (hospitals), coordinated by a central server that
aggregates model updates without accessing raw patient data.

The federated NAS process operates in alternating phases of local architecture search and global
aggregation:

1. Local Architecture Search: Each client performs differentiable architecture search on its local dataset,
updating both weights and architectural parameters.

2. Architecture Aggregation: The central server collects and aggregates architectural parameters from all
participating clients.

3. Weight Optimization: Clients update network weights based on the aggregated architecture,
maintaining local privacy.

To address heterogeneity across clients, we employ a personalization strategy that allows client-specific
adaptations of the global architecture. This is formalized in Algorithm 2:

Algorithm 2: Federated Neural Architecture Search

Input: Clients C ={C_1, C_2, ..., C_N}, search space S
Output: Global architecture a_global and client-specific architectures {a_1, a_2, ..., a_N}

1: Initialize global architectural parameters a_global randomly
2: for communication_round = 1 to R do
// Distribute global architecture
for clienti=1to N do
Initialize client architecture: a_i «— a_global
end for

ISANN A ol o

7: // Local architecture search
8: for clienti=1to N in parallel do

9: Initialize weights w_i

10: for local_epoch = 1 to E do

11: Update weights w_i using local dataset D_i

12: Update architecture a_i using uncertainty-aware objectives
13: end for

14: Calculate architecture delta: Aa_i = a_i - a_global

15:  end for

16:  // Secure aggregation of architecture updates
17:  Aa_global = SecureAggregate({Aa_i} for i = 1 to N)
18:  a_global < a_global +n * Aa_global

19:  // Clientspecific personalization
20:  forclienti=1to N in parallel do
21: o_i=a_global +p * Aa_i

22:  end for

23: end for

24: return a_global and {a_1, a_2, ..., a_N}

The SecureAggregate function implements secure multi-party computation to ensure that individual
updates remain confidential during aggregation. The hyperparameter 1 controls the learning rate for
global architecture updates, while p determines the degree of personalization allowed for each client.
2.4 Adaptive Resource Allocation

To optimize model deployment across diverse clinical settings with varying computational resources, we
implement an adaptive resource allocation mechanism that generates a family of models with different
efficiency-performance trade-offs. Unlike conventional uniform scaling approaches, our method
adaptively allocates computational resources based on component importance:
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19Lval

importance (¢;) = m.
1

params(c;)

Based on these importance scores, we apply differential scaling factors to network components:
importance (ci))Y

scale (c;) = base ( _
(e scale’\ 3vg_ importance

This approach results in a family of models (TransFed-StrokeNet-Tiny, Small, Medium, Large, and
XLarge) with varying computational requirements optimized for different deployment scenarios.

2.5 Implementation Details

The input to TransFed-StrokeNet consists of registered multi-contrast MRI volumes, including T1, T2,
FLAIR, DWI, ADC, and SWI sequences. Each sequence undergoes preprocessing including intensity
normalization, skull stripping, and resampling to a common spatial resolution of Imm?3. To manage
memory constraints with volumetric data, we employ a patch-based approach during training, with a patch
size of 64x64x64 voxels.

For transformer operations, we use a patch embedding size of 4x4x4 voxels, resulting in sequence lengths
manageable for attention computation. The vision transformer blocks employ multi-head attention with
8 heads and embedding dimension of 256. Dropout rates for uncertainty estimation are set at 0.2 during
both training and inference.

The federated learning implementation utilizes secure aggregation protocols based on homomorphic
encryption to ensure privacy during model updates. Communication efficiency is improved through
gradient compression techniques that reduce bandwidth requirements by up to 95% with minimal impact
on model performance.

Training is conducted using a two-stage approach: first, the optimal architecture is discovered through
federated neural architecture search; then, the final model is trained end-to-end with the discovered
architecture. We employ the AdamW optimizer with a learning rate of 0.001, cosine decay schedule, and
weight decay of 0.05. Training is performed on NVIDIA A100 GPUs with 40GB memory, with

distributed training across multiple nodes for the larger model variants.

3. RESULTS AND COMPARISON

We evaluate TransFed-StrokeNet on a large multi-center dataset comprising 7,845 patients from 18
hospitals across North America, Europe, Asia, and Australia. The dataset includes cases with confirmed
acute ischemic stroke (n=4,512), hemorrhagic stroke (n=1,873), and stroke mimics (n=1,460). All cases
include at least four MRI sequences, with varying availability of additional sequences across sites.

3.1 Classification Performance

Table 1 presents a comprehensive comparison of TransFed-StrokeNet variants against state-of-the-art
methods for stroke subtype classification, including both conventional deep learning approaches and
recent specialized architectures.

Table 1: Performance Comparison for Stroke Subtype Classification

Accuracy ||Sensitivity ||Specificity F1 Parameters |[FLOPs |[Inference

Model ©) %) (%) AUROCIS e (M) (G)  |Time (ms)
ResNer3D-101 ]92.5  [90.8 93.4 0,958 J0.912][85.2 l196.4 753 |
?;fseNe@D‘ 93.1 91.5 94.2 0963  (0.920][7.0 152 ||58.7

Egﬁde“metm' 935  [o2.1 946  [0.968 |0.927]5.3 128|452

[UNETR 947 032 958 o972  J0.941]96.2 2157 |89.6 |
MedFormer 952 [93.8 963 0.978  |0.946]l45.3 1248 65.3 |
INASStrokeNet-S|94.3  [92.8 95.5 0.969  ]0.933]l5.8 124|382 |
INASStrokeNeeL]96.5  [|95.7 972 Jlo.982  J0.961]23.7 |52.9 |62.4 |
Eﬁ‘S’StrOkeNet’ 972 968 97.5 0.986 |(0.969(42.1 94.8 |78.5
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Accuracy ||Sensitivity ||Specificity F1 Parameters [|[FLOPs |[Inference
Model (%) (%) (%) AUROCYS ore V) G)  |Time (ms)
TransFed-
StrokeNetTiny 95.8 94.5 96.7 0.975 0.952 4.2 9.7 32.6
TransFed-
StrokeNetSmall 97.0 96.1 97.6 0.984 0.967|18.9 19.3  [|45.8
TransFed-
StrokeNet- 97.5 96.9 98.0 0.988 0.9731|16.5 354 |[58.2
Medium
TransFed- 98.1 97.6 98.5 0.991 [(0.979(28.3 63.8 ||72.1
StrokeNet-Large
TransFed-
StrokeNet- 98.3 97.9 98.7 0.993 0.982(46.7 102.6 [|85.4
XLarge

All variants of TransFed-StrokeNet outperform existing methods across all performance metrics. Notably,
TransFed-StrokeNet-Small achieves higher accuracy than NAS-StrokeNet-XL with only 21% of the
parameters and 20% of the computational requirements, demonstrating the effectiveness of the
transformer-enhanced architecture. TransFed-StrokeNet-XLarge achieves state-of-the-art performance
with 98.3% accuracy, representing a 1.1% absolute improvement over the previous best method.

3.2 Uncertainty Quantification Performance

Table 2 evaluates the quality of uncertainty estimates provided by different approaches, using Expected
Calibration Error (ECE), Maximum Calibration Error MCE), and Brier Score as metrics.

Table 2: Uncertainty Quantification Performance

Model |IECE (1)|MCE (})|[Brier Score (})]]AUROC for OOD Detection (1)
[Deterministic CNN (Sofrmax) [0.089 ]0.163  ]0.125 0.782 |
IMC-Dropout (ResNet3D)  ]0.052 [0.117  ]0.092 0.853 |
‘Deep Ensembles (5 models) H0.043 H0.098 H0.084 HO.875 ‘
|Evidential Networks 0.038 [l0.085 |l0.078 [0.891 |
INAS-StrokeNet + MC-Dropout]|0.035 [0.079  |0.072 0.902 |
TransFed-StrokeNetMedium ](0.023 [0.056 [0.061 0.937 |
TransFed-StrokeNetLarge  ]00.019 [l0.048 0.057 0.945 ]

CHART TITLE

W ECE (V) MCE ({) Brier Score (/) AUROC for OOD Detection (") "
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TransFed-StrokeNet demonstrates superior uncertainty calibration compared to alternative approaches,
with significantly lower calibration errors and Brier scores. The framework also exhibits excellent
performance in out-of-distribution (OOD) detection, which is crucial for identifying cases that deviate
from the training distribution and may require additional expert review. Figure 2 illustrates reliability
diagrams comparing the calibration of different models.

3.3 Performance on Challenging Cases

Table 3 presents detailed performance metrics for challenging clinical scenarios that are particularly
important for real-world utility.

Table 3: Performance on Challenging Cases

Early-Stage Small  Lesion||Atypical Motion ..
Model Stroke  (<3h)[|(<5mL) Location Artifact b roke M;(f/“)‘c
Accuracy (%) Accuracy (%) Accuracy (%) ||Accuracy (%) ceuracy 1o
[ResNet3D-101 |[85.3 [83.2 180.7 178.5 84.9 |
MedFormer  ][89.8 187.9 185.6 182.3 8.7 |
ISAS‘S“OkeNet’ 93.2 91.4 90.1 85.7 91.8
TransFed-
StrokeNet- 94.5 92.8 91.5 88.3 93.2
Medium
TransFed-
StrokeNet-Large 95.8 94.1 93.2 90.6 94.5
CHALLENGING CASES
i Stroke Mimic Accuracy (%) Motion Artifact Accuracy (%)
Atypical Location Accuracy (%) m Small Lesion (<5mL) Accuracy (%)
1 Early-Stage Stroke (<3h) Accuracy (%)
TransFed-StrokeNet-Large
TransFed-StrokeNet-Medium
NAS-StrokeNet-L
MedFormer
ResNet3D-101
0 20 40 60 80 100 120

The results demonstrate that TransFed-StrokeNet maintains significantly higher accuracy in challenging
clinical scenarios compared to baseline methods. The performance advantage is particularly pronounced
for early-stage strokes and cases with motion artifacts, where the transformer's ability to attend to subtle,
distributed patterns proves especially valuable.

3.4 Federated Learning Performance

Table 4 compares the performance of TransFed-StrokeNet under different training paradigms: centralized
training (with all data in one location), standard federated learning, and our proposed federated neural
architecture search approach.

Table 4: Federated Learning Performance

Overall |[|Client 1||Client 2||Client 3|/Client 4||Client 5
Accuracy ||Accuracy ||Accuracy ||Accuracy ||Accuracy ||Accuracy
(%) (%) (%) (%) (%) (%)

Centralized  [98.1  [o75  J983  [9o7.9  los4 982  |Nn/A |

Training
Paradigm

Communication

Cost (GB)
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Trainin Overall |[|Client 1||Client 2||Client 3||Client 4|/Client 5 Communication
Pralrclll, g Accuracy ||Accuracy ||Accuracy ||Accuracy ||Accuracy ||Accuracy Co ¢ GuB)lca 10
aradiem (%) (%) (%) (%) (%) (%) o

Standard

Federated 97.2 95.8 97.6 96.3 97.9 97.4 28.5

(FedAvg)

[FedProx 975 962 Jozs 967 fos1 76 285 |

SCAFFOLD o766  [o65  J9o79  oeo 980 977 |42.8 |
TransFed-

StrokeNet (w/0|[97.7 96.7 98.0 97.2 98.1 97.8 14.3
personalization)

TransFed-

StrokeNet (with|97.9 97.2 98.2 97.6 98.3 98.0 15.7
personalization)

The results demonstrate that TransFed-StrokeNet achieves performance comparable to centralized
training while preserving data privacy. The personalization strategy further improves performance by
allowing client-specific adaptations that address local data distribution characteristics. Importantly, our
approach reduces communication costs by approximately 50% compared to standard federated learning
methods, making it more practical for realworld deployment across bandwidth-constrained clinical
networks.

3.5 Generalization Across Institutions

To evaluate robustness to distribution shifts, we conducted additional experiments on data from five new
institutions not included in the training process. Table 5 presents these results.

Table 5: Generalization to New Institutions

Model Institution Al glst;tution Institution Cl|Institution D|[Institution E ﬁverage
ode Accuracy (%) (%) ceuracy Accuracy (%)||Accuracy (%)||Accuracy (%) (0/: )c uracy

[ResNet3D-101  [[87.2 I86.5 185.9 186.3 I85.7 186.3

MedFormer  [90.5 189.8 |188.9 189.5 I88.3 189.4

INAS-StrokeNet-L [92.7 92.1 lo1.5 92.0 90.8 91.8

TransFed-

StrokeNet- 94.6 93.9 93.2 94.1 92.8 93.7

Medium

TransFed-

StrokeNet-

Medium +(195.8 95.2 94.7 95.3 94.2 95.0

Domain

Adaptation
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GENERALIZATION TO NEW
INSTITUTIONS

B |nstitution A Accuracy (%) ® Institution B Accuracy (%) & Institution C Accuracy (%)

Institution D Accuracy (%) ® Institution E Accuracy (%) ® Average Accuracy (%)

TransFed-StrokeNet demonstrates superior generalization to new institutions compared to baseline
methods, with an average accuracy improvement of 1.9% over NAS-StrokeNet. The incorporation of
domain adaptation techniques further enhances performance, suggesting a promising approach for
addressing domain shift challenges in clinical deployment.

3.6 Ablation Studies

Table 6 presents a comprehensive ablation study to evaluate the contribution of individual components
of the TransFed-StrokeNet framework.

Table 6: Ablation Study Results

|C0nfiguration HAccuracy (%)HECE (l)HAUROCHParameters (M)HFLOPS (G)‘
TransFed-StrokeNetMedium (full)  [|97.5 0.023 |0.988 165 35.4 |
[w/0 Transformer Blocks 96.3 0.036 ]0.9s0 |[15.8 33.9 |
w/0 Cross-Attention 196.8 0.029 |0.983 [l16.2 34.8 |
|W/o Uncertainty-Aware Loss H97.2 H0.042 HO.986 H16.5 H35.4 ‘
w/0 Federated NAS 97.0 0.027 Jlo.984 ||16.5 [35.4 |
lw/o0 Personalization 97.3 0.025 ]l0.987 ||16.5 35.4 |
|W/o Adaptive Resource Allocation H97.4 H0.0Z3 HO.988 H18.3 H39.7 ‘
|Single-Contrast (DW1 only) [90.1 0.035 ]0.954 |15.2 32.8 |
[Two-Contrast (DWI + SWI) 93.5 0.031 Jj0.968 |[15.7 33.9 |
[Four-Contrast (T1, T2, FLAIR, DW1)|[96.7 0.026 |0.983 [16.2 349 |

ABLATION STUDY RESULTS
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The ablation studies yield several important insights. First, transformer blocks contribute significantly to
model performance, with a 1.2% decrease in accuracy when removed. Second, cross-attention
mechanisms for multimodal fusion provide a 0.7% improvement, highlighting the importance of
effective integration of complementary information across MRI sequences. Third, the uncertainty-aware
loss function improves calibration without sacrificing accuracy. Fourth, both the federated NAS approach
and personalization strategy contribute to performance improvements. Finally, adaptive resource
allocation enables more efficient models without compromising accuracy.

4. CONCLUSION

This paper presented TransFed-StrokeNet, a novel framework for stroke subtype classification that
advances the state-of-the-aart through transformer-enhanced neural architecture search, uncertainty
quantification, and federated learning. Our comprehensive evaluation demonstrates significant
improvements in classification performance, uncertainty calibration, and generalization across diverse
clinical settings, addressing key challenges in bringing Al-based stroke diagnosis into routine clinical
practice.

The transformer-enhanced architecture search space enables effective modeling of longrange
dependencies and contextual relationships in volumetric medical data, which is particularly valuable for
detecting subtle, distributed patterns characteristic of early-stage strokes. The uncertainty-aware learning
approach provides reliable confidence estimates alongside classifications, enhancing clinical decision
support by identifying cases that may require additional expert review. The federated optimization strategy
enables collaborative model development across institutions without centralizing sensitive patient data,
addressing critical privacy concerns while maintaining high performance.

Future work will focus on extending the framework to more fine-grained stroke classification,
incorporating temporal dynamics through sequential MRI acquisitions, and exploring the integration of
additional imaging modalities such as computed tomography (CT) and perfusion imaging. Prospective
clinical validation studies are also planned to evaluate the impact of TransFed-StrokeNet on clinical
decision-making and patient outcomes across diverse healthcare environments.
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