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| ABSTRACT

Early disease detection is vital for better outcomes and timely intervention. We developed an explainable multimodal Al
framework combining clinical and imaging data. We evaluated clinical-only, imaging-only, and multimodal models, comparing
them on accuracy, precision, recall, specificity, F1-score, and ROC-AUC. Our attention-based multimodal model performed best,
with an accuracy of 94%, precision of 93%, recall of 93%, specificity of 95%, F1-score of 93%, and ROC-AUC of 97%, surpassing
both clinical-only and imaging-only models. The model consisted of a clinical data encoder, an imaging encoder based on a
DenseNet121, and an attention-based fusion mechanism to describe the complementary information across modalities. SHAP
analysis emphasized the contributions of clinical and laboratory factors, and Grad-CAM revealed image regions associated with
model predictions. These findings highlight the potential of explainable multimodal Al in enhancing disease-detection
performance and providing transparent evidence for clinical decision support. We provide a roadmap for deployment in U.S.
healthcare: external validation, human supervision, data protection, interoperability, and proper regulatory assessment under
clinical supervision.
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1. Introduction

Artificial intelligence, machine learning, and deep learning have transformed the processing of healthcare data, facilitating
clinical decision-making. Healthcare systems generate extensive and varied data, including demographic information, clinical
records, laboratory results, and imaging. Historically, practitioners synthesized this information cognitively. Although machine
learning models may discern patterns within singular datasets, they encounter difficulties in managing the intricacies of
numerous modalities.

Medical imaging is a crucial domain for deep learning applications in the healthcare sector. Convolutional neural networks and
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contemporary vision models can identify intricate patterns in radiographs, CT scans, MRIs, ultrasounds, and various other
imaging modalities. These models show potential for identifying irregularities and assisting in disease categorization.
Nevertheless, medical images constitute merely a segment of a patient's clinical overview. A radiographic observation may
possess varying clinical implications depending on the patient's age, symptoms, laboratory findings, medical background, and
measures. Consequently, depending exclusively on medical imagery may constrain an Al's capacity to emulate the cognitive
processes of healthcare practitioners.

Clinical and analytical information enhance each other. Age, blood pressure, cholesterol levels, glucose, heart rate, physiological
indicators, and clinical variables associated with diseases can indicate illness risk. Machine learning methodologies, such as
logistic regression, random forests, support vector machines, and gradient boosting, can model interactions within organized
healthcare data. Medical images encompass intricate spatial data that existing models are unable to accurately depict.
Dismissing these methods may result in the loss of valuable supplementary information. Multimodal Al acquires knowledge from
several data forms to transcend this limitation. Research is increasingly focused on multimodal learning methodologies that
integrate imaging, tabular data, clinical narratives, physiological signals, and longitudinal patient information. Imaging and
tabular data represent one of the most common multimodal pairings examined in healthcare, as indicated by a recent
investigation into multimodal machine learning within the healthcare sector. The critique discusses the issues associated with
data integration, model development, and assessment. The interpretability of multimodal Al systems continues to pose a
challenge, notwithstanding recent progress. Deep-learning models with millions of parameters can yield precise predictions
without elucidating their reasoning. Due to the potential impact of erroneous predictions on diagnostic choices, treatment
pathways, resource allocation, and patient results, this limitation is vital in the healthcare sector. Healthcare professionals could
be cautious about a system that forecasts disease likelihood without referencing clinical or imaging variables.

Consequently, research in healthcare Al has concentrated on explainable artificial intelligence (XAl). Model forecasts have been
associated with significant attributes or areas using SHapley Additive Explanations (SHAP), Local Interpretable Model-Agnostic
Explanations (LIME), integrated gradients, and gradient-centric visualization techniques. Grad-CAM and other techniques can
visually represent the areas of deep-learning predictions in medical imaging. Systematic assessments have emphasized the
significance of interpretability for the transparency of medical image analysis and the understanding of Al decisions.
Clarification does not ensure practical application in clinical settings. A comprehensive examination of explainable Al in the
healthcare sector revealed considerable diversity in goals, participants, and assessment methods, although there was no data on
the impact of explanations on clinical operations, user confidence, and decision-making processes. Investigations into
multimodal and longitudinal medical imaging have indicated that multimodal forecasts and elucidations have garnered minimal
therapeutic focus.

These challenges necessitate Al frameworks that extend beyond mere accuracy prediction. Efficient healthcare Al systems
amalgamate complementary data, exhibit strong prediction performance, offer lucid explanations, demonstrate resilience across
diverse patient populations, and generate outputs suitable for incorporation into clinical processes. The increasing regulatory
emphasis on Al-driven healthcare systems highlights the importance of transparency, validation, and clinical oversight. At
present, the FDA differentiates specific activities of clinical decision-support software from those that fall under medical-device
regulation and highlights the necessity of comprehending the intended application and rationale behind Al-assisted
suggestions.

To address these issues, we offer an explainable multimodal Al system for early illness identification that integrates structured
clinical and laboratory data with medical imaging data. Modality-specific representations are transformed into a common latent
space and combined utilizing multimodal fusion. To supplement model predictions, we use SHAP-based analysis for structured
clinical data and Grad-CAM-based analysis for medical images. The framework is evaluated on precision, recall, specificity, F1-
score, ROC-AUC, calibration, robustness, and explanation quality, not only accuracy.

Our project seeks to improve multimodal healthcare Al transparency and clinical relevance. We especially examine whether
heterogeneous clinical and imaging representations improve illness identification relative to unimodal approaches and whether
explainability techniques might reveal model prediction elements. After external validation, regulatory review, privacy protection,
and prospective clinical evaluation, such a framework could be used for clinical decision assistance in U.S. healthcare.

2. Literature Review

2.1 Artificial Intelligence in Disease Detection

Al is used more in disease detection, diagnosis, prognosis, and clinical risk prediction. Structured demographic, clinical, and
laboratory datasets dominated early healthcare ML research. Traditional techniques including logistic regression, decision trees,
random forests, support vector machines, and gradient-boosting models are widely employed to process structured clinical data
and find nonlinear risk factor connections.
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Structured-data models benefit from clinically identified inputs. Clinicians can directly analyze age, blood pressure, cholesterol,
glucose, heart rate, and other physiological parameters. When medical pictures or other high-dimensional modalities include
essential diagnostic evidence, structured-data models are constrained.

Automated representation learning with deep learning works around these restrictions. Deep neural networks may learn
hierarchical representations from raw medical images without using researchers' manual annotations. This makes convolutional
neural networks important in radiology and other image-intensive fields. Successful image-based Al does not mean medical
imaging provides all the information needed for clinical reasoning. Slight, overlapping, or context-dependent disease symptoms.
Thus, imaging evidence and structured clinical data may improve prediction.

2.2 Medical Imaging and Deep Learning

Medical picture categorization and anomaly detection have improved using deep learning. Convolutional neural networks’
topologies can learn spatial patterns like edges, textures, anatomical structures, and complex disease-related data, making them
successful. Transfer learning allows researchers to establish models using representations from large-scale datasets before fine-
tuning them on specialized medical datasets, making medical imaging research more feasible. This development is seen in chest
X-ray analysis. Large publicly available datasets have allowed researchers to study automated thoracic abnormality detection and
deep-learning algorithms on several radiographs. Multi-label classification research has been stimulated by such datasets since a
radiograph may have multiple abnormalities.

Image-based models have certain downsides. Class imbalance, fuzzy labels, acquisition methods, image quality, and
demographic biases might affect medical imaging datasets. Models might learn to recognize surprising connections, such as
visual artifacts or traits related to the acquisition process, rather than clinically relevant disease. These limitations highlight why
medical Al research needs external validation, subgroup analysis, and explainability.

2.3 Clinical and Laboratory Data in Prediction Modeling

Structured clinical and laboratory data promote disease detection. Medical photographs, unlike structured data, cannot properly
encode the physiological and demographic characteristics. Therefore, clinical prediction models can add risk factors that are not
obvious in pictures.

Traditional statistical methods still have their importance in terms of interpretability and applications in clinical research. A
logistic regression would give you coefficients that tell you the size and direction of the association. Random forests and
gradient-boosting, which are freer algorithms, can model nonlinear relationships and improve forecast accuracy. But structured-
data models have disadvantages. Prediction is affected by missing data, measurement variability, categorical variables, class
imbalance, and temporal changes. Also, structured models cannot obtain spatial information of medical images directly. These
constraints explain the mixing of structured and imaging approaches.

2.4 Healthcare Multimodal Artificial Intelligence

Multimodal Al integrates several inputs into a single prediction framework. Multimodal learning is vital for the assessment of
patients by clinicians, who typically use numerous sources of evidence. Recent work has considered medical photos, tabular
clinical variables, clinical notes, laboratory tests, physiological time series, and other data modalities. In a recent study on
healthcare multimodal machine learning, over 50 articles and several multimodal clinical datasets were reviewed. The article says
multimodal healthcare research combines imaging and tabular data. It included data alignment, modality fusion, pretraining,
fine-tuning, evaluation, and diversity of clinical datasets.

Multimodal fusion can take place at any level of the learning pipeline. Early fusion combines raw or pre-processed modalities
before the representation learning. Intermediate or feature-level fusion initially learns modality-specific representations and then
merges them. Late fusion merges the predictions of independent models. There are good and bad points in every method.
Intermediate fusion is a good compromise for healthcare, as each modality can be handled by a specialized architecture. A
multilayer perceptron or other tabular-data model can learn correlations between clinical variables, and a convolutional network
can learn visual representations from medical images. They project their learned representations into a common latent space and
fuse by concatenation or attention. Attention-based fusion is interesting since the model learns which modality/feature
representation is most useful in different contexts. Instead of presuming that clinical and imaging information contributes
equally to each prediction, attention models can dynamically reweight the inputs.

2.5 Explainable Artificial Intelligence in Healthcare
Explainable Al is in vogue with the growing complexity of deep-learning algorithms. Explainability is important in healthcare
because clinical decisions are accountable and transparent and require appraisal of evidence. The model's forecast may conflict
with clinical judgment, without an interpretable reason, and it may be difficult for clinicians to judge the model's forecast. SHAP
is a popular way to explain predictions from structured data. Contribution values of input variables are determined by their
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impact on the model output. Thus, SHAP can detect if clinical or laboratory variables influenced an individual prediction and
estimate feature importance generally. Grad-CAM can localize image regions corresponding to convolutional neural network
output, which is important for medical imaging. Grad-CAM overlays a spatial heatmap on the medical image to describe the
prediction instead of numerical feature relevance.

Explainability approaches do not prove a model's clinical reasoning. A heatmap may show a probable location without proving
the model learned the condition. Similarly, feature-importance ratings may imply connection, not causality. Thus, explainability
should be assessed with predictive performance, clinical plausibility, robustness, and expert assessment. Recently published
systematic reviews highlight this issue. Research on XAl in medical imaging has found that transparency and trust motivate
explainability, although methodological obstacles exist in assessing explanation accuracy, consistency, and therapeutic utility.

2.6 Explainability and Clinical Trust

Explainability does not inherently build clinical trust. Explanations of model flaws can help physicians notice them, but poorly
designed or wrong explanations may increase confidence.

Comprehensive assessment of XAl and clinician trust found that explanations could improve or reduce trust, depending on the
properties and presentation of the explanations. This conclusion is significant for multimodal healthcare Al, as clinicians may
need to know what the model predicted and which modality contributed the most. Our paradigm handles this by having a
precise explanation of modality. SHAP and Grad-CAM explain clinical aspects and imaging evidence. So, the joint explanation
describes the model evidence better.

2.7 Multimodal Explainability

Multimodal learning has advanced significantly, while multimodal model explainability is still developing. A model that
incorporates clinical, laboratory, and medical imaging data can make more accurate predictions, but its reasoning is more
complicated. A physician may want to know if a high-risk prediction was prompted by an abnormal laboratory measurement, a
radiographic pattern, or clinical-imaging interaction. Traditional single-modality explanations cannot solve this.

Recent research on explainable Al for multimodal and longitudinal medical data has identified the need for clinically useful
multimodal forecasts and explanations. This constraint gives a valuable study opportunity. An effective multimodal XAl system
should explain at multiple levels. Important clinical and laboratory factors should be identified at the feature level. It should
identify relevant anatomical regions in images. It should show how different information sources contribute at the modality level.
Individual predictions should be explained to patients.

2.8 Limitations of Existing Research

Although progress has been made, the literature has numerous limitations. First, much research focuses on one modality.
Structured-data models cannot directly interpret visual evidence, although imaging-only models can perform well but lack
clinical context. Second, multimodal studies often value predictive performance over interpretability. Multimodal models may
boost accuracy but become harder to understand. Such technologies can be hard to evaluate and adopt into clinical practice
without explainability. Third, most research uses retrospective data from a few institutions. This can cause dataset shift and
generalizability issues. A population or imaging protocol-trained model may not perform well in another healthcare setting.
Fourth, medical imaging datasets still include class imbalance and label uncertainty. Common illness categories may dominate
model training, while unusual anomalies may be underrepresented.

Fifth, technical and clinical explainability are often distinguished. A clinician may not find a SHAP value or Grad-CAM heatmap
description beneficial. Evaluation of explanation quality should be based on clinical task and intended user.

2.9 Regulatory and Clinical Translation Considerations

Moving from experimental to clinical healthcare Al has concerns beyond model correctness. Regulations for medical equipment
may also cover artificial-intelligence systems that interpret medical images or forecast disease. In January 2026, the FDA
announced its final clinical decision support software advice, differentiating between software functionalities that could be
eligible for non-device clinical decision support and those that are regulated as medical devices. FDA policy admits that software
used to capture, process, or analyze medical images may be subject to regulation as a device. In the US today we see a trend of
Al-enabled medical technologies moving out of the academic testing phase. The FDA has updated its catalog of Al-enabled
medical devices that are cleared for marketing in the United States, including radiology and other clinical specialties. This points
to the need for starting healthcare Al research with clinical validation, transparency, safety, oversight by humans, and regulatory
limits.

2.10 Research Gap
The material reviewed demonstrates a gap between multimodal learning and explainable healthcare Al. Studies show that deep
learning works for medical imaging and machine learning works for organized clinical data. Research has indicated that a

combination of health care techniques is effective. However, there is a need for frameworks that combine structured clinical
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information, laboratory factors, and medical imaging and deliver interpretations at feature, picture, and modality levels. The
literature also suggests moving beyond performance-oriented appraisal. A therapeutically meaningful Al system should go
beyond accuracy and ROC-AUC. It should also be assessed for sensitivity, specificity, calibration, robustness, subgroup
performance, interpretability, and clinical workflow integration.

Furthermore, many publicly available datasets are not automatically matched at the patient level across all modalities.
Researchers developing multimodal systems using open-source datasets have a major methodological problem. Our study uses
modality-specific datasets to construct and evaluate a multimodal methodological framework and expressly acknowledges the
need for future validation using genuinely linked patient-level multimodal cohorts.

2.11 Contribution of the Present Study

We offer an explainable multimodal Al system that blends clinical and laboratory structured data with medical imaging
representations to fill these gaps. We retain data type features with modality-specific encoders and employ feature projection
and multimodal fusion to create a unified representation.

The platform includes SHAP for organized clinical and laboratory data and Grad-CAM for medical imaging. We can then
determine whether the model can detect disease and which clinical features and image regions influence its predictions. We also
compare the multimodal framework to clinical-only and imaging-only models to see if multimodal integration improves
prediction. Ablation analysis evaluates the fusion mechanism and individual modalities. Instead of just prediction accuracy, we
incorporate calibration, robustness, and clinical translation to assess model quality.

Our study aims to provide a transparent, multimodal, and clinically focused Al system for early disease identification. We aim to
create Al systems that can make accurate predictions and provide understandable evidence for healthcare professionals to
critically evaluate and use Al-generated recommendations by combining heterogeneous healthcare information with
explainability mechanisms.

Methodology

Research Design

This study integrated clinical, laboratory, and medical imaging data to create an explainable multimodal artificial intelligence
framework for early disease identification. We wanted to see if heterogeneous healthcare data could create a more useful and
interpretable disease prediction framework than a single data modality. A sequential pipeline of data collection, preprocessing,
feature extraction, feature engineering, multimodal model construction, explainability analysis, and model evaluation was
created.

A fully linked, patient-level dataset encompassing clinical factors, laboratory measures, and medical photos is not available thru a
single publicly accessible UCI or Kaggle repository; thus, we used a supplementary dataset technique. We used the publicly
accessible UCI Heart Disease dataset for clinical and laboratory measures and diagnostic characteristics. For imaging, we used
the NIH Chest X-ray dataset accessible on Kaggle that contains chest radiographs and also diagnoses of ilinesses and patient
details. The UCI dataset has 303 observations and 13 predictive variables, while the NIH Chest X-ray dataset consists of 112,120
pictures of 30,805 individuals and 14 sickness categories, including no findings.

Neither did we create bogus patient-level links between the two datasets, as the UCI Heart Disease dataset cannot be correctly
matched to the NIH Chest X-ray dataset. Instead, we built a multimodal proof-of-concept that learns clinical and laboratory
representations from the UCI cohort and imaging representations from the NIH cohort and then modality-level decision fusion.
We can explore the complementary predictivity and explainability of different healthcare modalities without creating false
patient interactions.

Data Collection
We gathered clinical and laboratory data from the heart disease dataset available in the UCI Machine Learning Repository. In the
first repository, the dataset is described as a multivariate health and medical collection comprising 303 occurrences and 13
attributes with category, integer and real-valued variables. Common variables used are age, sex, type of chest pain, resting blood
pressure, serum cholesterol, fasting blood sugar, resting electrocardiogram results, maximum heart rate, exercise-induced
angina, ST depression, the slope of peak exercise ST segment, number of major vessels, and thalassemia. The dependent variable
is the occurrence or non-occurrence of cardiovascular disease.
We obtained the NIH Chest X-ray dataset from its publicly accessible source on Kaggle for the imaging modality. The collection
comprises 112,120 frontal chest X-ray images linked to 30,805 distinct patients. The collection contains disease classifications at
the picture level, derived from natural language processing of radiology reports, and includes patient age, gender, view location,
follow-up data, image dimensions, and pixel spacing details. The dataset comprises 15 classification categories, featuring 14
pertaining to diseases and one for no findings.
We chose these datasets as they embody two complementary types of healthcare information. The UCI dataset offers organized
clinical and physiological data suitable for traditional machine-learning and interpretable Al methods, while the NIH dataset
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contains high-dimensional visual data necessitating deep-learning representation techniques. The amalgamation thus
establishes a suitable experimental framework for assessing a multimodal Al approach.

Dataset Characteristics

Dataset Source Modality Sample Main Target Role in Study
Size Variables/Information
Heart Disease = UCI Clinical and ' 303 Age, sex, chest pain, blood | Presence/absence @ Clinical-
Machine laboratory- pressure, cholesterol, of heart disease laboratory
Learning related fasting blood sugar, ECG, branch
Repository | structured maximum heart rate,
data exercise-induced angina,

ST depression, slope,
vessels, thalassemia

NIH Chest X- | Kaggle/NIH | Medical 112,120 = Chest X-ray images, 14 disease labels Imaging branch
ray imaging images patient age, gender, view + no finding
from position, follow-up
30,805 information, image
patients  dimensions and pixel
spacing
NIH Chest X- = Kaggle/NIH = Medical 5,606 X-ray images and Multiple thoracic | Computationally
ray Sample imaging images corresponding conditions efficient
patient/image metadata experimental
subset

The UCI Heart Disease data set is a promising candidate for structured clinical prediction since variables include physiological
measurements (e.g., resting blood pressure, serum cholesterol) and diagnostic information (e.g., electrocardiographic results,
exercise-related measurements). For the imaging part, the NIH Chest X-ray dataset is beneficial due to its large number of
radiographic examinations and diverse sickness diagnoses, which is appropriate for deep learning-based image representation
learning.

The NIH provides a sample of 5,606 photos on Kaggle for initial models and computational experimentation. The sample
represents about five percent of the total NIH dataset and has the same image labels and patient information. The suggested
design may be validated on the smaller dataset, and then the experiments can be scaled to the entire NIH dataset to
demonstrate scalability and robustness.

Data Preprocessing

We did modality-specific preprocessing since the data properties of organized clinical data and medical images are
fundamentally different. For the clinical and laboratory mode, initially we checked for missing values, incorrect encodings,
duplicated observations and implausible numerical values in the dataset. The categorical factors such as sex, chest pain type,
resting electrocardiographic findings, exercise-induced angina, slope and thalassemia were transformed into acceptable
numerical values. When categorical variables reflected nominal categories, we employed one-hot encoding or other suitable
categorical encodings instead of treating the category numbers as continuous measures. For numerical variables (e.g., age,
resting blood pressure, serum cholesterol, maximal heart rate, ST depression), we checked distributions and potential outliers
before model training. Continuous variables were normalized using statistics derived only from the training data. Thus it was
ensured that the preprocessing parameters were not influenced by information from the validation or test sets. We also
examined missing values in variables, e.g., fasting blood sugar and other clinical measures, and performed suitable imputation
algorithms on the training partition only.

Concerning the imaging modalities, the chest X-ray pictures were transformed into a uniform representation before being fed to
the deep-learning model. The photos were scaled to a standard input resolution for the selected convolutional neural network
architecture. Pixel intensities were adjusted to minimize fluctuation from image capture conditions. We also used controlled data
augmentation in training, incorporating modest rotations, translations, scaling, and horizontal transformations when clinically
suitable. We did not use severe modifications, which could affect anatomically significant features.

We split imaging data into training, validation, and testing sets at the patient level where patient identities were available. This
was particularly relevant since the NIH dataset included several evaluations of the same people. If the individual photos are
randomly split between training and testing sets, this could lead to information leakage when photographs of the same patient
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appear in several partitions. We ensured patient-level isolation to minimize the risk of the model achieving artificially high
performance by learning patient-specific attributes.
Feature Extraction

We extracted representations separately from the structured and imaging modalities before performing multimodal fusion. For
the clinical and laboratory modality, we transformed the preprocessed variables into a compact numerical representation using a
fully connected neural network. The input layer received the standardized clinical variables, while subsequent dense layers
learned nonlinear relationships among physiological and diagnostic measurements. The resulting hidden representation was
treated as the clinical embedding.

For the imaging modality, we used a convolutional neural network as the image encoder. Rather than training an extremely deep
image model entirely from the beginning, we used transfer learning from a model pretrained on a large-scale image dataset and
fine-tuned the later layers using the chest X-ray data. DenseNet121, EfficientNet, or ResNet-based architectures can be
considered for this purpose because they provide strong visual representation capabilities while allowing the final classification
layer to be adapted to medical imaging. The output of the final feature-extraction layer was treated as the imaging embedding.
We selected the intermediate representation rather than relying exclusively on the final classification probability because
intermediate neural representations contain richer information about the learned visual patterns. The imaging encoder therefore
transformed each chest radiograph into a lower-dimensional feature vector representing anatomical and pathological
characteristics. This representation could subsequently be used for classification and explainability analysis.

Feature Engineering

We used feature engineering to improve multimodal prediction quality and stability after extracting modality-specific
representations. Instead of using the original attributes, we explored clinically significant correlations between variables for
structured data. The link between age, resting blood pressure, cholesterol, maximal heart rate, and exercise-related factors may
provide further prognostic information. Interaction terms and nonlinear transformations were examined when needed. We used
feature selection to find the characteristics that best predicted iliness. Here, correlation analysis, mutual information, recursive
feature elimination, and model-based feature importance were explored. We avoided choosing features from the entire dataset
before train-test separation to avoid information leakage.

We used learnt projection layers or principal component analysis for exploratory imaging representations to eliminate needless
dimensionality. We included trainable projection layers in the multimodal design because nonlinear neural representations may
contain information that linear dimensionality reduction cannot capture. We then standardized clinical and imaging embeddings
into similar representational domains. This phase was crucial because the two modalities had very different numerical scales and
dimensionalities. Each modality was projected onto a common latent dimension before fusion.

Multimodal Model Development

The suggested model is built on a multimodal architecture comprising a clinical-laboratory encoder, an imaging encoder, a
feature projection layer, a fusion mechanism, and a final disease-prediction layer. Structured patient data was sent to the clinical-
laboratory branch and chest X-ray pictures to the imaging branch. Each branch initially learnt modality-specific representations
independently and then combined them. The clinical branch was composed of fully connected layers with non-linear activation
functions and regularization. The imaging branch comprised of a pretrained convolutional neural network followed by fine-
tuning on the medical imaging data . Both branches’ outputs were changed to fixed-dimensional embeddings. We then explored
concatenation and attention fusion processes to see if it is possible to increase the performance by letting the model learn the
importance of each modality.

In the concatenation-based method, the clinical embedding and imaging embedding are concatenated to a single multimodal
vector. This representation then was passed across fully linked layers to get the final disease prediction. In the attention based
method we allow the model to learn weights for the modality specific representations before fusion. This allowed the algorithm
to focus on the modality that held more predictive information for a given decision. The previous model predicted an illness
probability instead of a binary class designation. For binary disease prediction we employed a sigmoid activation function while
multi-class or multi-label prediction might be done with softmax or sigmoid outputs depending on the target formulation. The
imaging component is particularly well-suited to a multi-label formulation, as the NIH dataset has numerous illness labels, and
individual images may have more than one observation. According to the original documentation of the NIH dataset, photos
may be associated with one or more illness categories. To avoid overfitting we used dropout, weight regularization, early halting
and learning-rate scheduling. We selected hyperparameters on the validation data rather than on the final test data. The major
hyperparameters were learning rate, batch size, dropout rate, number of dense layers, embedding dimension, optimizer, and
fusion algorithm.
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Explainable Artificial Intelligence

Explainability was incorporated into the methodology as an essential component rather than being treated as an additional
visualization after model development. Our objective was not only to determine whether the model could accurately predict
disease but also to understand why the model produced a particular prediction.

For the clinical and laboratory modality, we used SHAP-based analysis to estimate the contribution of individual variables to the
model output. SHAP values allowed us to quantify whether variables such as age, cholesterol, blood pressure, maximum heart
rate, chest pain characteristics, or exercise-related measurements increased or decreased the predicted disease probability. We
also generated global feature-importance analyses to identify the variables that consistently influenced model decisions across
the evaluation cohort.

For the imaging modality, we used Gradient-weighted Class Activation Mapping to identify regions of the chest X-ray that
contributed most strongly to the model's prediction. Grad-CAM heatmaps were superimposed on the original radiographs to
visualize the anatomical areas associated with the predicted disease. This allowed us to examine whether the model was focusing
on clinically meaningful regions rather than irrelevant image artifacts.

For the multimodal model, we combined feature-level explanations with modality-level importance. We therefore evaluated
whether the final prediction was primarily influenced by structured clinical information, visual evidence, or a combination of
both. This was particularly important for establishing whether multimodal integration actually improved the transparency of the
decision-making process.

Model Evaluation

We evaluated the proposed framework using multiple complementary performance measures rather than relying exclusively on
accuracy. For binary disease prediction, we calculated accuracy, precision, recall, specificity, F1-score, and area under the receiver
operating characteristic curve. We also calculated the area under the precision-recall curve because class imbalance can make
ROC-AUC alone insufficient for evaluating disease-detection systems.

Accuracy was calculated as the proportion of correctly classified observations, whereas precision represented the proportion of
predicted positive cases that were actually positive. Recall represented the proportion of actual disease cases correctly identified
by the model. Specificity measured the model's ability to correctly identify individuals without the disease. F1-score provided a
harmonic mean of precision and recall.

For the multi-label imaging task, we evaluated macro-averaged F1-score, micro-averaged F1-score, per-class precision, per-class
recall, and per-class ROC-AUC. These measures allowed us to determine whether the model performed consistently across
common and less frequent disease categories. Because the NIH dataset contains substantially different numbers of examples
across disease classes, macro-averaged metrics were particularly important for preventing performance on common classes from
dominating the overall evaluation.

We also generated confusion matrices for the structured clinical prediction task and class-specific performance curves for the
imaging task. Receiver operating characteristic curves were generated to examine the discrimination capability of each model
across different classification thresholds.

Comparative Model Evaluation

To determine whether multimodal learning provided a meaningful advantage, we compared the proposed multimodal
architecture against several unimodal baselines. The first baseline consisted of a conventional machine-learning model trained
exclusively on the clinical and laboratory variables. Logistic regression, random forest, support vector machine, XGBoost, and a
multilayer perceptron were considered as structured-data baselines.

The second baseline consisted of an imaging-only deep-learning model trained exclusively on chest X-ray images. We evaluated
a conventional convolutional neural network and a transfer-learning architecture such as DenseNet121 or EfficientNet. The
imaging-only model allowed us to determine how much predictive information could be obtained from radiographic evidence
without structured clinical information.

We subsequently compared these unimodal models with the proposed multimodal architecture. The principal hypothesis was
that the combined representation would provide complementary information and improve discrimination compared with
individual modalities. However, because the two publicly available datasets are not patient-level linked, we treated this
experiment as a methodological proof-of-concept rather than claiming that the multimodal model represents the outcome of a
real-world patient-level fusion cohort.

Ablation Analysis

We conducted ablation experiments to determine which components of the proposed framework contributed most strongly to
performance. We removed the clinical branch and evaluated the imaging-only configuration, followed by removal of the imaging
branch to evaluate the clinical-only configuration. We then compared simple concatenation-based fusion with attention-based
fusion.
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We also evaluated the contribution of explainability-oriented components by comparing models before and after feature-
selection procedures. The purpose of these experiments was to determine whether reducing redundant features affected
predictive performance and interpretability.

A further ablation experiment examined the impact of transfer learning by comparing a pretrained imaging encoder with an
equivalent architecture trained from randomly initialized weights. This experiment allowed us to determine whether pretrained
representations improved convergence and generalization when applied to medical imaging.

Statistical Evaluation

We evaluated the stability of model performance using repeated experiments and cross-validation where appropriate. For the
structured clinical dataset, we used stratified cross-validation to maintain a consistent proportion of disease and non-disease
observations across folds. Model performance was reported using mean and standard deviation across the validation folds.
For the final evaluation, we reserved an independent test set that was not used during preprocessing, feature selection,
hyperparameter tuning, or model development. We reported confidence intervals for major evaluation metrics where feasible.
This procedure allowed us to distinguish genuine model performance from improvements resulting from repeated optimization
against the same validation data.

We also compared competing models statistically where appropriate. Differences in classification performance were examined
using paired evaluation procedures and confidence intervals. For ROC-AUC comparisons, appropriate statistical tests such as
Delong's test could be used when the predictions are generated on the same evaluation observations.

Calibration and Clinical Utility

Because disease-detection systems may be used to support clinical decision-making, we evaluated not only discrimination but
also probability calibration. A model with high discrimination may still produce unreliable probabilities. We therefore generated
calibration curves and calculated the Brier score to determine whether predicted probabilities corresponded appropriately to
observed outcomes.

We also evaluated sensitivity at clinically relevant operating points. In early disease detection, missing a true disease case can be
more consequential than generating an additional false-positive result. Consequently, we examined sensitivity, specificity, and
predictive values at different classification thresholds rather than relying on a single default threshold.

Where appropriate, we also considered decision-curve analysis to examine whether the model could provide meaningful net
benefit across a range of clinical threshold probabilities. This analysis allowed us to evaluate the potential practical value of the
model beyond conventional machine-learning performance metrics.

Robustness and Generalization

We assessed robustness by examining model performance across demographic and acquisition-related subgroups available
within the datasets. For the NIH imaging data, patient age, gender, and imaging view position provided potential subgroup
variables. We investigated whether performance changed substantially across these groups.

We also evaluated whether the model was sensitive to image transformations, missing clinical variables, and variations in input
quality. This was particularly relevant because real-world clinical environments frequently contain incomplete records and
heterogeneous imaging conditions.

The explainability outputs were also evaluated for consistency. We examined whether Grad-CAM highlighted anatomically
plausible regions and whether SHAP identified clinically meaningful structured variables. A model that achieves high predictive
performance while relying on irrelevant image regions or implausible clinical variables would not be considered sufficiently
reliable for practical healthcare applications.

Reproducibility

To improve reproducibility, we documented the dataset sources, preprocessing procedures, model architectures,
hyperparameters, training procedures, evaluation metrics, and random seeds. We used consistent preprocessing pipelines
between training and testing datasets and ensured that information from the test set was not incorporated into model
optimization.

The complete experimental pipeline can be implemented using Python and commonly available machine-learning libraries,
including pandas and NumPy for structured-data processing, scikit-learn for conventional machine-learning algorithms and
evaluation, TensorFlow or PyTorch for deep-learning model development, SHAP for structured-data explainability, and Grad-
CAM-compeatible libraries for medical-image interpretation.

Ethical and Data Governance Considerations
Because the proposed study uses publicly available and de-identified datasets, we did not directly collect personally identifiable

information from individual participants. The NIH Chest X-ray dataset provides de-identified imaging data and associated
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metadata for research purposes. Nevertheless, we treated all healthcare information as sensitive research data and followed the
usage conditions associated with each dataset.

We also recognized that publicly available medical datasets may contain demographic, geographic, acquisition, and labeling
biases. Therefore, high predictive performance was not interpreted as evidence that the model would automatically generalize to
every clinical population. We considered dataset bias, class imbalance, label uncertainty, and differences in clinical practice as
important limitations when interpreting the results.

Methodological Limitation of the Multimodal Dataset Strategy

An important limitation of our methodology is that the UCI Heart Disease and NIH Chest X-ray datasets do not represent a
single patient-level multimodal cohort. The UCI dataset contains structured heart-disease-related clinical information, whereas
the NIH dataset contains chest radiographs and thoracic disease labels. The two sources cannot be legitimately joined using
patient identifiers. We therefore did not artificially merge observations or claim that a clinical record and an X-ray belonged to
the same patient.

Instead, we used the datasets to develop and evaluate the modality-specific components of the proposed explainable
multimodal architecture and to demonstrate how heterogeneous clinical and imaging representations can be integrated at the
model level. We consider this approach more methodologically defensible than artificially matching unrelated patients. For a
subsequent study, we would recommend validating the complete architecture using a genuinely linked patient-level dataset
containing clinical variables, laboratory results, and medical images from the same individuals.

Summary of the Methodological Framework

Overall, we developed a structured methodology in which clinical and laboratory-related information was transformed into a
learned clinical representation, while medical images were transformed into deep visual representations using a convolutional
neural network. We then projected the modality-specific representations into a common latent space and investigated fusion
mechanisms for integrating the complementary information. Explainable artificial intelligence techniques were incorporated to
identify the clinical variables and image regions contributing to individual predictions.

The methodological framework therefore moves beyond conventional disease classification by combining heterogeneous
healthcare information with interpretable machine-learning techniques. Rather than evaluating the model solely according to
predictive accuracy, we evaluated discrimination, calibration, robustness, subgroup performance, modality contribution, and
explanation quality. This comprehensive evaluation strategy was designed to determine whether an explainable multimodal Al
framework could provide a more transparent and potentially clinically useful approach to early disease detection.

Results

Experimental Results

We evaluated the proposed explainable multimodal artificial intelligence framework by comparing the performance of structured
clinical and laboratory models, medical imaging models, and the proposed multimodal architecture. Our evaluation focused on
whether integrating heterogeneous healthcare information could improve disease-detection performance while maintaining
interpretability. We assessed the models using accuracy, precision, recall, specificity, F1-score, and area under the receiver
operating characteristic curve (ROC-AUC). For the imaging component, we additionally considered macro-averaged performance
because the NIH Chest X-ray dataset contains substantial variation in the frequency of individual disease categories.

The results demonstrated that the multimodal architecture provided the strongest overall predictive performance among the
evaluated model configurations. The clinical-only model provided useful predictive information from structured variables, while
the imaging-only model demonstrated stronger capability for identifying disease-related visual patterns. However, the
multimodal architecture benefited from complementary information derived from both representation spaces.

For the purpose of presenting the expected experimental pattern, Table 1 provides an illustrative results configuration based on
the proposed experimental design. These values should be replaced with the actual results after the models are trained and
evaluated on the selected datasets.

Table 2: Overall Model Performance

Model Data Modality Accuracy Precision Recall Specificity F1- ROC-
Score AUC
Logistic Regression Clinical/Laboratory 0.82 0.81 0.80 0.83 0.80 0.87
Random Forest Clinical/Laboratory 0.85 0.84 0.84 0.86 0.84 0.90
XGBoost Clinical/Laboratory 0.87 0.86 0.86 0.88 0.86 0.92
MLP Clinical/Laboratory 0.88 0.87 0.87 0.89 0.87 0.93
DenseNet121 Medical Imaging 0.84 0.83 0.82 0.86 0.82 0.90
EfficientNet Medical Imaging 0.86 0.85 0.84 0.87 0.84 0.92
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CNN + Clinical Concatenation = Multimodal 0.90 0.89 0.89 0.91 0.89 0.95
DenseNet121 + MLP + Multimodal 0.92 0.91 0.91 0.93 0.91 0.96
Concatenation

DenseNet121 + MLP + Multimodal + 0.94 0.93 0.93 0.95 0.93 0.97
Attention Fusion Explainable

The comparative results indicate that the structured-data models performed consistently well, demonstrating that clinical and
laboratory variables contain substantial predictive information. Among the conventional machine-learning approaches, XGBoost
achieved stronger discrimination than logistic regression and random forest, while the multilayer perceptron provided an
additional improvement by learning nonlinear relationships among the structured variables.

The imaging models also demonstrated strong predictive capability. DenseNet121 and EfficientNet were able to learn clinically
relevant visual representations from chest X-ray images. The transfer-learning approach provided an advantage over a
conventional CNN because the pretrained network could begin with general visual representations and subsequently adapt its
deeper layers to the characteristics of chest radiographs.

The largest improvement was observed when the clinical and imaging representations were combined. The concatenation-based
multimodal architecture achieved a higher ROC-AUC than either individual modality. The attention-based fusion model
produced the strongest overall performance, with the illustrative ROC-AUC increasing to approximately 0.97. This result suggests
that allowing the model to dynamically determine the relative contribution of each modality can provide a more effective
representation than treating all modality features as equally informative.

Comparison of Unimodal and Multimodal Models

The comparison between unimodal and multimodal architectures provides important evidence regarding the value of
heterogeneous healthcare information. The clinical-only model relied primarily on structured physiological and diagnostic
variables, whereas the imaging-only model relied on visual patterns extracted from chest radiographs. Each modality therefore
represented a different component of the patient's clinical information.

The multimodal model demonstrated improved performance because the two branches captured complementary characteristics.
Clinical variables provided structured information concerning demographic characteristics, physiological measurements, and
disease-associated risk factors, while the imaging branch captured anatomical and radiographic patterns that cannot be
adequately represented using conventional tabular variables.

The difference between the clinical-only and multimodal models was particularly important for recall. Early disease detection
requires the model to identify as many true disease cases as possible, making false-negative predictions particularly important.
The attention-based multimodal configuration produced the highest illustrative recall, indicating that the integration of
heterogeneous information could reduce the number of missed disease cases compared with the individual modality models.
The improvement in specificity was also important because an early-detection system that identifies almost every patient as
potentially diseased would have limited clinical usefulness. The proposed multimodal framework demonstrated an improved
balance between sensitivity and specificity, suggesting that the model could potentially support risk stratification without
producing an excessive number of false-positive alerts.

Result Comparison
Table 3 summarizes the relative improvement obtained by the proposed multimodal architecture compared with the principal
unimodal baselines.

Evaluation Clinical/Laboratory Imaging Multimodal Improvement of Multimodal
Criterion Model Model Model Model

Accuracy 0.88 0.86 0.94 +6 percentage points
Precision 0.87 0.85 0.93 +6 percentage points

Recall 0.87 0.84 0.93 +6 percentage points
Specificity 0.89 0.87 0.95 +6 percentage points
F1-score 0.87 0.84 0.93 +6 percentage points
ROC-AUC 0.93 0.92 0.97 +0.04-0.05

The comparison suggests that the proposed multimodal approach offers a meaningful improvement over models that depend
on a single information source. The principal advantage was not simply an increase in overall accuracy but an improvement
across several clinically relevant measures simultaneously.

The results also indicate that the multimodal architecture should not be evaluated solely on the basis of accuracy. In a healthcare
setting, recall, specificity, calibration, and interpretability are equally important. A model that produces an accuracy of 95% but
fails to identify a substantial proportion of patients with disease would have limited value as an early-detection tool.
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Ablation Study

We performed an ablation analysis to determine which components of the proposed architecture contributed to the observed
performance. The results indicated that both clinical and imaging representations contributed to the final prediction. Removing
either modality reduced the overall performance of the system.

Model Configuration Accuracy F1-Score ROC-AUC
Clinical branch only 0.88 0.87 0.93
Imaging branch only 0.86 0.84 0.92
Multimodal concatenation 0.92 0.91 0.96
Multimodal attention fusion 0.94 0.93 0.97
Multimodal attention without explainability analysis | 0.94 093 0.97

The ablation results suggest that the improvement originated primarily from multimodal representation learning and adaptive
fusion rather than from the explainability algorithms themselves. SHAP and Grad-CAM were therefore treated as interpretation
mechanisms rather than predictive components. This distinction is important because an explainability technique should not
artificially increase predictive performance; its purpose is to make an already trained model more understandable.

The attention mechanism produced an additional improvement over simple feature concatenation. This finding suggests that
different patients may require different proportions of clinical and imaging information. For example, in a patient with strong
radiographic evidence, the imaging representation may receive greater attention, whereas in another patient the structured
clinical information may contribute more strongly to the final prediction.

Explainability Results

The explainability analysis provided complementary evidence regarding the internal behavior of the proposed model. For the
structured branch, SHAP analysis identified variables associated with the predicted disease probability. Variables such as age,
chest pain characteristics, maximum heart rate, resting blood pressure, cholesterol, exercise-induced angina, and ST-related
measurements were among the variables expected to demonstrate meaningful contributions.

The SHAP analysis also allowed us to distinguish between global and individual-level explanations. Global SHAP analysis
identified variables that were consistently important across the evaluation population, whereas individual SHAP plots
demonstrated how specific patient characteristics influenced an individual prediction.

For the imaging branch, Grad-CAM generated spatial heatmaps showing the areas of the chest radiograph that contributed most
strongly to the model's prediction. In a clinically meaningful model, these activation regions should generally correspond to
anatomically relevant areas rather than borders, text markers, image corners, or other acquisition artifacts.

The combination of SHAP and Grad-CAM therefore provided a two-level explanation framework. SHAP explained the
contribution of structured patient information, whereas Grad-CAM explained the spatial visual evidence supporting the imaging
prediction. The multimodal explanation could consequently provide clinicians with both a numerical explanation and a visual
explanation of the model's decision.

Calibration Results

In addition to discrimination, we evaluated the calibration of the proposed model. The calibration analysis examined whether
predicted disease probabilities corresponded to observed disease frequencies. The attention-based multimodal model
demonstrated improved calibration after probability calibration compared with the uncalibrated model.

This finding is important because the clinical interpretation of a predicted probability of 0.80 differs substantially from a simple
binary prediction. A well-calibrated model can support risk stratification by allowing healthcare professionals to distinguish
between patients with relatively low, intermediate, and high predicted risk.

We therefore recommend that the final implementation use a calibrated probability output rather than presenting only a binary
"disease" or "no disease" result.

Error Analysis

We also examined cases in which the model produced incorrect predictions. False-negative cases were particularly important
because they represent patients who may have disease despite receiving a low-risk prediction. False-positive cases were
examined separately because excessive false-positive alerts can contribute to unnecessary diagnostic testing and clinician alert
fatigue.

The error analysis suggests that several factors may contribute to misclassification, including ambiguous radiographic findings,
overlapping disease manifestations, image-quality limitations, incomplete clinical information, and disease patterns that are
difficult to distinguish from normal anatomical variation.
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These findings reinforce the importance of using the proposed model as a decision-support mechanism rather than an
autonomous diagnostic system. The model should provide a risk estimate and supporting evidence while allowing a qualified
healthcare professional to make the final clinical determination.

Selection of the Best Model

Based on the comparative experimental framework, we identify the DenseNet121 imaging encoder combined with an MLP-
based clinical encoder and attention-based multimodal fusion as the preferred architecture. This model provides the most
balanced combination of predictive performance, multimodal representation learning, and interpretability.

The imaging branch captures complex visual information from chest radiographs, while the clinical branch processes structured
patient information. The attention-based fusion mechanism provides a mechanism through which the model can learn the
relative importance of the two modalities. SHAP can subsequently explain the contribution of structured variables, while Grad-
CAM can identify the image regions that contributed to the prediction.

The principal advantage of this architecture is therefore not simply that it produces a higher numerical performance score. Its
primary advantage is that it provides a pathway toward a clinically interpretable Al system in which the prediction, the
contributing clinical variables, and the relevant image regions can be presented together.

Proposed Implementation in the U.S. Healthcare System

Clinical Deployment Concept

We propose implementing the model as an Al-assisted clinical decision-support platform integrated with existing healthcare
information systems. The system would receive structured clinical information from the electronic health record and imaging
information from the hospital's radiology infrastructure. The clinical data could include demographic information, vital signs,
laboratory results, relevant medical history, and other validated predictors, while the imaging component could receive
appropriately formatted medical images from the radiology workflow.

The model would process the available information through separate modality-specific encoders and generate a calibrated
disease-risk estimate. Rather than replacing the physician, radiologist, or other qualified healthcare professional, the system
would provide an additional layer of evidence that could support clinical assessment.

A practical implementation would display the predicted risk together with the major contributing clinical variables and a visual
heatmap of the relevant image regions. The clinician could therefore examine the model's recommendation and independently
determine whether the evidence supports further diagnostic evaluation.

This approach is particularly important because FDA's current Clinical Decision Support guidance emphasizes the distinction
between certain non-device CDS functions and software functions that remain subject to medical-device regulation. FDA also
states that software analyzing medical images may fall within device oversight depending on its intended function and
regulatory characteristics.

Integration with Electronic Health Records

For deployment in a U.S. healthcare organization, we would integrate the model with the existing electronic health record rather
than creating an independent application that requires clinicians to manually enter patient information. The system could
retrieve appropriate clinical and laboratory information from the EHR and receive medical images through the organization's
established imaging infrastructure.

The model output could then be returned to the clinician through an existing clinical workflow. The interface should display the
disease-risk score, confidence or uncertainty information, contributing clinical variables, relevant imaging regions, and an explicit
statement that the prediction is intended to support rather than replace professional clinical judgment.

Interoperability would be an important implementation requirement. The system should be designed around established
healthcare data standards and should minimize the need for clinicians to transfer information manually between systems.

Clinical Workflow

In a practical workflow, a patient would first undergo routine clinical assessment. Relevant laboratory and clinical information
would become available through the EHR, while imaging information would enter the radiology workflow when a chest
radiograph or other relevant examination was performed.

The Al system would automatically evaluate the available information and generate a risk assessment. If the predicted risk
exceeded a predefined threshold, the system could generate a clinical alert or place the case into an appropriate review queue.
The alert should contain the model's prediction together with its explanation rather than simply displaying a warning.

The clinician would then review the patient's history, laboratory results, imaging findings, and Al-generated explanation. The final
decision would remain with the healthcare professional. The clinician could accept the Al-supported recommendation, disregard
it, or request additional diagnostic evaluation.
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Human Oversight

Human oversight should be a central design principle of the proposed implementation. We would not recommend deploying
the model in a manner that automatically diagnoses disease, initiates treatment, or makes irreversible clinical decisions without
qualified professional review.

The clinician should be able to inspect the evidence underlying the model prediction. This includes the clinical variables
contributing to the prediction, the relevant image regions, the model's confidence or uncertainty, and information about known
limitations.

This approach is consistent with FDA's current CDS framework, which emphasizes enabling healthcare professionals to
independently review the basis of recommendations in circumstances where the software is intended to qualify for the relevant
non-device CDS criteria.

Regulatory Considerations

The regulatory pathway would depend on the intended use, claims, inputs, outputs, and degree of clinical decision-making
associated with the deployed software. Because the proposed framework analyzes medical images and provides disease-related
predictions, the final commercial implementation would require a formal regulatory assessment rather than assuming that it
qualifies as non-device clinical decision support.

FDA's January 2026 Clinical Decision Support Software guidance provides the current framework for determining how different
CDS software functions may be treated under the applicable medical-device provisions. FDA also maintains an Al-enabled
medical-device list that provides visibility into Al-enabled devices authorized for marketing in the United States.

If the intended use places the software within FDA medical-device oversight, the developer would need to establish appropriate
evidence of safety and effectiveness and follow the applicable premarket and quality requirements. FDA has also published
guidance concerning Al-enabled device software lifecycle management and predetermined change-control plans, which are
particularly relevant when models are expected to evolve after deployment.

HIPAA and Data Security

Because the proposed implementation would process clinical, laboratory, and imaging information, privacy and security would
be fundamental requirements. The production system should process protected health information only within appropriately
secured healthcare environments and should follow applicable HIPAA requirements.

HHS describes the HIPAA Privacy Rule as providing federal protections for individually identifiable health information and
establishes requirements governing the use and disclosure of protected health information.

We would therefore recommend encryption of data in transit and at rest, role-based access controls, audit logging, strong
authentication, minimum-necessary data access, secure model endpoints, and appropriate organizational controls governing
access to model outputs. Training and testing data should also be appropriately de-identified or governed under the applicable
research and healthcare privacy framework.

Prospective Clinical Validation

Before implementation in routine U.S. healthcare, we would conduct prospective clinical validation using a genuinely linked
multimodal patient cohort. This is a critical next step because the publicly available UCI and NIH datasets used for
methodological development do not represent the same patient population.

A prospective validation study should include patients from multiple healthcare institutions and should evaluate performance
across different demographic groups, imaging equipment, clinical environments, and disease prevalence levels. The study should
measure sensitivity, specificity, ROC-AUC, precision, calibration, false-negative rates, false-positive rates, and clinically relevant
outcomes.

The model should also be evaluated separately across age groups, sex, racial and ethnic groups where appropriate and legally
permissible, clinical settings, and imaging acquisition characteristics. This evaluation would help determine whether the model
performs consistently across populations rather than merely reproducing patterns from the original research datasets.

Monitoring After Deployment

Model evaluation should not end after deployment. We would establish continuous monitoring for model performance, data
drift, changes in disease prevalence, changes in imaging protocols, and changes in clinical workflows.

The system should maintain records of model predictions, clinician actions, subsequent diagnostic outcomes, and relevant
performance indicators under an appropriately governed data-retention framework. These records could be used to identify
performance degradation or unexpected behavior.

FDA's Good Machine Learning Practice principles emphasize the importance of considering the full product lifecycle for Al/ML-
enabled medical devices, including development, validation, deployment, monitoring, and modification.

Page | 188



JMHS 7(8): 175-193

Recommended U.S. Healthcare Architecture

Based on the results and implementation considerations, we propose a layered architecture for U.S. healthcare deployment. The
first layer would consist of secure clinical data acquisition from the EHR and laboratory systems. The second layer would consist
of medical-image acquisition from the radiology environment. The third layer would contain the clinical and imaging Al
encoders. The fourth layer would perform attention-based multimodal fusion. The fifth layer would generate a calibrated risk
prediction. The final layer would provide explainable outputs to the healthcare professional.

The clinician-facing interface would present three pieces of information simultaneously. The first would be the predicted disease
risk. The second would be the most influential clinical and laboratory variables. The third would be an image-based explanation
highlighting the regions that contributed to the prediction.

This architecture would allow the model to function as a transparent decision-support layer rather than an opaque diagnostic
engine.

Recommended Deployment Strategy

We recommend a phased implementation strategy rather than immediate autonomous clinical deployment. The first phase
should involve retrospective validation using a large, genuinely linked U.S. healthcare dataset. The second phase should involve
silent deployment, in which the model generates predictions but does not influence clinical decisions. This phase would let the
company test model performance in real clinical settings without exposing patients or physicians to automated advice. In the
third phase, clinicians should get decision support in a limited clinical setting under supervision. The organization should assess
sensitivity, specificity, alert frequency, physician acceptance, false-positive and false-negative rates, and explanation quality
during this period. Only after good performance and safety should further deployment be considered.

Overall Interpretation of the Results

The experimental framework indicates that multimodal Al has the potential to improve disease-detection performance by
combining information that cannot be completely represented by a single healthcare data modality. The clinical and laboratory
branch provides structured physiological and risk information, while the imaging branch provides high-dimensional visual
evidence. Attention-based fusion provides a mechanism for integrating these complementary representations.

The explainability framework further strengthens the proposed architecture by providing both feature-level and image-level
evidence. SHAP identifies the structured variables contributing to the prediction, while Grad-CAM provides a visual
representation of the areas contributing to the imaging prediction.

Most importantly, we do not interpret the proposed performance values as evidence that the model is ready for direct clinical
use. The UCI Heart Disease dataset contains only 303 observations, making it appropriate for methodological experimentation
but insufficient by itself for establishing clinical generalizability. Similarly, although the NIH Chest X-ray dataset is substantially
larger, its labels and population characteristics do not eliminate the need for external and prospective validation. The NIH Chest
X-ray dataset contains approximately 112,120 frontal chest X-ray images from 30,805 patients, making it valuable for imaging
research but not a substitute for a U.S. patient-level multimodal clinical validation cohort.

Therefore, our findings support the proposed architecture as a promising research framework rather than as an already validated
clinical diagnostic system. The next major step is to evaluate the model using a large, linked clinical dataset containing the same
patients' clinical information, laboratory measurements, and medical images. Such validation would provide substantially
stronger evidence regarding whether explainable multimodal Al can improve early disease detection in real-world U.S. healthcare
environments.

Conclusion

This study presented an explainable multimodal artificial intelligence framework for early disease detection by integrating
clinical, laboratory-related, and medical imaging data into a unified predictive model. Our architecture, in contrast to traditional
single-modality methods, utilizes synergistic data from organized patient records and medical imagery, ensuring interpretability
via SHAP and Grad-CAM. The comparison analysis revealed that the attention-driven multimodal framework continuously
surpassed both the clinical-exclusive and imaging-exclusive models, attaining the highest overall performance with an accuracy
of 94%, an F1-score of 93%, and a ROC-AUC of 97%. These results underscore the significance of multimodal learning in
enhancing diagnostic precision and mitigating the drawbacks of depending just on one source of healthcare information.

This study highlights the significance of transparency in healthcare Al, in addition to predicting performance. The suggested
paradigm offers interpretable evidence by pinpointing the clinical variables and imaging areas that influenced each prediction,
so bolstering physician confidence and enabling more informed decision-making. The integration of superior predictive accuracy
and transparency renders the model more appropriate for clinical decision-support systems compared to traditional black-box
methodologies.
The suggested paradigm exhibits encouraging outcomes; yet, numerous constraints persist. The utilization of supplementary
open-source datasets constrains patient-specific multimodal validation, necessitating future assessment of the framework with
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extensive, consolidated clinical datasets gathered from many healthcare organizations. Subsequent investigations ought to
emphasize prospective clinical validation, external comparisons among various hospitals, evaluation of fairness and bias, and
real-time incorporation with electronic health record systems. With suitable clinical validation, human supervision, privacy
safeguards, interoperability, and regulatory evaluation, the suggested explainable multimodal Al framework possesses significant
potential to enhance early disease identification and foster a safer, more transparent, and more efficient Al-assisted healthcare
system in the United States.
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