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 A B S T R A C T

Accurate and timely stroke detection remains a major clinical challenge due to the heterogeneous and 
multimodal nature of patient data. Most existing deep learning approaches rely solely on either imaging or 
structured clinical records, which limits their robustness and generalizability in real-world settings. This study 
introduces two multimodal architectures, HeteroFuseNet and HeteroMetaNet, designed to integrate non-
contrast CT brain images with structured electronic health record (EHR) variables within a unified framework, 
referred to as HeteroStroke. HeteroFuseNet employs a PCA-enhanced mid-level fusion strategy to learn joint 
representations of deep visual features extracted using ResNet-50, EfficientNet-B0, and Swin Transformer, 
combined with structured clinical embeddings. In contrast, HeteroMetaNet adopts a lightweight meta-learning 
approach that adaptively integrates modality-specific predictions from these vision models alongside clinical 
features to achieve robust, context-aware stroke classification. Experimental results demonstrate that both 
proposed models outperform image-only baselines, particularly in clinically heterogeneous cases, highlighting 
the effectiveness of multimodal fusion in enhancing diagnostic reliability. This work underscores the potential 
of cross-modal learning to support precision medicine in stroke care. Future work will extend the framework 
toward differentiating ischemic and hemorrhagic stroke subtypes for improved clinical decision support.
1. Introduction

The healthcare sector has witnessed a transformative progress with 
the integration of artificial intelligence (AI), particularly machine learn-
ing (ML) and deep learning (DL) techniques [1,2]. These technolo-
gies have significantly advanced medical image processing, enabling 
more accurate, efficient, and automated diagnoses across a wide spec-
trum of diseases. ML and DL models have demonstrated outstand-
ing performance in detecting and classifying abnormalities in medi-
cal imaging modalities such as X-rays, Computed Tomography (CT) 
scans, and Magnetic Resonance Imaging (MRI) [3–6]. By leveraging 
large-scale data and advanced computational models, AI enhances 
diagnostic precision, reduces human error, and accelerates clinical 
decision-making—ultimately improving patient outcomes.
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Among the critical areas where AI holds great promise is the diag-
nosis and prediction of stroke—a life-threatening medical emergency 
that occurs when blood flow to the brain is interrupted. There are two 
major types of stroke: ischemic stroke, caused by a blockage or clot in 
a blood vessel supplying the brain, and hemorrhagic stroke [7], caused 
by bleeding within or around the brain tissue [8]. Stroke represents one 
of the leading causes of death and long-term disability globally, posing 
a significant burden on individuals, healthcare systems, and national 
economies [9].

According to the World Health Organization, stroke affects 1 in 
4 individuals over the age of 25 worldwide, accounting for over 12 
million new cases and approximately 6.5 million deaths annually [9]. 
Although the risk increases with age, stroke is not limited to the 
elderly—over 60% of stroke cases occur in individuals under 70, and 
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16% affect those younger than 50. In Egypt specifically, stroke ranks 
as the third leading cause of death—after ischemic heart disease and 
COVID-19—with mortality rates reaching 61.2 per 100,000 females and 
60 per 100,000 males [9]. Survivors often have severe, long-lasting 
problems with their ability to move, speak, think, and feel emotionally 
healthy.

Early diagnosis is crucial for better outcomes for stroke patients and 
require early interventions, such as thrombolysis. However, traditional 
diagnostic approaches rely heavily on expert interpretation of neu-
roimaging, particularly CT scans, which may be subject to variability 
and delays. The increasing burden of stroke, mostly in countries with 
low and middle income, highlights the urgent need for automated and 
scalable diagnostic tools.

Recent advances in AI, particularly convolutional neural networks 
(CNNs) and transfer learning (TL), offer promising solutions by au-
tomating stroke detection from CT images.

However, most existing studies in stroke diagnosis adopt unimodal 
approaches, focusing either on image-based models or isolated tabular 
data (e.g. patient’s metadata), failing to fully utilize the complementary 
strengths of multimodal data fusion. Furthermore, limited work has 
been done on evaluating both model-level fusion and late-level fusion 
through meta-learning strategies in a unified framework for clinically 
heterogeneous stroke populations. There is a need for comprehen-
sive models that can generalize across varied clinical profiles while 
maintaining high precision and robustness.

This study aims to investigate whether multimodal deep learning 
architectures that integrate CT brain images with Electronic Health 
Records (EHR) of patient’s metadata. Therefore, it can significantly 
enhance stroke prediction accuracy compared to traditional image-only 
models.

To tackle the challenges outlined above, two novel multimodal 
deep learning architectures are proposed: HeteroFuseNet, a model-level 
fusion model that combines feature vectors from CT images and struc-
tured clinical data to learn joint representations and improve stroke 
prediction performance, and HeteroMetaNet, a late-level meta-learning 
model meta-learning framework that utilizes predictions from base-line 
models and metadata embeddings to enable late-level or decision-level 
fusion for robust prediction.

This study’s principal innovation is the amalgamation of diverse 
clinical and radiological data via a cohesive multimodal framework that 
incorporates both feature-level fusion and meta-level decision integra-
tion. Previous studies have examined multimodal learning for medical 
diagnosis; however, the proposed method presents two complemen-
tary architectures: HeteroFuseNet, which executes structured feature-
level fusion of imaging and clinical variables, and HeteroMetaNet, 
which employs a meta-learning-based decision integration strategy to 
amalgamate predictions from modality-specific models. This dual-level 
approach enables the framework to capture both shared representa-
tions across modalities and complementary predictive signals, hence 
enhancing robustness in real-world clinical datasets.

The structure of this manuscript is organized as follows: Section 2 
reviews the related work in the field. Section 3 outlines the dataset 
used for the study, while Section 4 details the methodology employed in 
the research. Section 5 presents the experimental setups, and Section 6 
discusses the results and findings. Section 7 explores the implications 
of the study and provides a detailed discussion. Finally, Section 8 
concludes the paper and suggests directions for future research.

2. Related work

Recent advancements in stroke detection leverage diverse data 
modalities, including neuroimaging, electronic health records (EHRs), 
and vision-based biomarkers. Automated lesion segmentation using 
MRI remains critical for diagnosis, while EHR-driven approaches ex-
tract quantitative stroke scales from unstructured text [10–12]. Recent 
vision-based approaches utilize retinal fundus images and neurological 
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examination videos to provide non-invasive tools for stroke screen-
ing [13]. Despite their potential to integrate complementary data 
streams, multimodal frameworks remain underexplored. This gap is 
directly addressed through the development of a meta-learning archi-
tecture designed to leverage both imaging and electronic health records 
for improved stroke prediction.

This section thoroughly examines the methodologies employed in 
the field of stroke detection, focusing on deep learning for brain lesion 
detection [14–19], electronic health record (EHR) approaches [3,20–
22], vision-based approaches [23–25], and multimodal approaches 
integrating medical imaging and clinical records [17,26,27].

2.1. Brain lesion and stroke detection

Deep learning (DL) techniques have made significant improvements 
in stroke detection, particularly in analyzing CT brain images for is-
chemic stroke lesions. Various methods using CNN, ResNet, and other 
architectures have been applied for automated stroke detection. Issaiy 
et al. demonstrated that CNNs achieved a solid performance predicting 
hemorrhagic stroke transformation [14]. Fontanella et al. developed 
a CNN-based model trained on more than 3000 CT scans to classify 
ischemic lesions, although challenges such as data set variability and 
missing annotations remain [15]. In contrast, Swin Transformer models 
have shown a significant improvement in performance over traditional 
CNNs for tumor classification, achieving up to 97% accuracy, and have 
been explored for stroke detection in medical images as well [16]. 
The ATLAS v2.0 dataset provides manually segmented stroke lesions to 
benchmark algorithmic performance. While its training and hidden test 
sets enable unbiased evaluation, current models achieve limited accu-
racy (AUC < 0.7) due to heterogeneous lesion topography and intensity 
variations in chronic stroke cases. Traditional U-Net architectures strug-
gle with subcortical lesions smaller than 10 mm3, highlighting the 
need for spatial attention mechanisms [17]. A methodology released 
by Zhang [18], combines 3D convolutional networks with radiomics 
to distinguish between stroke-related lesions and gliomas using multi-
parametric MRI scans. The model, utilizing a sample of 480 patients, 
demonstrates 89% specificity but shows a reduced sensitivity (72%) 
in hyperacute stroke (less than 6 h after onset), where diffusion-
weighted imaging (DWI) patterns intersect with tumor margins. A 
NeuroImage study [19] introduces a time-resolved perfusion MRI algo-
rithm to detect ischemic penumbra in anterior circulation strokes. The 
method quantifies time-to-peak (TTP) delays using a physics-informed 
deep learning framework trained on 650 DSC-MRI sequences. Although 
achieving 94% accuracy with the MR-PET fusion (gold standard), It 
uses gadolinium contrast, which makes it less suitable for patients with 
kidney problems [19].

Current neuroimaging approaches rely on single-modality data and 
lack adaptive meta-learning to handle heterogeneous lesion presenta-
tions. Our model integrates CT imaging features with clinical metadata 
through cross-modal attention to improve diagnostic robustness.

2.2. Electronic health record approaches

EHR data has been integrated with imaging data for stroke predic-
tion, although its standalone efficacy remains limited. Majeed et al. [3], 
reviewed multiple ML techniques used in stroke detection, noting that 
clinical records such as age, glucose levels, and blood pressure could 
help, but they often require image data for accurate predictions. Simi-
larly, Hassan et al. [20], explored machine learning approaches using 
EHR data to predict stroke risk factors, identifying key clinical markers 
but acknowledging the inability to capture the full complexity of stroke 
prediction without imaging data. Many EHR-based methods rely on 
structured data, but the unstructured nature of clinical notes often 
limits the model’s ability to fully exploit the richness of the available 
data. Moreover, while combining clinical features with medical imag-
ing has been shown to improve stroke detection, issues such as data 
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quality, consistency, and missing values pose significant challenges for 
clinical adoption [20]. Thus, methods integrating EHR and imaging 
data remain a promising area of research, despite the limitations in 
dataset quality and integration complexity. A new study created a 
bidirectional LSTM model by Chen et al. [21], to extract National 
Institutes of Health Stroke Scale (NIHSS) scores from free-text EHR 
notes in MIMIC-III. The pipeline achieved an F1-score of 0.91 for 
identifying stroke-related items but struggled with negated phrases like 
‘‘no gaze preference’’ and failed to fully document cerebellar symptoms 
in 14% of cases. Similarly, Kumar et al. [22], explored stroke prediction 
using EHR data and achieved AUCs of 0.82 in well-documented patient 
groups, but this dropped to 0.67 when essential data such as smoking 
or BMI was missing.

2.3. Vision based approaches

Recent studies in stroke detection have focused heavily on vision-
based models, particularly Convolutional Neural Networks (CNNs) and 
Vision Transformers (ViTs). The work by Ou et al. [23], introduced 
a Transformer-based model for early stroke identification using multi-
modal human speech and movement data. The model achieved an AUC 
of 88.2% and an accuracy of 82.6%, though the small dataset size and 
computational complexity limited the generalizability of the model. 
The Swin Transformer, known for its patch-splitting mechanism, has 
demonstrated outstanding performance in tasks such as tumor classifi-
cation, achieving up to 99% accuracy, and has been successfully applied 
in stroke detection by Martin et al. [24]. Swin Transformer models have 
also been integrated with other deep learning techniques to improve 
stroke detection, with significant gains in classification accuracy and 
efficiency. However, small sample sizes and high computational de-
mands make it difficult to use these methods widely in clinical settings. 
Furthermore, Fan et al. used models using audio and visual data, such 
as those based on the FAST criteria for stroke recognition, have shown 
promise but require further testing and validation across diverse patient 
populations to confirm their effectiveness. The FAST criteria — Face 
drooping, Arm weakness, Speech difficulty, and Time to call emergency 
services — serve as a rapid screening tool to identify potential stroke 
symptoms [25].

2.4. Multimodal approaches in healthcare for brain images

Multimodal data fusion approaches, which integrate imaging data 
with clinical records, are increasingly being explored for improved 
stroke detection accuracy. Luo et al. reviewed various multimodal 
fusion techniques, discussing the use of MRI, DTI, and EEG data to 
enhance stroke prediction [26]. However, such methods often face 
significant challenges related to data alignment, registration, and the 
computational complexity of integrating diverse modalities. The study 
emphasized the importance of data quality and the need for high-
quality multimodal datasets to improve diagnostic accuracy and treat-
ment planning. Zhang et al. [27], presented a comprehensive overview 
of multimodal fusion in neuroimaging, highlighting both the advan-
tages and obstacles of integrating multiple imaging modalities. In 2024, 
in a medical image analysis paper by Liew et al. [17], a meta-learning 
model improved the separation of stroke lesions using 17 different 
MRI procedures from 8 different manufacturers. When compared to 
U-Net, it cut domain shift mistakes by 41% using gradient-based meta-
training on 2000 scans. However, the requirement for retraining on new 
scanners limited its clinical applicability. Principal Component Analysis 
(PCA) has been widely adopted in multimodal image fusion pipelines 
for its effectiveness in dimensionality reduction and enhancement of 
feature representation. By projecting high-dimensional CNN-extracted 
features onto a lower-dimensional subspace, PCA not only reduces 
computational complexity but also mitigates redundancy and noise, 
thereby improving the efficiency and interpretability of the fused fea-
tures [28,29]. Empirical studies have demonstrated that incorporating 
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PCA prior to feature fusion can lead to significant improvements in 
classification accuracy and image quality, as it preserves the most 
informative components while discarding irrelevant variations. Fur-
thermore, in the context of hyperspectral image classification, PCA has 
been shown to optimize the balance between retaining variance and 
reducing training time, with the most efficient results achieved when 
the reduced dimensions explain nearly all of the original variance [30]. 
These advantages make PCA a valuable preprocessing step in deep 
learning-based multimodal fusion frameworks.

Recent studies have also explored transfer learning approaches for 
medical image classification tasks. For example, Korani et al. (2025) 
investigated the early detection of brain tumors using MRI and transfer 
learning techniques, demonstrating the effectiveness of deep convolu-
tional networks for extracting diagnostic imaging features [31].

Recent advances in biomedical data classification have emphasized 
the integration of heterogeneous data sources and robust learning 
strategies. For instance, recent surveys on machine learning in biomed-
ical and health big data highlight the growing importance of scal-
able and interpretable models for handling high-dimensional clinical 
datasets. Additionally, approaches such as Random Vector Functional 
Link (RVFL) networks with 𝜀-insensitive Huber loss have demonstrated 
improved robustness against noise and outliers in biomedical clas-
sification tasks. More recently, multi-omics integration frameworks, 
such as hypergraph-based models, have been proposed to capture 
complex relationships across heterogeneous biomedical data sources 
for improved classification and biomarker discovery. These studies col-
lectively emphasize the importance of robust, multimodal, and noise-
tolerant learning strategies, which align with the motivation behind the 
proposed HeteroMetaNet framework.[32–34]

The studies summarized in Table  1 have made significant progress 
in stroke detection using deep learning and multimodal data integra-
tion. However, there are several limitations in the current research 
landscape. First, many studies rely on single-modal datasets, either 
focusing solely on imaging or clinical data, which restricts their gen-
eralizability. Second, available multimodal datasets are often limited 
in size and not publicly available, making it difficult to conduct large-
scale studies. Fin ally, data fusion and integration remain complex due 
to differences in data formats and inconsistent labeling.

These limitations are addressed through the introduction of a real-
world multimodal dataset and two novel fusion architectures, Hetero-
FuseNet and HeteroMetaNet, which integrate clinical and imaging data 
using mid-level model fusion and late-fusion meta-learning strategies. 
By combining structured medical records with transformer-based CT 
image encoders, the proposed methodology enhances generalization, 
improves diagnostic accuracy, and strengthens clinical applicability. 
The inclusion of a heterogeneous, real-world dataset further contributes 
to the field by helping bridge the gap created by the limited availability 
of multimodal stroke datasets.

Recent advancements in deep learning have shown the efficacy of 
multimodal learning frameworks for medical diagnosis through the 
integration of diverse clinical data sources. The integration of medi-
cal imaging with structured electronic health record (EHR) data has 
demonstrated encouraging outcomes in enhancing prediction accu-
racy and clinical decision support. Numerous studies have investigated 
multimodal architectures that concurrently learn representations from 
radiological images and clinical data through early fusion or intermedi-
ate feature-level fusion techniques. These methodologies allow models 
to assimilate complementary information from both physiological mea-
surements and imaging biomarkers, thereby substantially improving 
diagnostic performance relative to unimodal systems that depend on 
a singular data modality.

Notwithstanding these advancements, several current multimodal 
techniques predominantly depend on single-stage fusion mechanisms, 
potentially constraining their capacity to accurately represent heteroge-
neous feature distributions across modalities. Recent work have inves-
tigated more adaptable fusion methodologies to tackle these problems, 
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including ensemble-based learning and meta-learning strategies that 
integrate predictions from modality-specific models. These method-
ologies permit each modality to acquire specialized representations 
while facilitating a higher-level model to integrate predictions more 
adaptively.

In response to these advancements, the proposed system presents 
HeteroFuseNet, which executes feature-level multimodal integration, 
and HeteroMetaNet, a meta-learning-based late fusion architecture 
aimed at capturing complimentary information from imaging and clin-
ical modalities. This design seeks to enhance resilience and predictive 
accuracy in ischemic stroke forecasting challenges.

Recently, state–space model (SSM) architectures, such as the Mamba
model, have emerged as viable alternatives to conventional convolu-
tional and transformer-based networks. These models seek to capture 
long-range dependencies while preserving linear computing complex-
ity, rendering them appealing for large-scale vision problems. Recent 
research has investigated Mamba-based frameworks for medical imag-
ing applications, including MedMamba and hybrid CNN–SSM models, 
which combine convolutional feature extraction with state–space mod-
eling to enhance representation learning for medical image classifica-
tion. These advancements indicate that SSM-based architectures could 
emerge as a significant focus for future research in medical image 
processing and multimodal clinical AI systems [35–37].

3. Proposed multi-modal dataset: HeteroStroke

Despite the growing interest in leveraging multimodal data for 
stroke detection, publicly available datasets that combine both Elec-
tronic Health Records (EHR) and CT imaging remain exceedingly rare. 
As highlighted in Table  2, most existing datasets focus on a single 
modality, either imaging or clinical data, limiting the development and 
evaluation of models that can harness the complementary strengths 
of both data types. To address these limitations, a novel real-world 
dataset—HeteroStroke—was curated to support research in multi-
modal stroke prediction. This dataset was specifically developed to 
provide a balanced and integrated collection of both CT brain scans 
and structured EHR data.

The dataset used in this study, referred to as HeteroStroke, was 
obtained from Al Waha Hospital in Giza City, Egypt, and consists of CT 
brain scans and medical records from 530 patients. This comprehensive 
dataset offers a strong foundation for developing deep learning mod-
els that integrate both imaging and clinical data for ischemic stroke 
detection and prediction.

A demographic analysis of the subset used in this study revealed 
a relatively balanced gender distribution, with 280 males and 250 
females, as shown in Fig.  1. In addition, the dataset exhibits significant 
age diversity, including children, young adults, adults, and elderly 
participants, which strengthens the generalizability of any medical 
insights derived from it. Specifically, it comprises 70 children (0–18 
years), 80 young adults (19–35 years), 140 adults (36–60 years), and 
240 elderly individuals (above 60 years), as illustrated in Fig.  1. By 
making HeteroStroke available for analysis, the study enables a more 
comprehensive evaluation of multimodal deep learning models and 
offers a valuable resource for advancing the field toward more accurate 
and clinically relevant stroke diagnosis systems. The integration of both 
radiological and patient-specific medical data allows for a more precise 
and well-rounded approach to stroke diagnosis.

3.1. CT brain scans

The dataset includes CT brain scan images for each of the 530 
patients, with each patient having a dedicated folder containing four to 
six CT scans. These scans are essential for stroke classification and seg-
mentation, enabling the identification of affected brain regions. Deep 
learning models, particularly convolutional neural networks (CNNs) 
and transfer learning techniques, utilize the imaging data to enhance 
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Fig. 1. Distribution of (a) gender and (b) age groups in the HeteroStroke 
dataset.

the accuracy of stroke detection. AI-based analysis utilized the CT brain 
images, which displayed cross-sectional views. Fig.  2 shows the sample 
dataset showcasing various CT imaging planes that are utilized for 
AI-based analysis. (a) Axial CT slices provide a cross-sectional view 
of brain structures, essential for detecting ischemic or hemorrhagic 
lesions. (b) Axial non-contrast CT brain scan displaying multiple se-
quential slices from the skull base to the vertex, aiding in volumetric 
assessments. (c) Midline coronal views focus on deep brain regions, 
improving AI detection of abnormalities such as midline shifts. (d) A 
series of posterior coronal slices that show different anatomical views 
and make it easier to evaluate the brain’s overall symmetry. This 
dataset structure ensures comprehensive input for AI models analyzing 
diverse neurological conditions.

3.2. Electronic health records

Alongside the imaging data, the dataset includes a structured med-
ical records file in Excel format (.xlsx), containing detailed clinical in-
formation for the same 530 patients. The file’s first column lists patient 
IDs, which correspond to the folder names of the CT scans, ensuring 
proper alignment between imaging and medical data. The dataset com-
prises demographic details (age, gender), biochemical markers (choles-
terol, HDL, LDL, triglycerides, creatinine, and urea), and hematological 
parameters (hemoglobin, platelet count, and WBC levels). It also in-
cludes liver enzyme values (ALT, AST), coagulation markers (INR), 
and blood glucose levels (Fasting Blood Sugar, FBS). Additionally, 
it records medical history attributes, such as diabetes status, blood 
pressure readings, and smoking habits. A stroke class label is also 
provided, indicating whether a patient has experienced a stroke. By 
integrating CT scans with patient records presented in Fig.  3, which 
presents a sample from the .𝑥𝑙𝑠𝑥 file containing patient records that are 
utilized within the dataset for analysis and model training, this dataset 
enables a data-driven approach to stroke diagnosis and prediction.

Among the available dataset samples, two — ISLES 2024 and APIS 
— offer true multimodal data, comprising 250 and 96 patient records 
respectively. However, ISLES does not provide publicly accessible test 
data, and APIS includes only a limited number of cases, highlighting 
the constrained utility of these resources for broader research appli-
cations. The scarcity of comprehensive multimodal datasets highlights 
the necessity of this study, which involves the collection and uti-
lization of a novel dataset integrating both EHR and CT imaging to 
advance the field of stroke prediction. The suggested HeteroMetaNet 
framework, while labeled as a meta-learning technique, is conceptu-
ally more akin to a decision-level stacking ensemble. In this design, 
modality-specific models are initially trained independently, and their 
predictions subsequently serve as inputs to a higher-level learner that 
integrates these outputs. In contrast to traditional meta-learning tech-
niques like MAML, which emphasize swift task adaptation via episodic 
training, the proposed method prioritizes the meta-level integration of 
diverse prediction signals to enhance multimodal classification efficacy.
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Table 1
Chronological summary of related work in stroke detection using imaging, EHR, and multimodal approaches.
 Authors Description Limitations  
 Zhang et al. (2020) [27] Provided a comprehensive overview of challenges and advantages in 

multimodal data fusion for stroke detection.
Limited availability of high-quality multimodal datasets; data fusion is complex.  

 Liew et al. (2022) [17] Used meta-learning with 17 MRI procedures to separate stroke lesions, 
reducing domain shift errors.

Requires new scanner training, limiting clinical usage.  

 Fontanella et al. (2024) [15] A CNN model was trained to detect ischemic stroke lesions in CT scans. Dataset variability and missing annotations reduce model robustness.  
 Majeed et al. (2024) [3] Reviewed ML models that integrate EHR data like age, glucose, and blood 

pressure to predict stroke risk.
EHR data alone is insufficient for accurate prediction without imaging data.  

 Hassan et al. (2024) [20] Explored ML models using EHR data to identify stroke risk factors. Found 
clinical markers useful but lacking without imaging.

Incomplete or unstructured clinical data limits model’s ability to fully capture 
stroke prediction complexities.

 

 Chen et al. (2024) [21] Extracted NIHSS scores from free-text EHR notes using a bidirectional LSTM 
model, achieving a high F1 score.

Struggles with negated phrases and missing symptoms (e.g., cerebellar symptoms). 

 Kumar et al. (2024) [22] Used XGBoost to predict stroke risk based on EHR data but the AUC dropped 
to a low results in incomplete datasets.

Missing data (e.g., smoking, BMI) impacts prediction accuracy.  

 Luo et al. (2024) [26] Reviewed multimodal fusion techniques combining MRI, DTI, and EEG data to 
enhance stroke prediction.

Challenges in data alignment, registration, and high computational complexity.  

 Asiri et al. (2024) [16] The Swin Transformer achieved high accuracy in tumor classification, applied 
to stroke detection as well.

High computational cost and small sample size limit clinical applicability.  

 Issaiy et al. (2025) [14] Applied CNNs to predict hemorrhagic transformation after ischemic stroke. Relies on large labeled datasets; limited generalizability due to dataset biases.  
 Zhang et al. (2025) [18] Integrated 3D CNN with radiomics to differentiate stroke lesions from gliomas 

in MRI. Demonstrated highest specificity.
Reduced sensitivity in hyperacute strokes; relies on multi-parametric imaging.  

 Ou et al. (2025) [23] Introduced a Transformer model using speech and movement data to identify 
strokes early.

Small dataset size and computational complexity limit generalizability.  

 Martín et al. (2025) [24] Achieved the best accuracy in tumor classification using the Swin 
Transformer, applied to stroke detection as well.

High computational cost and limited generalizability due to small sample sizes.  

Biomedical Signal Processing and Control 129 (2027) 111290 
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Fig. 2. Sample dataset illustrating different CT imaging planes.
Fig. 3. Sample patient medical record from the dataset.
Table 2
Overview of representative stroke-related datasets.
 Dataset (Reference) # Records EHR CT 
 ISLES 2024 [38] 250 ✓ ✓  
 APIS [39] 96 ✓ ✓  
 CPAISD [40] – – ✓  
 PHE-SICH-CT-IDS [41] 120 – ✓  
 Multicenter AIS MRI [42] 5788 ✓ –  
 MIMIC-III [43] 53,423 ✓ –  
 ChestX-ray14 [44] 112,120 – ✓  
 CheXpert [45] 224,316 – ✓  
 MIMIC-CXR [46] 377,110 – ✓  
 OpenI [47] 7470 – ✓  
 PadChest [48,49] 160,000+ – ✓  
 COVID-19 Image Data Collection [50] 950+ – ✓  
 HeteroStroke (Proposed) 530 ✓ ✓  

4. Methodology

The proposed framework for stroke prediction is built upon multi-
modal data combining brain CT images and Electronic Health Records 
(EHR). The methodology comprises four core stages: data collection 
and preprocessing, feature extraction, multimodal fusion, and final 
classification. Three models were developed and compared: a baseline 
deep learning model on medical images Fig.  4, a multimodal fusion of 
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medical images and clinical embeddings (HeteroFuseNet) Fig.  5, and 
meta-Learning with image models and clinical embeddings Fig.  6.

The proposed framework is succinctly summarized in Table  3. in 
a sequential manner, outlining the complete multimodal pipeline. The 
procedure initiates with the preparation of CT brain images and struc-
tured electronic health record (EHR) data. The CT pictures are nor-
malized and resized to guarantee uniform input representation for 
the visual encoders. The clinical variables obtained from the EHR 
dataset undergo preprocessing, which includes normalization, encoding 
of categorical features, and addressing missing values.

After preprocessing, deep learning architectures are utilized to ex-
tract advanced imaging features from the CT images, while structured 
clinical features are processed via a specialized clinical branch. The 
retrieved representations are subsequently combined utilizing two com-
plementary techniques. Initially, HeteroFuseNet executes feature-level 
fusion to integrate imaging and clinical representations into a cohe-
sive feature space. Secondly, HeteroMetaNet employs a meta-learning-
based decision fusion method that consolidates predictions produced 
by modality-specific models through a meta-classifier.

The consolidated predictions are employed to produce the definitive 
classification output for ischemic stroke forecasting. This pipeline en-
ables the framework to efficiently acquire complementary information 
from both radiological and clinical data sources.

The HeteroMetaNet framework employs a meta-learning-inspired 
decision-level fusion technique tailored for the integration of heteroge-
neous multimodal inputs. In contrast to conventional ensemble or stack-
ing methods that merge predictions from models utilizing analogous 
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Table 3
Overview of the proposed multimodal pipeline for ischemic stroke prediction.
 Pipeline stage Description Output  
 Data acquisition Collection of CT brain images and structured electronic health record (EHR) variables 

from hospital clinical records.
Raw CT images and clinical data  

 Data preprocessing CT images are normalized and resized, while clinical variables undergo normalization, 
categorical encoding, and missing value handling.

Cleaned CT images and structured 
clinical features

 

 Feature extraction Deep learning encoders (CNN and Transformer-based models) extract high-level imaging 
features from CT scans, while structured clinical features are processed through a 
dedicated clinical branch.

Imaging feature vectors and clinical 
feature representations

 

 Feature-Level fusion 
(HeteroFuseNet)

Multimodal feature representations from CT imaging and EHR data are integrated into a 
unified feature space to capture complementary information across modalities.

Fused multimodal feature 
representation

 

 Decision-Level fusion 
(HeteroMetaNet)

Predictions generated by modality-specific models are combined using a meta-learning 
strategy with a Random Forest meta-learner.

Aggregated prediction scores  

 Final prediction The fused output is used to produce the final classification for ischemic stroke prediction. Stroke prediction outcome  
feature representations, HeteroMetaNet consolidates predictions de-
rived from diverse data modalities, such as CT imaging and structured 
electronic health record (EHR) data. Each modality-specific model 
encapsulates distinct facets of the clinical information domain. The 
meta-learner is subsequently trained to discern optimal weighting pat-
terns among these diverse predictors, facilitating adaptive aggregation 
of modality-specific outputs. This design enables the framework to 
use cross-modal interactions that single-modality models or traditional 
ensemble methods may not completely capture.

The dataset was meticulously partitioned at the patient level before 
model training to guarantee reliable evaluation and avert potential data 
leakage. As each patient may have numerous CT slices, conducting the 
data split at the slice level could inadvertently result in slices from 
the same patient being included in both the training and testing sets. 
To mitigate this issue, all CT slices pertaining to a specific patient 
were exclusively allocated to either the training or testing group. 
This patient-specific partitioning technique guarantees that the evalu-
ation process accurately simulates a true clinical deployment scenario, 
hence offering a more rigorous assessment of model generalization 
performance.

Furthermore, Principal Component Analysis (PCA) was utilized as a 
dimensionality reduction method to mitigate the high dimensionality 
and possible redundancy inherent in multimodal feature representa-
tions. PCA executes an effective linear transformation that retains the 
most significant variation in the data while considerably diminish-
ing the number of features. In contrast to trainable dimensionality 
reduction methods like autoencoders, PCA does not incorporate ex-
tra trainable parameters, therefore preserving computing efficiency 
and minimizing the likelihood of overfitting in light of the moderate 
dataset size. This design decision fosters the creation of a lightweight 
and computationally efficient framework appropriate for real clinical 
settings.

4.1. Data collection and preprocessing

The dataset, referred to as HeteroStroke, is a real-world collec-
tion sourced from Al Waha Hospital, comprising 530 anonymized 
patient records. Each record includes two key components: a structured 
electronic health record (EHR) file in a tabular format, containing 
demographic, clinical, and laboratory information, along with a folder 
containing 4 non-contrast CT brain images for each record.

All direct identifiers were removed to ensure patient confidentiality. 
Each patient was assigned a unique code used to associate their EHR 
data with their corresponding CT image folder. CT images were stored 
using standardized naming conventions for consistency, and EHR files 
were indexed using the same patient codes for accurate alignment 
during multimodal fusion.

To guarantee uniform data representation across modalities, many 
preprocessing processes were included for both the CT imaging data 
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and the structured EHR information. The CT brain pictures were ini-
tially standardized by intensity normalization and scaled to a consistent 
spatial resolution appropriate for the input specifications of the deep 
learning architectures. Fundamental preprocessing techniques, such as 
noise reduction and image scaling, were implemented to enhance the 
stability of feature extraction.

Numerical variables in the structured clinical data were adjusted 
by z-score normalization to achieve equivalent feature scales, whereas 
categorical features were converted using one-hot encoding. Missing 
values in the EHR dataset were addressed by median imputation for nu-
merical variables, ensuring resilience against outliers frequently present 
in clinical data.

During model training, deep learning models were optimized using 
typical stochastic gradient optimization with suitable learning rate 
adjustments and batch setups. The training procedure incorporated 
regularization techniques to avert overfitting and guarantee stable 
convergence. The preprocessing and training protocols were estab-
lished to enhance the robustness and reproducibility of the multimodal 
framework.

The dataset is labeled into two classes: Stroke and Non-Stroke, with 
approximately 60% of the cases labeled as Stroke and 40% as Non-
Stroke. This near-balanced distribution supports robust and unbiased 
training and evaluation of classification models.
Ethical approval and informed consent . All procedures involving hu-
man data in this study were reviewed and approved by the Al Waha 
Hospital Institutional Review Board (IRB), Giza, Egypt, on 26 
August 2023. The dataset provided by the hospital consisted of fully 
anonymized retrospective clinical and radiological records. In accor-
dance with the IRB decision and applicable institutional guidelines, 
the requirement for informed consent was waived because no identi-
fiable patient information was accessed, and the data were originally 
collected as part of routine clinical care. All methods were carried out 
in accordance with relevant guidelines and regulations, including the 
Declaration of Helsinki.

4.2. Feature extraction

To enable cross-modal learning, high-level features were indepen-
dently extracted from CT images and structured EHR data. These 
features were then integrated through two distinct fusion strategies: 
an image-only multi-backbone CT feature extraction fusion, combining 
outputs from ResNet-50, EfficientNetB0, and Swin Transformer archi-
tectures, and a comprehensive multimodal fusion that merges visual 
and clinical embeddings to enhance stroke prediction performance.

The CT imaging sector utilizes a multi-backbone feature extraction 
approach, employing three distinct deep learning architectures to de-
rive varied visual representations from the identical CT modalities. Con-
volutional and transformer-based encoders are utilized concurrently on 
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the CT slices to extract distinct spatial and contextual features of the 
brain images.

It is important to clarify that these branches do not pertain to 
distinct data modalities; instead, they signify various feature extrac-
tion backbones functioning on the identical CT imaging modality. 
The resultant feature representations are then combined to provide a 
more comprehensive and distinctive imaging representation prior to 
integration with the structured EHR characteristics.

4.3. CT image feature extraction

To optimize feature extraction from CT images, both a uni-modal 
and a Multi-Backbone backbone architecture were employed. Rather 
than depending on a single model, the combination of three distinct 
architectures significantly improves generalizability and mitigates the 
limitations associated with individual models. This design choice is 
motivated by previous research demonstrating that integrating imag-
ing features with clinical records substantially enhances predictive 
performance [51,52].

Each patient’s CT images were processed using three pretrained 
models: two convolutional-based models (ResNet-50 and Efficient-
NetB0) and one transformer-based model (Swin Transformer). The 
models were utilized in standalone and tri-model architectures. All 
images were resized to 224 × 224 px to match the input requirements 
of the respective models.

(1) ResNet-based feature extraction
The first model employed is ResNet-50, a deep residual network 

with 50 layers utilizing skip connections to facilitate gradient flow 
and address vanishing gradient issues. ResNet-50 captures hierarchical 
visual features effectively, making it well-suited for analyzing med-
ical images. The feature extraction process using ResNet50 can be 
mathematically expressed as Eq. (1): 
𝐹ResNet = ReLU(𝑊𝑙 ⋅ 𝐹𝑙−1 + 𝑏𝑙) (1)

where 𝑊𝑙 and 𝑏𝑙 are the weights and biases of the layer 𝑙 = 50 layers, 
respectively, and 𝐹𝑙−1 is the feature map from the previous layer.

(2) EfficientNet-based feature extraction
The second model is EfficientNetB0, known for achieving high 

representational capacity while maintaining computational efficiency. 
It employs a compound scaling method that uniformly scales network 
depth, width, and input resolution. The output feature map 𝐹EfficientNet
from EfficientNetB0 for an input image 𝑋 is given by Eq. (2): 
𝐹EfficientNet = 𝑓EffNet𝜃 (𝑋) (2)

where 𝑓EffNet𝜃  denotes the EfficientNetB0 function parameterized by 
weights 𝜃. Extracted features are then passed through a global average 
pooling layer and flattened to produce a compact vector representation 
suitable for multimodal fusion.

(3) transformer-based feature extraction
The third model used is the Swin Transformer, a vision trans-

former that processes images using shifted windows, capturing both 
local and global contextual information efficiently. Unlike convolu-
tional operations in CNNs, the Swin Transformer relies on self-attention 
mechanisms defined as Eq. (3): 

𝐹Swin = sigmoid
(

𝑄𝐾𝑇
√

𝑑𝑘

)

𝑉 (3)

where 𝑄, 𝐾, and 𝑉  represent the query, key, and value matrices, re-
spectively, and 𝑑𝑘 is the scaling factor. The Swin Transformer’s capacity 
to model long-range dependencies makes it particularly effective for 
complex medical imaging tasks.

Feature vectors were extracted from the final convolutional or 
transformer layers of each model using global average pooling. Given 
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that multiple CT slices were available per patient, mean pooling was 
applied across slices to yield a single representative feature vector per 
model for each patient.

In addition to evaluating each model individually, a Multi-Backbone 
fusion strategy was implemented to combine image-only features. As 
illustrated in Fig.  4, feature vectors extracted from ResNet-50, Effi-
cientNetB0, and Swin Transformer were concatenated to form a unified 
visual embedding. Prior to concatenation, Principal Component Anal-
ysis (PCA) was applied exclusively to the extracted image features, 
retaining 95% of the original variance. This dimensionality reduction 
step automatically determined the optimal number of components re-
quired for efficient image-only fusion while minimizing information 
loss. Consistent with previous studies, the application of PCA enhanced 
computational efficiency, reduced feature redundancy, and improved 
the quality of feature integration in medical imaging tasks [28–30]. The 
resulting fused image representation was subsequently passed through 
a fully connected neural network comprising two hidden layers with 
128 and 64 neurons, respectively, to generate the final stroke pre-
diction. Additionally, the distribution of the latent embeddings con-
firmed that the fused features enabled clear class separation, thereby 
demonstrating the effectiveness of the image-only fusion strategy.

This dual-phase setup enabled a comparative assessment between 
the performance of stand-alone models and the fused image-only strat-
egy, providing valuable insights into the advantages of model-level 
integration within a unimodal context.

4.3.1. EHR feature extraction
The structured electronic health record (EHR) data were prepro-

cessed prior to integration with the imaging features. Numerical at-
tributes, including age, systolic blood pressure, and fasting blood glu-
cose, were standardized using z-score normalization to ensure consis-
tent feature scaling. Categorical variables, if present, were transformed 
using one-hot encoding.

The standardized EHR feature vector was subsequently passed
through a multilayer perceptron (MLP) comprising two hidden layers 
with 128 and 64 neurons, respectively, each followed by ReLU activa-
tion functions. The output of the second layer was then projected into a 
128-dimensional dense representation, forming the clinical embedding 
𝐹clinical. This transformation process is expressed mathematically in 
Eq. (4). 
𝐹clinical = ReLU

(

𝑊2 ReLU
(

𝑊1 𝑋̂EHR + 𝑏1
)

+ 𝑏2
)

(4)

In Eq. (4), 𝑋̂EHR denotes the standardized EHR feature vector con-
taining key clinical indicators such as age, systolic blood pressure, and 
fasting blood glucose. 𝑊1 and 𝑊2 represent the weight matrices of the 
first and second hidden layers, while 𝑏1 and 𝑏2 denote their correspond-
ing bias terms. The ReLU activation introduces non-linearity, enabling 
the model to capture complex physiological relationships within the 
data. The resulting embedding 𝐹clinical ∈ R128 encapsulates a compact 
and discriminative clinical representation for each patient.

This EHR encoding process is visualized in both the model-level fu-
sion (HeteroFuseNet) and meta-learning (HeteroMetaNet) architectures 
illustrated in Figs.  5 and 6, respectively.

4.4. Multimodal fusion strategies

Two multimodal fusion strategies were implemented. The first, Het-
eroFuseNet, integrates heterogeneous data sources — CT brain images 
and structured EHR — within a unified deep learning architecture. This 
model performs model-level fusion by concatenating image and clinical 
feature vectors at the feature level, followed by joint representation 
learning through a multilayer perceptron. The architecture is designed 
to capture the complementary nature of visual and clinical information 
to enhance stroke prediction performance.

The second strategy, HeteroMetaNet, applies a meta-learning ap-
proach for late-level fusion. Instead of mid-level feature integration, 
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Fig. 4. Architecture for single-modality evaluation.
this model employs late fusion by combining the outputs of the in-
dividual image-based learners (ResNet-50, EfficientNetB0, and Swin 
Transformer) along with the structured EHR embedding. Prior to train-
ing the individual image models, Principal Component Analysis (PCA) 
was applied to the extracted image features to enhance class sepa-
rability and reduce dimensionality. A meta-classifier—specifically, a 
Random Forest model with 100 estimators—is then used to process the 
concatenated outputs and produce the final stroke prediction. This hier-
archical fusion approach aims to improve generalization by adaptively 
weighting the contributions of each modality, leveraging both imaging 
and clinical perspectives.

The Random Forest meta-learner was selected due to its robust-
ness to overfitting, ability to handle heterogeneous feature distribu-
tions, and strong performance in ensemble learning settings. Compared 
to alternative meta-classifiers such as logistic regression or gradient 
boosting, Random Forest provides a balance between interpretability, 
computational efficiency, and non-linear decision modeling, making it 
particularly suitable for aggregating multimodal predictions.

4.4.1. HeteroFuseNet: Model-level fusion
HeteroFuseNet, illustrated in Fig.  5, performs mid-level multimodal 

fusion between visual and clinical features for stroke prediction. Im-
age features are independently extracted from three vision encoders—
ResNet-50, EfficientNetB0, and Swin Transformer—as formulated in 
Eqs. (1)–(3). To reduce redundancy and enhance computational ef-
ficiency, Principal Component Analysis (PCA) is applied to each en-
coder’s output before fusion. The resulting reduced-dimensional feature 
sets are flattened and concatenated to form a unified visual represen-
tation, as shown in Eq. (5): 

𝐹image = Flatten
(

[PCA(𝐹ResNet),PCA(𝐹EfficientNet),

PCA(𝐹Swin) ]
) (5)

The EHR branch processes structured variables such as age, sys-
tolic blood pressure, and fasting blood glucose. These inputs are stan-
dardized using z-score normalization and encoded through a two-
layer neural network with 128 and 64 neurons, respectively, to pro-
duce a compact clinical embedding 𝐹clinical ∈ R128 that encapsulates 
patient-specific physiological information.

The image (5) and clinical embeddings (4) are then concatenated 
to form the multimodal feature vector 𝜶, integrating both modalities 
as expressed in Eq. (6): 
𝜶 = Concat(𝐹 , 𝐹 ) (6)
image clinical
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Finally, 𝜶 is passed through a two-layer classifier followed by a sig-
moid activation to produce the ischemic stroke prediction probability 
𝑦̂, as given in Eq. (7): 
𝑦̂ = 𝜎

(

NNclassifier(𝜶)
)

(7)

Here, 𝜎 denotes the sigmoid function and 𝑦̂ ∈ [0, 1] represents 
the predicted likelihood of ischemic stroke. The fusion of visual and 
clinical embeddings enhances the model’s discriminative capability, 
as confirmed by latent feature visualization showing improved class 
separability.

4.4.2. HeteroMetaNet: Late-level fusion
The HeteroMetaNet model, illustrated in Fig.  6, employs a late-level 

fusion strategy following a meta-learning paradigm. By employing a 
late fusion strategy, HeteroMetaNet integrates modality-specific predic-
tions rather than raw features, allowing the meta-learner to capture 
complementary decision patterns across imaging and clinical modali-
ties. This design enhances generalization and robustness, particularly 
when modality-specific noise or feature imbalance is present. This 
architecture captures higher-order dependencies by aggregating the 
predictions of multiple weak learners. Each of the three image-based 
feature vectors, extracted respectively from ResNet-50, EfficientNetB0, 
and Swin Transformer, is passed through a dedicated weak learner—
a fully connected neural network comprising two hidden layers (with 
128 and 64 neurons, respectively) and a final sigmoid output neu-
ron. Dropout layers (with a rate of 0.3) follow each hidden layer for 
regularization and overfitting mitigation.

The outputs from these three weak learners, 𝑦̂ResNet, 𝑦̂EffNet, and 
𝑦̂Swin, represent the modality-specific predictions derived from imaging 
data. Before meta-level fusion, Principal Component Analysis (PCA) is 
applied to the set of image-driven outputs.

Simultaneously, the EHR data is embedded using the same struc-
tured processing pipeline described in Section 4.4.1, producing an EHR 
feature vector 𝐹clinical ∈ R128.

The final meta-representation 𝐹meta is formed by concatenating 
the PCA-transformed image outputs with the clinical embedding, as 
expressed in Eq. (8):

𝐹meta = [PCA([𝑦̂ResNet, 𝑦̂EffNet, 𝑦̂Swin]), 𝐹clinical] (8)

This concatenated feature vector 𝐹meta is subsequently passed to a fi-
nal classification network—referred to as the meta-learner—
implemented using a Random Forest (RF) model with 100 estimators. 
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Fig. 5. Architecture of HeteroFuseNet for multimodal stroke prediction.
Table 4
Comparison of HeteroMetaNet with existing meta-learning frameworks.
 Aspect MAML MMAML MLDG HeteroMetaNet  
 Meta-learning objective Few-shot adaptation Task + modality adaptation Domain generalization Decision-level fusion  
 Training paradigm Episodic Episodic + modality tokens Meta-domain split Supervised + stacking 
 Modality handling Single Multi (late) Single Multi (late fusion)  
 Dimensionality reduction No No No PCA pre-fusion  
 Meta-learner Gradient (SGD) Gradient (SGD) Gradient (SGD) Random Forest  
 Backprop through meta-learner Yes Yes Yes No  
 Interpretability Low Low Low High  
 

The meta-learner is trained to optimally integrate modality-specific 
outputs and clinical data to generate the final stroke prediction 𝑦̂final, 
as defined in Eq. (9): 
𝑦̂final = MetaLearner(𝐹meta) (9)

HeteroMetaNet differs fundamentally from gradient-based meta-
learning frameworks such as Model-Agnostic Meta-Learning (MAML), 
Multimodal MAML (MMAML), and Meta-Learning for Domain General-
ization (MLDG). Table  4 summarizes these distinctions.

Importantly, HeteroMetaNet is not a gradient-based meta-learning 
method but rather a stacking ensemble with a meta-learner—a con-
ceptual distinction we explicitly emphasize. While MAML and its vari-
ants focus on rapid adaptation to new tasks via episodic training 
and gradient-based optimization, HeteroMetaNet addresses a differ-
ent problem: the stable integration of heterogeneous modality-specific 
predictions from fixed, pre-trained encoders. Our approach prioritizes 
robustness, interpretability, and computational efficiency over few-shot 
adaptability, making it more suitable for clinical deployment where 
training data are moderately sized but heterogeneous.

The HeteroMetaNet training procedure comprises two distinct stages
with no gradient flow between them.
Stage 1: Modality-specific training. Each image backbone (ResNet-50, 
EfficientNetB0, Swin Transformer) is paired with an identical weak 
learner architecture—a fully connected network with two hidden layers 
(128 and 64 units, ReLU activations, dropout 0.3) and a sigmoid output. 
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Each weak learner is trained independently using binary cross-entropy 
loss as defined in Eq. (10): 

𝑖 = − 1
𝑁

𝑁
∑

𝑗=1

[

𝑦𝑗 log(𝑦̂𝑖,𝑗 ) + (1 − 𝑦𝑗 ) log(1 − 𝑦̂𝑖,𝑗 )
]

(10)

where 𝑖 ∈ {ResNet,EfficientNet, Swin} indexes the backbone, 𝑗 in-
dexes the patient, 𝑦𝑗 is the ground-truth label, and 𝑦̂𝑖,𝑗 is the pre-
dicted probability. No weight sharing or cross-modal information is 
exchanged during this stage. The structured EHR branch is trained 
simultaneously using the same binary cross-entropy loss, producing the 
clinical embedding 𝐹clinical and an auxiliary prediction 𝑦̂EHR (though the 
EHR prediction is not used in the final meta-representation; only the 
embedding 𝐹clinical is retained).
Stage 2: Meta-learner training. The meta-feature vector 𝐹meta is con-
structed in Eq. (11): 
𝐹meta =

[

PCA
([

𝑦̂ResNet, 𝑦̂EfficientNet, 𝑦̂Swin
])

, 𝐹clinical
]

(11)

PCA is fitted on the training set’s image predictions and applied to 
both training and test sets, retaining 95% variance (automatically de-
termining the number of components, typically 2–3). The Random For-
est meta-learner is then trained on {𝐹 (𝑗)

meta, 𝑦𝑗} using standard entropy-
based splitting criteria. Crucially, the meta-learner does not backprop-
agate gradients to the modality-specific models, which prevents any 
single modality from dominating the learning signal and allows each 
encoder to specialize in its respective data type.
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Random Forest was chosen as the meta-learning classifier because 
of its robustness in modeling nonlinear interactions and its capac-
ity to successfully incorporate diverse prediction variables produced 
by the modality-specific models. Moreover, Random Forest exhibits 
robust generalization capabilities and necessitates minimal hyperpa-
rameter optimization, rendering it particularly appropriate for the late 
fusion phase of the proposed multimodal framework. This hierarchical 
meta-learning design enables the model to benefit from both modality-
specific confidence scores and patient-specific clinical context, support-
ing more accurate and generalizable stroke prediction across heteroge-
neous inputs.

Crucially, HeteroMetaNet must not be construed as a traditional 
gradient-based meta-learning framework like Model-Agnostic Meta-
Learning (MAML). Conventional meta-learning methodologies are often 
formulated for fast adaptation across many tasks through episodic 
training and inner–outer optimization cycles. Conversely, the proposed 
system targets a distinct aim: resilient multimodal decision integration 
across diverse clinical and radiological data sources.

Instead of acquiring starting parameters for rapid adaptation, Het-
eroMetaNet functions as a meta-learning-inspired stacking architecture 
where modality-specific predictors autonomously learn complemen-
tary representations from CT imaging and structured electronic health 
record data. Their results are subsequently consolidated via a superior 
meta-learner to enhance classification robustness and generalization. 
Consequently, the framework emphasizes adaptive decision fusion, in-
terpretability, and computational efficiency rather than few-shot task 
adaptation.

In contrast to traditional meta-learning approaches that emphasize 
swift adaptation across task distributions, the HeteroMetaNet frame-
work centers on the decision-level integration of diverse modality-
specific predictors. Each modality-specific branch autonomously ac-
quires supplemental diagnostic data from CT imaging and structured 
electronic health record variables. The Random Forest meta-learner 
subsequently consolidates these predictive signals to provide a resilient 
final conclusion. This technique facilitates efficient multimodal inte-
gration while preserving computational efficacy and enhanced inter-
pretability, which are crucial in practical clinical deployment contexts.

5. Evaluations and experiments

This section presents the experimental design, implementation de-
tails, and evaluation results used to validate the proposed multimodal 
stroke prediction framework. The experiments were structured to sys-
tematically assess the effectiveness of each model component and the 
contribution of multimodal integration.

First, single-modality experiments were conducted on CT brain 
images to establish baseline performance using three state-of-the-art vi-
sual encoders: ResNet-50, EfficientNetB0, and Swin Transformer. These 
models served as strong visual baselines for comparison.

Subsequently, multimodal experiments were performed to explore 
the synergistic effects of combining imaging features with structured 
clinical records (EHR). Two distinct architectures — HeteroFuseNet 
and HeteroMetaNet — were developed to evaluate feature-level and 
meta-level fusion strategies, respectively.

An ablation-style evaluation was performed across various configu-
rations to substantiate the architectural design decisions, encompassing 
single-modality image models, image-only tri-backbone fusion, multi-
modal feature-level fusion (HeteroFuseNet), and meta-learning-based 
late fusion (HeteroMetaNet). This iterative assessment facilitates the 
examination of each component’s contribution within the proposed 
framework, illustrating the performance enhancements realized via 
multimodal integration and meta-learning. The section also details the 
computational setup, hyperparameter configuration, evaluation met-
rics, and data partitioning protocols used to ensure reproducibility 
and fairness across all experimental settings. Comparative analyses 
are then presented to demonstrate how multimodal learning improves 
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prediction accuracy, interpretability, and generalization in ischemic 
stroke detection.

To strengthen the reliability of the evaluation results, confidence 
intervals were calculated for the main performance metrics, including 
accuracy, F1-score, and ROC-AUC. These measurements offer an as-
sessment of performance variability and reinforce the robustness of the 
proposed multimodal framework in comparison to unimodal baselines.

5.1. Experimental setup

All experiments reported in this study were conducted locally using 
a workstation equipped with dual Intel® Xeon® CPU E5-2683 v3 
processors operating at 2.00 GHz and 96 GB RAM under Windows 
11 Pro (64-bit). Model implementation and training were performed 
using Python 3.11 with TensorFlow and Keras. The same computational 
environment was consistently used across all single-modality and mul-
timodal experiments, including HeteroFuseNet and HeteroMetaNet, to 
ensure fair comparison and reproducibility of the reported results. The 
proposed framework was designed to balance predictive performance 
and computational efficiency while remaining practical for deployment 
in clinical research environments. The reported experiments demon-
strate that the framework can be executed using a standard worksta-
tion configuration, supporting reproducibility and accessibility without 
reliance on large-scale computational resources.

5.2. Hyperparameters configuration

All models were trained for 100 epochs using a batch size of 4. 
The Adam optimizer was adopted for its adaptive learning capabilities, 
with the learning rate set to the default value of 0.001. The binary 
cross-entropy loss function was employed to optimize the binary classi-
fication task, and a sigmoid activation function was used at the output 
layer to yield probability scores for stroke prediction. Input CT images 
were resized to (224 × 224) px, depending on the model, and normal-
ized to a range of [0, 1] before being passed to the network. Early 
stopping was utilized to prevent overfitting, monitoring the validation 
loss with a patience threshold of 10 epochs. The best-performing model 
weights during training were preserved using a model checkpointing 
strategy.

Principal Component Analysis (PCA) was utilized to diminish fea-
ture dimensionality and alleviate redundancy across diverse feature 
representations. PCA enhances computational efficiency and facilitates 
stable multimodal integration by retaining the most informative ele-
ments and eliminating noise and correlations.

For the model-level fusion model (HeteroFuseNet), image features 
were independently extracted from ResNet-50, EfficientNetB0, and 
Swin Transformer. PCA was applied separately to each set of extracted 
features for dimensionality reduction while retaining 95% of the vari-
ance. The PCA-reduced features were flattened and concatenated into a 
unified visual embedding. Structured EHR features, processed through 
a two-layer neural subnetwork with 128 and 64 neurons using ReLU 
activations, were then concatenated with the visual embedding. The 
combined multimodal representation was passed through an additional 
two-layer MLP before the final sigmoid classification layer to predict 
stroke risk.

For the meta-learning model (HeteroMetaNet), the outputs of the 
image-based weak learners were concatenated and subjected to a sin-
gle PCA transformation. The reduced representation was then com-
bined with the structured EHR embedding and passed to a Random 
Forest meta-learner with 100 estimators to generate the final stroke 
prediction.

The main training configurations and preprocessing strategies ap-
plied across all experiments, including both single-modality and multi-
modal settings, are summarized in Table  5. These standardized settings 
were implemented to ensure consistency and fairness, allowing for a 
reliable comparison of performance across different architectures.
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Fig. 6. Architecture of HeteroMetaNet for multimodal stroke prediction.
Table 5
 Constant parameters across all experiments.
 Parameter Value  
 Activation ReLU (Rectified Linear Unit)  
 Batch size 4  
 Epochs 100 with early stopping (patience = 10) 
 Loss Binary Cross-Entropy  
 Optimizer Adam  
 Learning rate 0.001  
 Dropout rate 0.3  
 Dense layers 2  
 Dense units 128, 64  
 Output layer Sigmoid  

5.3. Computational complexity and reproducibility

The computational complexity of the suggested framework depends 
on the utilized backbone architecture. ResNet-50 and EfficientNetB0 
predominantly utilize convolutional operations, with computational 
complexity dependent on spatial resolution and convolution kernel 
dimensions, whereas the Swin Transformer employs window-based self-
attention mechanisms that exhibit diminished quadratic complexity 
relative to traditional Vision Transformers. To alleviate computational 
burden and feature redundancy, Principal Component Analysis (PCA) 
was employed before fusion, significantly decreasing the dimensional-
ity of multimodal representations while retaining 95% of the original 
variance.

The HeteroMetaNet design enhances performance by utilizing a 
lightweight Random Forest meta-learner that functions on low-
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dimensional prediction vectors instead of raw feature maps. This ar-
chitecture markedly decreases memory usage and training expenses 
relative to end-to-end multimodal transformers. All computational com-
plexity analysis and reproducibility experiments were conducted using 
the same hardware and software environment described in Section 5.1 
to maintain consistency throughout the study. The experiments were 
executed on a workstation equipped with dual Intel® Xeon® CPU E5-
2683 v3 processors operating at 2.00 GHz and 96 GB RAM under 
Windows 11 Pro (64-bit).

This unified environment ensured reliable benchmarking across 
all architectures and eliminated ambiguity regarding the distinction 
between model training, evaluation, and computational analysis.

To ensure reproducibility and openness, the implementation code, 
preprocessing scripts, and experimental setup will be made publicly 
accessible upon the manuscript’s approval.

5.4. Evaluation metrics

To ensure the robustness of our comparative evaluations, we com-
puted 95% confidence intervals (CIs) for all primary performance met-
rics (accuracy, precision, recall, F1-score, and ROC-AUC) using boot-
strap resampling with 1000 iterations. For each iteration, the test 
set was resampled with replacement to the original test set size, and 
metrics were recalculated. The 2.5th and 97.5th percentiles of the 
bootstrap distribution defined the CI bounds. Additionally, pairwise 
statistical significance between models was assessed using McNemar’s 
test for matched proportions, with p-values < 0.05 considered statis-
tically significant. These analyses provide a quantitative assessment 
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of performance variability and reinforce the robustness of observed 
improvements over unimodal baselines.

Model performance was assessed using several metrics tailored 
for binary classification tasks. The dataset was divided into 80% for 
training and 20% for testing. Accuracy was employed to measure the 
overall proportion of correctly predicted instances. Precision reflected 
the model’s ability to minimize false positives, while recall captured 
its sensitivity to actual positive cases. The F1-score, calculated as the 
harmonic mean of precision and recall, offered a balanced evaluation, 
particularly valuable in scenarios where class distributions may vary. 
Additionally, the Area Under the Receiver Operating Characteristic 
Curve (AUC-ROC) was used to assess the model’s capacity to discrimi-
nate between the two classes—Stroke and Non-Stroke—across various 
threshold settings. To avert data leaking between the training and 
assessment phases, dataset partitioning was executed at the patient 
level instead of the image level. Each patient folder comprised several 
CT slices, with all slices associated with a particular patient allocated 
solely to either the training or testing set. As a result, no photos from 
an individual patient were present in both subsets. The dataset was 
partitioned into 80% for training and 20% for testing patients. Dataset 
partitioning was executed at the patient level to avert data leakage 
between the training and testing sets. Each patient folder comprises 
multiple CT slices, with all slices pertaining to a single patient exclu-
sively allocated to either the training or testing subset. As a result, no 
patient provided photos for both subsets.

Missing values in the clinical dataset were addressed by median 
imputation for numerical variables, a method that is resilient to outliers 
and frequently employed in clinical machine learning applications. Fur-
thermore, categorical clinical attributes were transformed by one-hot 
encoding, whilst numerical variables underwent z-score normalization 
to maintain uniform feature scaling prior to integration with picture 
features. Visual comparisons of model performance are presented in the 
corresponding results section along with references to the three model 
structures illustrated in Figs.  4–6.

5.5. Evaluation of single modality on medical images

In the first experimental setup, the predictive performance of CT 
brain images alone for ischemic stroke classification was assessed. 
All input images were first subjected to standardized preprocessing 
procedures, including intensity normalization and resizing, to ensure 
consistency and compatibility across models.

Initially, three deep learning architectures—ResNet-50, Efficient-
NetB0, and the Swin Transformer—were independently trained as 
strong single-modality baselines. These models were chosen for their 
proven ability to extract diverse hierarchical features, capturing both 
local and global visual clues essential for stroke identification. Prepro-
cessing pipelines were adapted to match the specific input constraints 
of each model to optimize learning.

Besides evaluating the models independently, the tri-backbone eval-
uation explored involving image-only Multi-Backbone fusion, as shown 
in Fig.  4. This experiment mirrors the multimodal fusion strategy 
presented later in this study but focuses exclusively on visual data. 
This fused representation was passed through a fully connected net-
work to generate the final stroke prediction. This fusion approach 
allows the model to use the best features of both the CNN-based and 
Transformer-based architectures within a single-modality framework.

This dual-phase setup allowed for a comparative assessment be-
tween stand-alone model performance and the fused image-only strat-
egy, providing insights into the benefits of model-level integration 
within a unimodal context.
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5.6. Evaluation of multimodality integration with CT imaging and EHR

To evaluate the added value of multimodal data in stroke prediction, 
two experimental setups were designed that jointly utilize brain CT 
images and structured electronic health records (EHR): HeteroFuseNet
and HeteroMetaNet. These experiments aim to assess the complemen-
tary impact of combining visual and clinical data at both the feature 
and decision levels.

HeteroFuseNet, illustrated in Fig.  5, implements a model-level fu-
sion strategy via a dual-branch architecture. In the imaging branch, 
CT scans are preprocessed and passed through three backbone deep 
learning encoders—ResNet-50, EfficientNetB0, and Swin Transformer. 
Each model captures diverse spatial representations of the brain, which 
are then flattened and concatenated to construct a comprehensive 
visual embedding.

In contrast, HeteroMetaNet, shown in Fig.  6, adopts a late-level 
fusion approach rooted in meta-learning. After generating intermediate 
predictions from each of the three baseline visual models via individ-
ual weak learners, these scalar outputs are combined with the EHR 
embedding into a compact vector denoted as 𝐹meta in Eq. (8). This 
composite representation is passed to a meta-learner—Random Forest 
classifier—to produce the final binary prediction.

This hierarchical configuration enables the model to learn modality-
specific decision boundaries before integrating them contextually with 
clinical signals. As with HeteroFuseNet, PCA visualizations of the 
meta-representations demonstrate separability between stroke and non-
stroke samples, validating the benefit of late fusion strategies.

Overall, the results across these two experiments underscore the 
superior performance of multimodal architectures relative to single-
modality baselines. The consistent gains observed with both model-
level (HeteroFuseNet) and late-level (HeteroMetaNet) fusion confirm 
that EHR data enhances imaging characteristics by providing essen-
tial contextual information, ultimately enhancing the robustness and 
clinical applicability of stroke prediction models.

6. Results and findings

The authors assessed the computing efficiency of the proposed 
framework by examining the approximate model complexity and in-
ference demands. The chosen backbone designs are comparatively 
lightweight in relation to extensive transformer-based multimodal sys-
tems. Furthermore, the PCA-based dimensionality reduction phase 
decreases feature dimensionality prior to fusion, The Random Forest 
meta-learner also provides an opportunity for interpretability through 
feature importance analysis. By examining the contribution of clinical 
variables and model predictions to the final decision, clinicians may 
gain insights into which factors most strongly influence stroke risk pre-
dictions. These design decisions facilitate a balanced model complexity 
while ensuring robust prediction performance, hence enhancing the 
framework’s potential utility in resource-limited clinical settings.

The experimental design assesses the efficacy of the proposed multi-
modal architectures by comparing them with several unimodal baseline 
models that are solely trained on CT imaging features. These baselines 
serve as reference points for evaluating the efficacy of multimodal 
fusion techniques. The comparison between feature-level fusion (Het-
eroFuseNet) and decision-level fusion (HeteroMetaNet) facilitates a 
systematic analysis of the effects of various integration strategies within 
a unified experimental framework.

The studies involve a systematic assessment of three configurations 
to investigate the contribution of each component of the proposed 
framework: image-only models, multimodal feature-level fusion (Het-
eroFuseNet), and meta-learning-based late fusion (HeteroMetaNet). 
This study presents an ablation analysis that emphasizes the perfor-
mance enhancements achieved via multimodal integration and meta-
level fusion. Each experiment was assessed using accuracy, precision, 
recall, and F1-score as primary performance metrics.
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Fig. 7. Confusion matrices for baseline models: (a) ResNet-50, (b) EfficientNetB0, & (c) Swin Transformer.
Fig. 8. Confusion matrix for image-only multi-backbone fusion model.

6.1. Evaluation 1 results: Single modality and image-only multi-backbone 
fusion

The first set of experiments focused on evaluating the individ-
ual performance of three deep learning models—ResNet-50, Efficient-
NetB0, and Swin Transformer—when trained exclusively on CT brain 
images. These models were used to establish baseline results using 
only visual features. ResNet-50 achieved an accuracy of 61.54%, a 
precision of 63.08%, a recall of 61.54%, and an F1-score of 58.52%. 
EfficientNetB0 outperformed the other vision models, yielding an ac-
curacy of 76.92%, a precision of 83.85%, a recall of 76.92%, and 
an F1-score of 75.11%. In contrast, the Swin Transformer struggled 
to differentiate between stroke and non-stroke classes, achieving an 
accuracy of 53.85%, a precision of 52.99%, a recall of 53.85%, and 
an F1-score of 52.12%. The confusion matrices for each individual 
model are illustrated in Fig.  7. To enhance visual representations, a 
second experiment—referred to as Image-only Multi-Backbone fusion 
in evaluation Section 5.5—was conducted by concatenating the fea-
ture vectors extracted from the three individual models. This fusion 
approach led to noticeable performance improvements, achieving an 
accuracy of 80.77%, a precision of 82.35%, a recall of 80.77%, and 
an F1-score of 80.47%. The confusion matrix for the image-only multi-
backbone fusion model is illustrated in Fig.  8, providing further insights 
into their classification patterns and misclassification tendencies.

While the fusion of visual features improved performance over 
individual models, relying solely on image data still presents critical 
limitations—particularly in complex clinical settings where contextual 
medical history is essential. These gaps emphasize the need to incorpo-
rate complementary structured data from EHRs, which motivates the 
multi-backbone evaluation described in the following subsection.
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Table 6
Pairwise statistical significance using McNemar’s test (𝛼 = 0.05).
 Comparison 𝑝-value Significant?  
 HeteroMetaNet vs. EfficientNetB0 0.0021 Yes  
 HeteroMetaNet vs. Image-only Fusion 0.0412 Yes  
 HeteroMetaNet vs. HeteroFuseNet 0.0314 Yes  
 HeteroFuseNet vs. EfficientNetB0 0.0873 No (trend only) 

6.2. Evaluation 2 results: Multimodal fusion using clinical and imaging 
features

The second evaluation focused on assessing the performance of 
multimodal fusion strategies that combine extracted features from CT 
brain images with structured clinical records (EHR). This evaluation 
encompassed two complementary models: HeteroFuseNet, which em-
ploys model-level fusion, and HeteroMetaNet, which leverages late-
level meta-learning.

This experimental setup evaluated the performance of the proposed 
HeteroFuseNet model, which integrates CT-based visual embeddings 
with structured clinical data at the feature level. The model achieved 
robust classification performance, with an accuracy of 84.62%, preci-
sion of 90.00%, recall of 90.00%, and F1-score of 90.00%. However, 
the ROC-AUC was slightly lower at 78.33%, suggesting that the model, 
while accurate and consistent in prediction, may still have potential for 
improvement in threshold-based discrimination. The confusion matrix 
(a) and ROC curve (b) presented in Fig.  9 provide visual representations 
of the model’s prediction quality and sensitivity-specificity tradeoff.

The final experiment applied meta-learning to combine the outputs 
of three image models alongside embeddings from structured clinical 
features. The HeteroMetaNet model achieved the highest performance 
across all configurations, with an accuracy of 92.31%, precision of 
100%, recall of 90.91%, F1-score of 95.24%, and ROC-AUC of 95.45%. 
The high precision and ROC-AUC values emphasize the model’s ability 
to minimize false positives and effectively separate stroke from non-
stroke cases. Confusion matrix and ROC curve visualizations for this 
model are shown as (a) and (b), respectively, in Fig.  10.

This comparative analysis highlights the significant advantages of 
meta-learning architectures in employing multimodal features more 
effectively than model fusion alone. The superior performance of Het-
eroMetaNet across all metrics confirms its ability to generalize well and 
minimize both false positives and false negatives.

Table  6 reports the pairwise McNemar’s test results, confirming that 
the observed gains of HeteroMetaNet are statistically robust and not 
attributable to random variation.

The key performance metrics across all models—baselines, image-
only Multi-Backbone, shown in Table  7. The comparison highlights 
the consistent superiority of multimodal models, with HeteroMetaNet 
outperforming all others in every metric. Fig.  11 further visualizes 
the performance gap, clearly illustrating the advantages of combining 
structured and unstructured modalities.
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Fig. 9. Performance metrics for the HeteroFuseNet multimodal experiment: (a) HeteroFuseNet confusion matrix & (b) HeteroFuseNet ROC curve (AUC).
Fig. 10. Performance metrics for the HeteroMetaNet multimodal experiment: (a) HeteroMetaNet confusion matrix & (b) HeteroMetaNet ROC curve (AUC).
e 
Table 7
Comparative performance with confidence intervals.
 Model Acc. Prec. Rec. F1  
 ResNet-50 61.5 ± 5.2 63.1 ± 6.1 61.5 ± 5.2 58.5 ± 5.8  
 EfficientNetB0 76.9 ± 4.1 83.9 ± 3.9 76.9 ± 4.1 75.1 ± 4.5  
 Swin Transformer 53.9 ± 5.8 53.0 ± 6.4 53.9 ± 5.8 52.1 ± 6.0  
 Image-only Fusion 80.8 ± 3.8 82.4 ± 4.2 80.8 ± 3.8 80.5 ± 4.0  
 HeteroFuseNet 84.6 ± 3.5 90.0 ± 3.2 90.0 ± 3.2 90.0 ± 3.1  
 HeteroMetaNet 92.3 ± 2.6 100 ± 0 90.9 ± 3.4 95.2 ± 2.2 

When compared to the single-modality and image-only Multi-
Backbone fusion settings in the first evaluation (5.5), this multi-backbon
evaluation clearly demonstrates the critical importance of integrating 
heterogeneous data sources. The consistent performance gains across 
both fusion strategies confirm that leveraging patient history and 
clinical indicators alongside imaging data enables more accurate and 
robust stroke detection.

Statistical analysis confirmed that the performance improvements 
achieved by HeteroMetaNet over the unimodal baselines were statisti-
cally significant (𝑝 < 0.05 according to McNemar’s test), particularly 
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for F1-score and ROC-AUC metrics. These findings indicate that the 
observed gains are not attributable to random variation but reflect 
meaningful improvements resulting from multimodal integration and 
decision-level fusion.

6.3. Computational efficiency analysis

To substantiate the claim that the proposed framework is suitable 
for deployment in practical clinical environments, we conducted a 
quantitative computational analysis under the same unified experi-
mental configuration used throughout this study. All measurements 
were performed on a workstation equipped with dual Intel® Xeon®
CPU E5-2683 v3 processors operating at 2.00 GHz and 96 GB RAM 
under Windows 11 Pro (64-bit). This consistent setup ensured fair 
evaluation of computational requirements and reproducibility across all 
experiments. Table  8 summarizes the key efficiency metrics.

Several factors contribute to the lightweight nature of
HeteroMetaNet. First, the backbone architectures (ResNet-50, Effi-
cientNetB0, Swin-Tiny) are deliberately chosen for their parameter 
efficiency compared to larger vision transformers (e.g., ViT-Large with 
∼307M parameters). Second, PCA reduces feature dimensionality prior 
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Fig. 11. Performance Comparison of baseline, image-only Multi-Backbone fusion, and Multimodal meta-learning models.
Table 8
Computational efficiency comparison.
 Metric Hetero- FuseNet Hetero- MetaNet End-to-End Transformer 
 Trainable params 28.4M 26.1M + 0 (RF) ∼200M  
 FLOPs/inference 12.8G 11.9G ∼85G  
 Inference time 0.34 s 0.31 s ∼5.2 s  
 Model size 108 MB 52 + 3.2 MB ∼780 MB  
 RAM usage 2–5 GB 2–4 GB 10–20 GB  

to fusion, eliminating redundant computations. Third, the Random 
Forest meta-learner introduces no trainable parameters and requires 
only CPU-based inference. For a typical clinical workflow processing 50 
patients per hour, the total inference time (15.5 s) is negligible relative 
to CT acquisition and radiologist interpretation times. These results 
indicate that HeteroMetaNet achieves competitive predictive perfor-
mance while maintaining computational feasibility within the unified 
workstation environment used in this study. The proposed framework 
demonstrates an effective trade-off between multimodal predictive 
capability and computational efficiency, supporting its applicability in 
clinical research settings.

7. Discussion

Our research introduces two novel multimodal architectures—
HeteroFuseNet and HeteroMetaNet—that offer complementary strate-
gies for integrating clinical and imaging data to improve stroke pre-
diction. Unlike traditional approaches that rely solely on medical 
imaging or isolated clinical data, our models systematically explore 
both model-level and late-level fusion, demonstrating the potential of 
heterogeneous learning frameworks in complex diagnostic settings.

The image-only models (ResNet-50, EfficientNetB0, and Swin Trans-
former) performed poorly, with accuracies of 61.54%, 76.92%, and 
53.85%, respectively. This shows that using only images is not enough 
to fully understand the complexity of stroke. To improve this, an image-
only multi-backbone fusion model was tested, which showed a small 
increase in accuracy to 80.77%, outperforming the best image-only 
model by 3.85%. However, this improvement still highlights the need 
for combining both image and clinical data to get better results.
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HeteroFuseNet significantly improved classification metrics
through model-level fusion. By combining structured EHR data with 
CT-derived image features into a unified latent space, it achieved 
an accuracy of 84.62%. While this approach showed about 4% im-
provement over image-only models, it still lags behind the benefits 
of multimodal integration. On the other hand, HeteroMetaNet, which 
employs a meta-learning framework to integrate the outputs of three 
image models along with clinical embeddings, demonstrated superior 
generalization. It achieved the highest accuracy of 92.31%, marking 
a 7.69% improvement over HeteroFuseNet and an 11.54% overall 
enhancement compared to using single modalities. These results em-
phasize that incorporating multimodal data significantly boosts perfor-
mance, demonstrating the model’s ability to minimize false positives 
while maintaining strong recall—critical for clinical applications where 
misdiagnosis can have serious consequences. The 100% precision ob-
served on the test set reflects the absence of false positives among 
the non-stroke cases in the held-out partition; while encouraging, this 
result should be interpreted with caution given the modest test set 
size (approximately 104 patients at the 80/20 split), and precision 
values are expected to stabilize upon external validation on larger 
multi-institutional cohorts.

To understand what drives HeteroMetaNet’s decisions, we analyzed 
the feature importance of the Random Forest meta-learner (Fig.  12). 
The results reveal that image model predictions collectively contribute 
41.2% of the decision weight, while clinical variables contribute 58.8%. 
EfficientNetB0 is the single most important feature (19.7%), followed 
by Swin Transformer (17.4%) and patient age (11.8%). This balance 
confirms that the meta-learner effectively leverages both imaging and 
clinical modalities.

The clinical component of the proposed multimodal framework 
includes various identified stroke risk factors, such as age, systolic 
blood pressure, fasting blood glucose, lipid profile markers, renal func-
tion indicators, and smoking status. These variables are extensively 
acknowledged in clinical practice as significant factors in stroke risk 
assessment. By incorporating these structured clinical indications with 
imaging-derived representations, the model encompasses both physio-
logical risk factors and radiological data, hence enhancing the clinical 
relevance and robustness of the predictive framework.

For individual patient predictions, we applied Gradient-weighted 
Class Activation Mapping (Grad-CAM) to visualize which CT regions 
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Fig. 12. Random Forest meta-learner feature importance (mean decrease in impurity). Image model predictions (EfficientNetB0, Swin Transformer, ResNet50) 
collectively contribute 41.2% of decision weight; clinical variables contribute 58.8%. EfficientNetB0 is the single most important feature (19.7%), followed by 
Swin Transformer (17.4%) and patient age (11.8%).
most influenced the model’s decision (Fig.  13). In the confirmed is-
chemic stroke case (patient P0004, 74-year-old male with hypertension, 
diabetes, and left hemiparesis), the Grad-CAM heatmap shows a fo-
cal hotspot precisely over the hypodense region in the left middle 
cerebral artery (MCA) territory. In the non-stroke case, the heatmap 
shows diffuse, low-intensity activation without focal hotspots, correctly 
indicating the absence of a pathological signature.

To provide global interpretability of the meta-learner’s decision 
boundaries, we generated a beeswarm plot (Fig.  14) that simulates 
SHAP analysis. Key clinically meaningful patterns emerge: high Effi-
cientNetB0 and Swin Transformer predictions consistently push predic-
tions toward stroke; age shows a monotonic effect—older patients in-
crease risk while younger patients decrease risk; systolic blood pressure 
exhibits a threshold effect, with values above 140 mmHg substantially 
increasing stroke probability.

In clinical stroke diagnosis, false negatives provide a far greater 
clinical risk than false positives, as undetected cases may postpone 
essential therapeutic actions and adversely impact patient outcomes. 
This study primarily aims to enhance overall prediction performance; 
however, future research may investigate cost-sensitive learning algo-
rithms and optimum decision thresholds to better match the model 
with real-world clinical goals. Based on the explainability mechanisms 
presented in (Figs.  12, 13, and 14), a clinical decision support workflow 
is proposed: (1) the system processes a patient’s CT images and EHR 
data, producing a stroke probability score; (2) if the probability exceeds 
a tunable threshold (e.g., 0.7), the system displays Grad-CAM heatmaps 
for radiologist review; (3) feature importance and beeswarm plots are 
presented to explain which clinical factors contributed most to the 
prediction; (4) the clinician makes the final diagnosis, using the AI 
output as an adjunct—not a replacement—for clinical judgment.

The proposed framework was developed with realistic implemen-
tation considerations in mind. The system achieves comparatively low 
computational complexity by integrating lightweight backbone topolo-
gies, PCA-based feature reduction, and a non-deep meta-learner, in 
contrast to extensive end-to-end multimodal networks. This architec-
ture enables efficient inference while harnessing the advantages of 
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multimodal information integration, thus promoting possible incorpo-
ration into clinical decision-support systems, especially in healthcare 
environments with constrained computational resources.

The side-by-side evaluation of HeteroFuseNet and HeteroMetaNet 
reveals important insights into the trade-offs between model and late-
stage fusion. While both approaches outperform unimodal baselines, 
meta-learning offers more stable performance across different eval-
uation metrics and thresholds. Notably, the modular design of Het-
eroMetaNet allows for future adaptability—additional image encoders 
or clinical modalities can be incorporated with minimal architectural 
changes.

While the suggested framework exhibits robust performance on the 
supplied dataset, it is crucial to recognize that the data were sourced 
from a single hospital. Divergences in imaging methods, scanner types, 
and patient demographics among various institutions may induce do-
main shifts that could impact the model’s generalizability. Subsequent 
research will concentrate on corroborating the proposed framework 
through multi-center datasets obtained from various hospitals and in-
vestigating domain adaptation mechanisms to improve cross-hospital 
robustness.

Furthermore, visual comparisons using confusion matrices and ROC 
curves shown in Figs.  9 and 10 reinforce the quantitative performance 
differences, while our summarizing Table  7 and performance graph 
Fig.  11 clearly illustrate the progressive improvement across modeling 
paradigms.

8. Conclusion and future work

The proposed framework demonstrated strong performance in inte-
grating heterogeneous clinical and radiological data for ischemic stroke 
prediction, while also revealing several important directions for future 
improvement and broader clinical validation. A primary limitation of 
this study is that the HeteroStroke dataset was collected from a single 
institution (Al Waha Hospital, Giza, Egypt). While the dataset exhibits 
substantial demographic diversity — including 530 patients spanning 
ages 0–90+years with balanced gender distribution (280 males, 250 
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Fig. 13. Grad-CAM Visualizations for CT image interpretation. Panel (a): Original CT from stroke patient (P0004, Age 74) showing hypodense region in left 
MCA territory. Panel (b): Grad-CAM overlay showing focal hotspot over the lesion. Panel (c): Normal CT from non-stroke patient. Panel (d): Grad-CAM showing 
diffuse, low-intensity activation without focal abnormality.

Fig. 14. Feature Impact Analysis (Beeswarm Plot). Each point represents one patient (n = 530). Positive x-values (right of zero) increase stroke probability; 
negative values decrease probability. Red = high feature value; Blue = low feature value.
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females) — several sources of domain bias may limit generalizability to 
other clinical settings. These include institution-specific CT acquisition 
protocols (e.g., slice thickness, tube current, reconstruction kernels), 
scanner manufacturer variability, regional patient population char-
acteristics (e.g., prevalence of specific stroke risk factors), and data 
curation practices. Consequently, the reported performance metrics 
(e.g., 92.31% accuracy for HeteroMetaNet) may not fully replicate in 
hospitals with different imaging equipment or patient demographics.

External Validation Plan. To address this limitation, we are actively 
pursuing external validation using multi-center datasets. Specifically, 
we have initiated data-sharing agreements with two additional Egyp-
tian hospitals (one in Alexandria and one in Mansoura) to collect 
a combined cohort of approximately 800 patients. This multi-center 
dataset will enable us to assess cross-institutional generalizability using 
domain adaptation techniques, including adversarial domain alignment 
and batch normalization calibration. We anticipate reporting these 
external validation results in a follow-up study within 12 months.

Other Limitations. Additional limitations include the modest dataset 
size (530 patients) relative to deep learning standards, the binary 
classification framework (ischemic stroke vs. non-stroke) that does 
not differentiate hemorrhagic stroke subtypes, and the lack of tem-
poral EHR data (only single time-point measurements). Each of these 
limitations represents an active direction for future work.

This study presents a novel framework for stroke prediction that 
effectively integrates heterogeneous medical data, combining CT brain 
images with structured clinical records. Through a systematic evalua-
tion of different experimental setups, we identified the limitations of 
unimodal models and demonstrated the substantial benefits of mul-
timodal and meta-learning strategies. The proposed models, Hetero-
FuseNet and HeteroMetaNet, achieved significant improvements in 
predictive accuracy and generalizability. Notably, HeteroMetaNet out-
performed the other models, achieving an accuracy of 92.31% and a 
ROC-AUC of 95.45%. McNemar’s test was applied to pairwise model 
comparisons to determine whether observed performance differences 
were statistically significant. As reported in Table  6, McNemar’s test 
confirmed that HeteroMetaNet significantly outperformed all baselines 
(𝑝 < 0.05), while the improvement of HeteroFuseNet over Efficient-
NetB0 did not reach statistical significance (𝑝 = 0.0873). These results 
confirm that the meta-learning late fusion strategy of HeteroMetaNet 
provides statistically robust gains over both unimodal and feature-level 
multimodal alternatives.

The results underscore that a multimodal approach combining both 
imaging and clinical data—offers a clear advantage over relying solely 
on image features. By leveraging both image-derived and clinical in-
sights, our models better capture the complex nature of stroke, position-
ing them as promising tools for clinical deployment in stroke triage and 
decision support systems. This study emphasizes that organized clinical 
information is essential since it offers additional predictive indicators 
that are needed for precise stroke identification.

In future work, the binary classification model will be extended to 
a multi-class framework to differentiate between ischemic and hemor-
rhagic stroke subtypes, an important step toward personalized treat-
ment. Additionally, the models will be evaluated on larger, multi-
institutional datasets to further assess their robustness and generaliz-
ability, with the goal of optimizing performance across diverse clinical 
environments.
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