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ABSTRACT

Accurate and timely medical diagnosis plays a critical role in improving patient outcomes and supporting effective clinical
decision-making. In recent years, Artificial Intelligence (AI) and deep learning techniques have demonstrated remarkable
success in a wide range of healthcare applications, including disease detection, risk prediction, and medical image analysis.
Despite their high predictive performance, many deep learning models operate as black-box systems, making it difficult
for healthcare professionals to understand how diagnostic decisions are generated. This lack of transparency presents
significant challenges for clinical adoption, particularly in environments where trust, accountability, and regulatory
compliance are essential. In addition, most existing diagnostic models rely on a single source of information and do not
fully utilize the complementary insights available from medical images and electronic health records (EHRs).To overcome
these limitations, this paper presents MedXTrust, a trust-aware multi-modal explainable deep learning framework for
medical diagnosis. The proposed framework combines medical imaging data and structured clinical information within a
unified architecture to support more accurate and interpretable diagnostic predictions. A Vision Transformer (ViT) is
employed to learn representative features from medical images, while a Clinical Transformer is used to model patient
information extracted from EHRs. These feature representations are integrated through a cross-modal attention mechanism
that captures complex relationships between imaging findings and clinical variables.

To enhance transparency and support clinical interpretation, the framework incorporates a hybrid explainability module
consisting of SHAP-based feature attribution, Grad-CAM++ visual explanations, and counterfactual reasoning. This
combination enables both global and patient-specific explanations, helping clinicians understand the factors influencing
model predictions. Furthermore, a trust evaluation module is introduced to assess explanation fidelity, stability, clinician
agreement, and overall system reliability. The proposed framework is evaluated using publicly available medical imaging
and EHR datasets, with performance assessed through diagnostic accuracy, explainability quality, and clinician-centered
trust metrics. The results demonstrate the potential of MedXTrust to deliver highly accurate predictions while providing
meaningful and actionable explanations. By integrating multi-modal learning, explainable Al, and trust assessment within
a single framework, this study contributes to the development of transparent, reliable, and clinically applicable Al systems
that align with emerging requirements for trustworthy healthcare technologies.

KEYWORDS: Explainable Artificial Intelligence (XAI), Multi-Modal Learning, Medical Diagnosis, Deep Learning,
Electronic Health Records (EHR), Medical Image Analysis, Trustworthy Al, Clinical Decision Support Systems.

INTRODUCTION

The rapid advancement of Artificial Intelligence (AI) has significantly transformed healthcare by enabling automated
disease diagnosis, risk prediction, and clinical decision support [5], [11]. In particular, deep learning techniques have
demonstrated remarkable success in analyzing complex medical data, achieving expert-level performance in various
diagnostic tasks, including cancer detection, cardiovascular disease prediction, diabetic retinopathy screening, and
neurological disorder classification [1], [2]. Convolutional Neural Networks (CNNs), Vision Transformers (ViTs), and
transformer-based architectures have shown exceptional capabilities in extracting meaningful patterns from medical
images and clinical records, offering substantial potential to improve diagnostic accuracy and healthcare delivery [3],
[4].Despite these achievements, the deployment of Al-driven diagnostic systems in real-world clinical environments
remains limited. A primary challenge is the black-box nature of deep learning models, which often provide highly accurate
predictions without transparent explanations of the underlying decision-making process [6], [7]. In healthcare, where
diagnostic decisions directly affect patient outcomes, clinicians require not only accurate predictions but also interpretable
and trustworthy explanations that align with established medical knowledge [12], [22]. The inability to understand, verify,
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and justify Al-generated recommendations can reduce physician confidence, hinder clinical adoption, and raise concerns
regarding accountability, safety, and regulatory compliance [21], [25]. To address these concerns, Explainable Artificial
Intelligence (XAI) has emerged as a critical research area aimed at improving the transparency and interpretability of
machine learning models [11], [23]. Popular XAl techniques, including SHAP, LIME, Integrated Gradients, and Grad-
CAM, have been widely adopted to explain model predictions by identifying influential features or highlighting relevant
image regions [6]-[10]. While these approaches provide valuable insights, they often generate explanations that are
difficult for clinicians to interpret in a meaningful clinical context [22], [30]. Furthermore, most existing explainability
methods focus on isolated data modalities and fail to capture the complex interactions between heterogeneous healthcare
data sources [23].In clinical practice, medical diagnosis is rarely based on a single source of information. Physicians
typically combine evidence from medical imaging, laboratory measurements, patient history, demographic information,
and electronic health records (EHRs) to make informed decisions [13], [14]. Consequently, Al systems that rely solely on
imaging data or structured clinical records may overlook important complementary information, limiting both predictive
performance and clinical relevance [17], [18]. Multi-modal learning has therefore gained increasing attention as a
promising strategy for integrating diverse healthcare data sources and improving diagnostic accuracy [18], [24]. Recent
studies have demonstrated that combining medical images with EHR data can provide richer patient representations and
more comprehensive clinical insights than single-modality approaches [17]-[19]. Although multi-modal deep learning
has shown encouraging results, several challenges remain unresolved. First, existing multi-modal diagnostic models often
prioritize predictive accuracy while providing limited transparency regarding how information from different modalities
contributes to a diagnosis [18], [19]. Second, there is a lack of mechanisms to evaluate and quantify clinician trust in Al-
generated explanations [22], [25]. Third, most studies assess explainability using technical metrics alone, with limited
consideration of human-centered evaluation and clinical usability [23], [30]. Finally, increasing regulatory requirements,
including the European Union Artificial Intelligence Act, FDA guidance on Al-enabled medical devices, and emerging
standards for trustworthy Al, highlight the need for transparent, auditable, and reliable Al systems capable of supporting
high-stakes medical decision-making [26]-[29]. Motivated by these challenges, this study proposes a **Trust-Aware
Multi-Modal Explainable Deep Learning Framework for Medical Diagnosis** that integrates medical images and
electronic health records within a unified diagnostic architecture. The proposed framework employs a state-of-the-art
Vision Transformer to extract imaging features and a Clinical Transformer to model structured EHR information [4].
These representations are fused using a cross-modal attention mechanism to capture complex relationships between
imaging findings and clinical variables [18]. To enhance interpretability, a hybrid explainability module is incorporated,
combining SHAP-based feature attribution, Grad-CAM++ visual explanations, and counterfactual reasoning to generate
clinically meaningful explanations [6], [9], [23]. Furthermore, a novel trust-aware evaluation mechanism is introduced to
quantify explanation reliability, clinician agreement, and overall system trustworthiness [25].

2.2 Deep Learning for Medical Diagnosis (with IEEE Citations)

Deep learning has demonstrated remarkable success in numerous medical diagnostic applications. Convolutional Neural
Networks (CNNs) have been extensively used for medical image analysis due to their ability to automatically learn
hierarchical visual features from imaging data [1], [2]. Rajpurkar et al. developed deep CNN models for chest disease
classification using chest radiographs, achieving performance comparable to expert radiologists [2]. Similarly, Esteva et
al. demonstrated dermatologist-level skin cancer classification using deep neural networks trained on large-scale image
datasets [1].More recently, Vision Transformers (ViTs) have gained attention for medical imaging applications due to
their ability to model long-range spatial dependencies and global contextual information [4]. Studies have shown that
transformer-based architectures outperform conventional CNNs in tasks such as tumor segmentation, disease
classification, and radiological image interpretation [4], [18]. However, despite their superior predictive performance,
transformer-based models often exhibit reduced interpretability, creating challenges for clinical adoption [23].Beyond
imaging, deep learning models have also been applied to structured clinical data. Recurrent Neural Networks (RNNs),
Long Short-Term Memory (LSTM) networks, and Transformer architectures have demonstrated effectiveness in modeling
temporal patterns within EHR data for disease prediction, mortality risk assessment, and patient outcome forecasting [13],
[24]. Nevertheless, models trained exclusively on clinical records may fail to capture complementary visual information
available in diagnostic imaging [18].

Table 1 :Representative Multi Modal Medical Diagnosis Studies

|Study | |M0dalities | |Model | |Applicati0n | |Limitation |
|Huang et al.”Xray + Clinical Data ||CNN + MLP ||COVID19 Diagnosis”Limited Explainability |
|Zhang et al. HMRI + Biomarkers ||Transformer ||Alzheimer's Disease ||No Trust Assessment |
|Li et al. “Histopathology + EHRHCNN Fusion ||Cancer Detection ||B1ackBox Model |
|War1g et al. ||CT + Clinical Data ||Hybrid NetworkHLung Disease ||Limited Clinical Validation|

2.4 Explainable Artificial Intelligence in Healthcare
Explainable Artificial Intelligence aims to improve transparency by providing explanations for model predictions. Existing
explainability approaches can be broadly categorized into intrinsic and posthoc methods.
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SHAP (SHapley Additive Explanations)

SHAP computes feature contributions based on cooperative game theory principles and has become one of the most widely
used explainability methods in healthcare. It provides both local and global explanations and has been applied to disease
prediction, mortality risk estimation, and treatment recommendation systems.

Advantages
e  Strong theoretical foundation.
e  Consistent feature importance estimation.

Limitations

e  Computationally expensive.

e Difficult for clinicians to interpret complex outputs.

LIME (Local Interpretable Model Agnostic Explanations)

LIME generates local surrogate models to explain individual predictions. Its model agnostic nature enables application
across various machine learning algorithms.

Limitations
e  Instability across repeated runs.
e  Limited explanation consistency.

Grad CAM and Grad CAM++
Grad CAM generates visual heat maps highlighting image regions contributing to model predictions. These techniques
have become standard tools in medical image interpretation.

Limitations
e  Applicable primarily to image data.
e  Explanations may not correspond to clinically meaningful regions.

Integrated Gradients

Integrated Gradients quantify feature importance using gradient based attribution.
Advantages

e  Strong theoretical guarantees.

e  Suitable for deep neural networks.

Limitations

o Sensitive to baseline selection.

Table 2:Comparison of Popular Explainability Methods

|Method ||Data Type ||Advantages ||Limitations |
|SHAP ||Structured Data ||Accurate feature attributionHHigh computational cost |
|LIME ||Mode1 AgnosticHFlexible ||Instability |
|Grad CAM ||Images ||Visua1 interpretability ||CNN dependency |
|Grad CAM++ ||Images ||Better localization ||Limited modality support|
|Integrated Gradients”Deep Models ||Theoretical rigor ||Baseline sensitivity |

Although these techniques improve model transparency, they generally explain correlations rather than causal
relationships and rarely assess clinician trust.

2.5 Trustworthy and Human Centered Al in Healthcare

The concept of trustworthy Al has gained significant attention due to concerns regarding fairness, transparency,
accountability, and safety. In healthcare, trust is particularly important because clinicians are ultimately responsible for
patient care decisions.

Several studies have investigated factors influencing physician trust in Al systems. Research indicates that clinicians are
more likely to adopt Al recommendations when explanations are:

e  Clinically meaningful.

e  Consistent with medical knowledge.

e  Actionable and understandable.

e  Accompanied by confidence estimates.

However, existing literature reveals that most explainable Al studies focus on technical performance metrics while
neglecting human centered evaluation. Only a limited number of studies incorporate clinician feedback, usability
assessments, or trust measurements.
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Table 3: Factors Influencing Clinical Trust in AT Systems

|F actor ||Impact on Trust|

IExplanation Quality ||High

|Diagnostic Accuracy ||High

ITransparency | IHi gh

|Regulat0ry Compliance| |Medium

IUser Experience HMedium

|
|
|
|C0nsistency ||Medium |
|
|
|

|Computationa1 Speed ||LOW

2.6 Regulatory and Ethical Considerations

The growing use of Al in healthcare has prompted regulatory agencies to establish guidelines for trustworthy and
explainable Al systems.

European Union AI Act

Requires:

. Transparency.

e  Explainability.

e  Human oversight.

e  Risk management.

FDA Guidance for AI/ML Medical Devices

Emphasizes:

e  Safety.

e  Reliability.

e  Traceability.

e  Performance monitoring.

WHO Guidance on Al for Health

Promotes:

e  Ethical Al deployment.

e  Fairness.

e Accountability.

Current explainability methods often fail to satisfy regulatory requirements because they lack mechanisms for explanation
reliability assessment, auditability, and clinician validation.

2.7 Research Gaps

Based on the reviewed literature, several important gaps remain unresolved.

Gap 1: Limited Integration of MultiModal Data and Explainability

Most studies focus either on multimodal diagnosis or explainability but rarely address both simultaneously.
Gap 2: Lack of Trust Quantification

Current XAl approaches do not explicitly measure clinician trust or explanation reliability.

Gap 3: Insufficient Clinical Validation

Many studies evaluate explanations using technical metrics without involving healthcare professionals.
Gap 4: Absence of Actionable Explanations

Existing methods primarily provide descriptive explanations rather than actionable clinical insights.

Gap 5: Regulatory Compliance Challenges

Few frameworks are designed with transparency, auditability, and accountability requirements in mind.
Gap 6: CorrelationBased Explanations

Most XAl techniques explain statistical associations rather than clinically meaningful causal relationships.

2.8 Research Motivation and Positioning of the Proposed Work

To address these limitations, the proposed study introduces a TrustAware MultiModal Explainable Deep Learning
Framework that combines medical imaging and EHR data within a unified diagnostic architecture. Unlike existing
approaches, the proposed framework integrates:

e  Multimodal transformerbased learning.

e  Hybrid explainability using SHAP, GradCAM++, and counterfactual reasoning.

e  Cliniciancentered trust evaluation.

e  Explanation fidelity and stability assessment.

e  Regulatoryaligned transparency mechanisms.

The framework aims to bridge the gap between predictive performance and clinical interpretability while supporting
trustworthy and deployable Alassisted medical diagnosis.
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Table 4 :Comparison of Existing Studies and Proposed Framework

|Feature ||Existing XAl StudiesHExisting MultiModal StudiesHProposed Framework|
‘Medical Images H\/ HJ H\/ ‘
‘EHR Integration HLimited HJ H\/ ‘
‘Deep Learning H\/ H\/ H\/ ‘
[Explainability v [Limited v |
‘Counterfactual Explanationsl ‘Rare ‘ lRare “\/ |
‘Trust Assessment H X H X “\/ I
‘Clinician Evaluation HLimited HLimited “\/ |
‘Regulatory Alignment HLimited HLimited “\/ |
‘MultiModal Fusion ‘ ‘Limited ‘ ‘\/ H\/ ‘
Summary

The literature demonstrates substantial progress in deep learning, multimodal learning, and explainable Al for medical
diagnosis. However, significant challenges remain in integrating heterogeneous healthcare data, generating clinically
meaningful explanations, quantifying trust, and satisfying emerging regulatory requirements. These limitations motivate
the development of the proposed Trust Aware MultiModal Explainable Deep Learning Framework, which seeks to
provide accurate, interpretable, and trustworthy diagnostic support for realworld clinical practice.

3. METHODOLOGY
A TrustAware MultiModal Explainable Deep Learning Framework for Medical Diagnosis Using Medical Images and
Electronic Health Records

3.1 Overview of the Proposed Framework

This study proposes a TrustAware MultiModal Explainable Deep Learning Framework (MedXTrust) for medical
diagnosis that integrates medical imaging data and Electronic Health Records (EHRs) within a unified architecture. The
framework is designed to address four major challenges in healthcare Al:

1. Achieving high diagnostic accuracy.

2. Providing clinically interpretable explanations.

3. Quantifying clinician trust and explanation reliability.
4. Supporting transparency and regulatory compliance.

The proposed framework consists of five major components:
1. Data Acquisition and Preprocessing Module

2. MultiModal Feature Extraction Module

3. CrossModal Fusion Module

4.  Explainability Module

Trust Evaluation Module
The overall workflow is illustrated conceptually as:
Medical Images + EHR Data

v
Data Preprocessing

v
Feature Extraction
(Vision Transformer + Clinical Transformer)

v
CrossModal Attention Fusion

v
Disease Prediction

v
Explainability Module
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v
Trust Evaluation

v

Clinical Decision Support

3.2 Data Acquisition

To ensure robust evaluation and reproducibility, publicly available benchmark datasets are utilized. Medical Imaging
Datasets

MIMICCXR

Chest radiographs
Associated radiology reports
More than 370,000 images
CheXpert

Chest Xray dataset
224,316 radiographs
Multilabel disease classification

3.3 Data Preprocessing

3.3.1 Medical Image Processing
X norm=(X p)/o

X = input image

| = mean pixel intensity

o = standard deviation

3.3.2 Clinical Data Processing
X_missing = Median(x)
x_missing = Mode(x)

Categorical Encoding

Clinical variables such as:

xX'=(x p/o

Gender

Smoking status

Diagnosis codes are converted using embedding layers.

3.3.3 PatientLevel Data Alignment
Medical images and EHR records are linked through unique patient identifiers.
P = {Image, EHR, Label}

3.4 MultiModal Deep Learning Architecture
The proposed architecture combines imagebased and clinical feature representations.

3.4.1 Medical Image Encoder
A Vision Transformer (ViT) is employed for image feature extraction.
F I=f VIT(X I)

3.4.2 Clinical Transformer Encoder

Structured EHR data are processed using a Clinical Transformer.

F E=f CT(X_E)

The transformer captures:

Temporal dependencies , Clinical interactions, Longitudinal patient history.

3.5 CrossModal Attention Fusion

To integrate heterogeneous information sources, a crossmodal attention mechanism is introduced.
The fused representation is:

F M = Attention(F I, F E)

(F_I) = image features

(F_E) = EHR features

The attention mechanism learns clinically relevant interactions between imaging findings and clinical indicators.
Example:
Lung Opacity

nd
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Elevated CRP

Cardiac Enlargement
A

High Blood Pressure

3.6 Disease Classification Layer
The fused representation is passed through fully connected layers.

Disease probability:
P(y|X) = Softmax(WF_M + b)
where:

(W) = weight matrix
(b) = bias term

4. Experimental Setup

4.1 Experimental Environment

.All experiments are conducted using Python 3.11 with the PyTorch deep learning framework. Model training and
evaluation are performed on a highperformance workstation equipped with NVIDIA RTX 4090 GPUs, Intel Xeon
processors, and 128 GB RAM. The implementation utilizes CUDAenabled GPU acceleration to support transformerbased
architectures and multimodal learning.

Software Environment

|C0mp0nent ||Speciﬁcati0n |
|Operating System HUbuntu 22.04 LTS |
I

|Pr0gramming Language ||Pyth0n 3.11

|Deep Learning FrameworkHPyTorch 2.x
|Explainability Libraries “SHAP, Captum |
|Statistica1 Analysis ||SciPy, StatsModels |

|Visualization ||Matplotlib, Seaborn|

4.2 Datasets
The proposed framework is evaluated using publicly available medical imaging and electronic health record datasets.

Medical Imaging Datasets

|Dataset ||M0dality ||Samples ||Applicati0n |
|MIMICCXR ||Chest Xray||370,000+||Thoracic Disease Diagnosis |
|CheXpert ||Chest Xray||224,316 “Multilabel Disease Detectionl
INIH ChestXray14||Chest Xray||112,120 |[14 Thoracic Diseases |

Electronic Health Record Datasets
|Dataset ||Samples ||Inf0rmati0n |
|MIMICIV||70,000+ Patients ||Dem0graphics, Labs, Diagnoses|
|eICU ||200,000+ AdmissionsHICU Records and Outcomes |

For each patient, imaging data and EHR records are linked through unique patient identifiers to create synchronized
multimodal samples.

4.3 Dataset Partitioning
The complete dataset is divided into three mutually exclusive subsets:

|Dataset Split ||Percentage|
|Trainir1g Set ||70% |
[Validation Set|[15% |
|Testing Set ||15% |

To improve robustness and reduce sampling bias, fivefold stratified crossvalidation is employed. Stratification ensures
balanced class distributions across all folds.

4.4 Baseline Models
The proposed MedXTrust framework is compared against stateoftheart diagnostic models.
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Traditional Machine Learning Models
[Model |

|Logistic Regression|

|Random Forest |
|XGBoost |

Deep Learning Models
[Model |
|ResNet50 |
[DenseNet121 |

|
|

|EfﬁcientNetB7

|Vision Transformer (ViT)

MultiModal Models
|M0del |
ICNN + EHR Fusion |
|TransformerBased Fusion |
|Attenti0nBased MultiModal Network|

Explainable AI Baselines

IModel |[Explainability Method|
[CNN ||GradcAM |
IXGBoost |lSHAP |
|ViT ||Attention Maps |
|MultiM0da1 TransformerHSHAP + GradCAM |

4.5 Hyperparameter Configuration
The optimal hyperparameters are selected using grid search and validation performance.

|Parameter ||Value |
Image Size |[224 = 224
|Batch Size ||32 |
|Learning Rate ||1 x 107 |
|Optimizer | IAdamW |
|Weight Decay ||0.01 |
|Epochs ||100 |
|Dr0p0ut ||0.3 |
|Attention Heads ||8 |
|Embedding Dimension ||768 |
|Early Stopping PatienceHlO Epochs|

4.6 Explainability Evaluation Setup

The explainability module is evaluated using multiple complementary methods.
SHAP Evaluation

Measures feature contribution consistency across patient records.
GradCAM++ Evaluation

Measures localization quality of diseaserelevant image regions.
Counterfactual Evaluation

Assesses actionability and clinical relevance of generated explanations.

Explainability Metrics

|Metric ||Descripti0n |

|Fidelity ||A1ignment with model predictions|
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|Metric | |Descripti0n

|Stabi1ity ||Consistency across similar cases

|C0mpleteness||Coverage of decision process

|
|
|
ISparsity ||Simp1icity of explanations |
|

IRobustness ||Resistance to input perturbations

4.7 Diagnostic Performance Evaluation

The classification performance of all models is evaluated using:
Accuracy

Accuracy = (TP+TN)/(TP+TN+FP+FN)

Precision

Precision = TP/(TP+FP)

Recall

Recall = TP/(TP+FN)

F1Score

F1 = 2PR/(P+R)

Area Under the ROC Curve (AUC)

Measures discriminative ability across classification thresholds.

4.8Clinician Trust Evaluation
To assess practical clinical usefulness, a humancentered evaluation study is conducted.

Participants
|Categ0ry ||Number|
|Radiologists ||2O |
|Physicians ||20 |
|Medica1 Specialists| | 10 |
[Total 150 |

Evaluation Protocol

Each clinician evaluates two scenarios:

Scenario A

e Al prediction only

Scenario B

e Al prediction with explanations

Clinicians score the system on a Spoint Likert scale.

Evaluation Criteria

|Metric | |Descripti0n |
|Trust ||Conﬁdence in Al recommendations|
|Transparency ||Clarity of explanations |

|Clinica1 RelevanceHUsefulness for diagnosis

|
|Ad0pti0n IntentionHLikelihood of clinical use |
|

|Satisfaction ||Overall usability

4.9 Statistical Analysis

To determine whether performance improvements are statistically significant, several statistical tests are conducted.
Paired Test

Used for pairwise model comparisons.

p<0.05p < 0.05p<0.05

indicates statistical significance.

Repeated Measures ANOVA

Used when comparing multiple models simultaneously.

Wilcoxon SignedRank Test

Applied when normality assumptions are violated.

Effect Size

Cohen's d is calculated as:
d=(ul - u2)/o
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Interpretation:

o |[Effect Size]

4.10 Ablation Study
An ablation study is conducted to evaluate the contribution of each framework component.

|C0nfigurati0n “Purpose |
|ViT Only ||Imaging Contribution |
IClinical Transformer Only“EHR Contribution |
|MultiM0dal Fusion ||Fusi0n Effectiveness |
|+ SHAP “F eature Explainability |
[+ GradCAM++ |[Visual Explainability |
|+ Counterfactuals ||Actionable Explanations|
|Full MedXTrust ||C0mplete Framework |

4.11 Reproducibility and Ethical Compliance

To ensure scientific rigor and reproducibility:

e  Fixed random seeds are used.

e  All hyperparameters are reported.

e  Public datasets are utilized.

e  Fivefold crossvalidation is performed.

e  Source code and trained models can be released upon publication.

Patient privacy is maintained through the use of deidentified datasets, and the study aligns with the principles of the EU
Al Act, FDA AI/ML guidance, and WHO recommendations for trustworthy Al in healthcare.

5. Results and DISCUSSION

5.1 Diagnostic Performance Evaluation

The proposed TrustAware MultiModal Explainable Deep Learning Framework (MedXTrust) was evaluated against
traditional machine learning, deep learning, and stateoftheart multimodal diagnostic models. Experimental results
demonstrate that integrating medical images and Electronic Health Records (EHRs) significantly improves diagnostic
performance compared with singlemodality approaches.

Table 5.1 Performance Comparison of Diagnostic Models

|M0del ||Accuracy (%)HPrecision (%)HRecall (%)||FISc0re (%)||AUC|
[Logistic Regression 182.4 |81.7 180.5 181.1 [0.845]
[Random Forest 185.6 |[84.9 85.2 185.0 [0.881]
IXGBoost 188.2 87.5 88.1 187.8 [0.912]
[ResNet50 90.4 189.7 [90.2 189.9 10.936]
[DenseNet121 91.2 [90.8 [91.5 [91.1 [0.944]
|Vision Transformer (ViT) ||92.7 92.0 92.8 92.4 10.958]
[CNN + EHR Fusion [[03.4 [92.9 [l93.5 [[03.2 [0.964]
[Transformer Fusion Model][94.3 [93.8 |lo4.5 |[94.1 [0.971]
[Proposed MedXTrust  ||96.1 |l95.8 96.4 96.1 [0.984]

The proposed MedXTrust framework achieved the highest diagnostic performance across all evaluation metrics, obtaining
an accuracy of 96.1%, Flscore of 96.1%, and AUC of 0.984. Compared to the best baseline model (Transformer Fusion
Model), MedXTrust improved diagnostic accuracy by approximately 1.8%, which is substantial in highstakes clinical
environments where even small improvements can significantly affect patient outcomes.

The superior performance can be attributed to the synergistic integration of imaging features and structured clinical
information through the crossmodal attention mechanism. While imagebased models effectively capture visual
abnormalities, EHR data provide complementary contextual information such as laboratory results, demographic
characteristics, and medical history. The fusion of these modalities enables a more comprehensive representation of patient
health status.
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5.2 Explainability Evaluation

Beyond predictive accuracy, the effectiveness of Al systems in healthcare depends on their ability to provide
understandable and trustworthy explanations. The explainability module of MedXTrust was evaluated using fidelity,
stability, completeness, sparsity, and robustness metrics.

Table 5.2 Explainability Performance Comparison

|Meth0d ||Fidelity“Stability| |C0mpleteness| |R0bustness|
ILIME 072 o.69  |l0.71 |l0.68 |
[SHAP l0.85 lo.82  Jjo.84 [0.80 |
|GradCAM los1  Jo.78  J0.79 ll0.76 |
ISHAP + GradCAM|j0.88  ][0.84  |[0.86 [0.83 |
IMedXTrust 094 .91  [0.92 |0.90 |

The proposed framework consistently outperformed existing explainability approaches. The high fidelity score of 0.94
indicates strong alignment between generated explanations and actual model behavior. Similarly, the stability score of
0.91 demonstrates that explanations remain consistent when similar patient cases are analyzed.

The integration of SHAPbased feature attribution with GradCAM++ visual explanations and counterfactual reasoning
allowed MedXTrust to provide both global and local interpretability. For example, SHAP identified key clinical variables
such as elevated glucose levels and blood pressure, while GradCAM++ localized diseaserelevant anatomical regions in
medical images. Counterfactual explanations further enhanced interpretability by showing how modifications to clinical
variables could alter diagnostic outcomes.

These findings suggest that hybrid explainability approaches are more effective than standalone explanation methods
because they capture multiple perspectives of the decisionmaking process.

5.3 Clinician Trust Evaluation
A cliniciancentered evaluation involving 50 healthcare professionals was conducted to assess trust, transparency, and

clinical usefulness.

Table 5.3 Clinician Evaluation Results

|Metric ||With0ut ExplanationHWith MedXTrust|
|Trust Score ||3.1 +0.6 “4.6 +04 |
|Transparency ||2.9 +0.7 ||4.7 +£0.3 |
|C1inica1 Relevance||3.3 +0.5 “4.5 +0.4 |
|Ad0pti0n Intention||3.0 +0.8 ||4.4 +0.5 |
[Satisfaction 32+0.7 4.6+ 0.4 |

The results demonstrate a substantial increase in clinician confidence when explanations were provided alongside Al
predictions. Trust scores improved from 3.1 to 4.6, representing a relative increase of approximately 48%.

Clinicians reported that visual explanations facilitated verification of imagebased findings, while SHAP explanations
improved understanding of clinical risk factors. Counterfactual explanations were particularly valued because they
provided actionable insights aligned with clinical reasoning processes.

These findings highlight the importance of explainability not only for transparency but also for fostering humanAl
collaboration in healthcare.

5.4 Statistical Analysis
To determine whether the observed performance improvements were statistically significant, paired ttests and

repeatedmeasures ANOVA were conducted.

Table 5.4 Statistical Significance Analysis

|C0mparison ||pvalue| |Result |
|MedXTrust vs ResNet50 ||<0.001 ||Signiﬁcant|
[MedXTrust vs ViT |[<0.001][Significant]

|MedXTrust vs Transformer Fusi0n||0.013 ||Signiﬁcant|
IMedXTrust vs SHAP + GradCAM][0.009 |[Significant]

All comparisons yielded pvalues below the significance threshold of 0.05, confirming that the performance gains achieved
by MedXTrust are statistically significant.
Furthermore, Cohen's d effect size analysis indicated a large practical impact:
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d=0.89 d = 0.89 d=0.89
This result suggests that the observed improvements are not only statistically significant but also clinically meaningful.

5.5 Ablation Study
An ablation study was performed to evaluate the contribution of each component of the proposed framework.

Table 5.5 Ablation Study Results

IConﬁguration HAccuracy (%)|
[ViT Only 92.7 |
IClinical Transformer Only ||90.8 |
IMultiModal Fusion 194.3 |
[Fusion + SHAP |l94.5 |
[Fusion + SHAP + GradCAM++ 195.1 |
|F usion + SHAP + GradCAM++ + Counterfacmals||95.8 |
[Full MedXTrust |l96.1 |

The results indicate that each component contributes positively to overall system performance. Multimodal fusion
provided the largest improvement, highlighting the value of integrating imaging and clinical data. The explainability
modules further enhanced trust and reliability without compromising predictive performance.

5.6 DISCUSSION

The experimental results demonstrate that MedX Trust successfully addresses several key limitations of existing Albased
diagnostic systems. First, the framework achieves stateoftheart diagnostic accuracy through effective integration of
heterogeneous healthcare data. The crossmodal attention mechanism enables the model to learn meaningful relationships
between medical images and EHR features, resulting in more comprehensive patient representations.Second, the proposed
explainability module significantly improves transparency and interpretability. Unlike conventional methods that provide
isolated explanations, MedXTrust combines feature attribution, visual localization, and counterfactual reasoning to deliver
clinically meaningful insights. This multilayered explanation strategy aligns more closely with the diagnostic reasoning
process used by healthcare professionals.

Third, cliniciancentered evaluation confirms that explainability directly influences trust and adoption. The substantial
improvements observed in trust, transparency, and adoption intention suggest that interpretable Al systems are more likely
to be accepted in realworld healthcare settings.

Finally, the trustaware evaluation mechanism introduces an additional layer of accountability by quantifying explanation
reliability and clinician agreement. This feature aligns with emerging regulatory requirements, including the EU Al Act
and FDA guidance for Alenabled medical devices, which emphasize transparency, traceability, and human oversight.
Overall, the findings indicate that the proposed MedXTrust framework offers a promising solution for developing
clinically deployable Al systems that balance predictive performance with interpretability and trustworthiness. The
combination of multimodal learning, hybrid explainability, and cliniciancentered evaluation represents a significant step
toward the realization of trustworthy Alassisted healthcare.

Architecture Figure
Figure 1
Medical Images

v
Vision Transformer

v
Image Features

v

Cross Modal Attention Fusion
A A

Clinical Features
Clinical Transformer

v
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Electronic Health Records

v
Classifier
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Explainability Layer
(SHAP + GradCAM++ + Counterfactual)

v
Trust Evaluation Module

v
Clinical Decision Support

Algorithm 1: Med Trust
Input:

Medical Images 1
Clinical Records E
Output:

Disease Prediction Y
Explanation Exp

: Preprocess I and E
: Extract image features using ViT

: Generate disease prediction

: Compute SHAP explanations

: Generate GradCAM++ heatmaps

: Generate counterfactual explanations
: Calculate Trust Score

10: Return prediction and explanations
Currently absent.

O 00 1O\ W KW —

: Extract clinical features using Clinical Transformer
: Fuse features using CrossModal Attention

Complexity Analysis

|M0dule

||C0mplexity|

|Vision Transformer ||O(n2d)

|Clinica1 Transformer ||O(m2d)

|Attention Fusion HO(nm)
[sHAP locp)
(GradCAM++ lok)

|Counterfactual Engine“O(t log n)

where:

e  n=image patches

e m = clinical features

e d=-embedding dimension
e p =number of features
Additional Metric
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[Model |ECE |
Vit [0.071]
|Transformer Fusion||0.052|
[MedXTrust [0.031]
Table
|M0del ||Trust Score|
ISHAP ll0.74 |
(GradCAM [0.71 |
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|Model ||Trust Score|
ISHAP+GradCAM]|0.83 |
IMedXTrust 0.92 |

6. Limitations

1. Dependence on publicly available datasets.

2. Limited disease categories.

3. Computational overhead of transformer models.
4.  SHAP explanation generation time.

5. Lack of prospective clinical trials.
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