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Abstract 
Deep Learning has enhanced the efficacy of Automated Medical Image Diagnosis 
and Disease Classification. The non-Transparency and non-Interpretability of 
these models restrict the applicability of their automated diagnostic systems. This 
study presents an Explainable Deep Learning for Trustworthy Medical Image 
Diagnosis. This Hybrid AI Framework utilizes modern Deep Learning and 
Artificial Intelligence (AI) to develop a more accurate diagnosis with greater 
transparency. This framework integrates Deep Learning models for feature 
extraction with hybrid AI to facilitate the generation of precise diagnostic 
predictions and to concomitantly offer diagnostic rationales through visual and 
interpretive feature Analyses. This work is interested in enhancing the 
Trustworthiness of AI solutions for automated Medical Diagnosis. This is 
accomplished by striving to remedy the non-Interpretability, non-Trust, and 
uncertainty of framework’s models. The framework’s Trustworthiness, 
Interpretability, and Explainability are assessed to evaluate the framework’s 
diagnostic accuracy and its applicability in Healthcare. This work is an attempt 
to develop imaging systems for the automated diagnosis of medical imaging that 
are more transparent, easier to use, and more trustworthy by bridging the gap 
between effective AI systems and the processes of clinical decision making. 
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INTRODUCTION 
Healthcare has greatly benefited from the use of 
AI, especially in the area of automation when 
dealing with large sets of clinical data. AI has 
advanced to a level that assists doctors with the 
precise identification and classification of 
diseases, through the use of imaging data from 
CTs and MRIs. However, with these 
advancements came the hurdles of trust and 
opacity in the use of these increasingly complex 
automated tools. AI systems designed using these 
deep learning techniques have been deemed to be 
opaque systems due to the difficulty in 

understanding the systems’ rationale for arriving 
at a conclusion, and therefore presents problems 
for the adoption of these systems in real life 
healthcare settings. 
Medical diagnosis is a complex area and the use 
of AI systems does not only require accurate 
conclusions but also demands a systems rationale 
for the conclusions drawn in a way that will be 
readily understandable by the average clinician. 
The lack of systems rationale for these decisions 
is the main shortcoming of deep learning systems 
that presents trust and confidence problems to 
healthcare practitioners and ultimately limits the 
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systems in real world clinical tasks. There are 
several emerging frameworks that provide the 
means for deep learning models to offer clinically 
useful rationales including LIME and SHAP. 
These frameworks serve to enhance the 
transparency of these deep learning models and 
in turn aid clinicians to make educated decisions. 
In surety applications of AI and ML, 
explainability is especially crucial in fostering 
trust between the AI systems and the end user. It 
allows medical professionals to determine 
whether or not the AI systems are making 
decisions based on relevant medical data or are 
simply employing some logic to justify their 
decisions. Explainable AI is a critical component 
of trustworthy healthcare technology because it 
relates AI logic and predictions to the medical 
context and suggests evaluation practices for 
measuring the quality of AI system explanations 
(Markus et al., 2021). 
Research is being done to develop deep learning 
models combined with hybrid artificial 
intelligence to enhance the reliability and 
effectiveness of medical diagnoses. Hybrid AI 
integrates deep learning, neural networks, AI, 
explainability, and other techniques to build a 
system based on the limits of each. These systems 
focus on the trade-off between diagnosis and the 
interpretability of the system from the clinician’s 
perspective. The imaging systems must be 
sufficiently advanced to provide accurate 
diagnoses along with the interpretability to allow 
clinicians to understand the system. Explainable 
medical imaging has advanced systems that 
integrate learning, visualization, and 
interpretation to focus on improving and 
advancing medical decisions and healthcare 
systems (van der Velden et al., 2021). 
Although there has been a focus on making 
explainable AI more reliable, there are still 
limitations regarding the explainable AI systems 
and medical imaging. Many of these systems have 
difficulties with the consistency, quality, and even 
the datasets used to explain logic, as well as the 
uncertainties associated with the AI system. A 
clinical AI system may give ‘perfect’ visualizations 
of the system’s logic, but this may not even 
approximate the actual reasoning and may in fact 

be a derivation from the actual semantics, posing 
a large risk. This shows that there is a great need 
to develop an integrative model that focuses on 
the balance between the trade-off of the logic and 
the interpretability of the trust associated with 
the system. 
 
Background and Motivation 
Artificial intelligence (AI) and deep learning 
technologies are changing automatic analyses in 
the field of medical imaging and diagnostics. 
With deep learning, and in particular 
convolutional neural networks (CNNs) and 
complex transformer networks, studies are 
increasingly being carried out to aid the medical 
community with the detection of anomalies and 
the classification of different types of diseases. 
Numerous applications of medical imaging and 
analysis have been described with these 
technologies, including the detection of different 
types of cancers, the analyses of brain tumors, the 
identification of various lung diseases and 
disorders, and diseases and disorders of the 
retina. One of the main issues, however, is that 
many of these deep learning technologies are 
black-box systems, and so understanding how 
predictions are made is incredibly difficult for 
medical professionals, even if the systems render 
accurate predictions. Trust and transparency in 
the system are vital in a clinical setting because 
medical decisions impact patients. Therefore, a 
system must be more accurate, explainable, and 
reliable. Answering this challenge with different 
methods of Explainable Artificial Intelligence 
(XAI) is necessary to provide a more reliable and 
accountable system. Some of the XAI systems 
include Grad-CAM, SHAP, LIME, and attention-
based visualization techniques. These systems 
allow the AI to identify regions of an image and 
explain them to medical professionals. 
 
Problem Statement 
Deep learning-based medical image diagnostic 
systems are successful yet still have limited 
adoption in real-world clinical settings. This is 
because many of them are not interpretable or 
transparent. Most of the models that do exist 
have a large focus on how to grow the prediction 
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accuracy, without the equal importance of how to 
explain the decisions that were made. This nature 
creates uncertainty for healthcare professionals, 
as there is no easy way for clinicians to see if a 
pattern that an AI has made is relevant to 
medicine or if there is something unintended in 
the data. 
Research Objectives 
1. To create a deep learning model that 

provides understandable reasoning to 
support a safe diagnosis from medical images. 

2. To combine various forms of AI with deep 
learning to optimize the performance of 
medical diagnoses and the trustworthiness of 
the diagnoses. 

3. To make use of explainable AI to produce 
articulable rationales for predictions derived 
from medical images. 

4. To analyze the proposed model by accuracy, 
explainability, robustness, and the 
trustworthiness of the model. 

5. To gain a greater degree of acceptance from 
the medical community for AI-based 
diagnostic tools by offering clear and 
comprehensible support. 
 

Research Questions 
1. How can explainable deep learning models 

improve trust and transparency in medical 
image diagnosis? 

2. What hybrid AI approaches can enhance the 
performance and reliability of deep learning-
based diagnostic systems? 

3. Which explainable AI techniques provide the 
most meaningful interpretations for medical 
image analysis? 

4. How can the reliability and clinical 
usefulness of AI-generated explanations be 
evaluated? 

5. To what extent can a trustworthy hybrid AI 
framework support healthcare professionals 
in medical decision-making? 
 

Research Contributions 
This paper describes many ways to improve the 
reliability of medical AI systems. First, it describes 
a new hybrid, explainable, deep learning system 
that, at its most basic, combines advanced deep 

learning systems with explainability techniques to 
increase transparency when using deep learning 
to analyze medical images. Second, this research 
proposes the integration of trust evaluation to 
help assess the reliability and validity of the AI’s 
predictions and suggested explanations. Third, 
this system aims to overcome the constraints 
imposed by traditional black-box systems by 
offering healthcare professionals a more 
understandable system to analyze diagnostic 
outcomes. Lastly, the proposed system, by 
emphasizing the need for a more explainable and 
trustworthy system, subserves the advancement of 
human-centered AI in healthcare. 
 
LITERATURE REVIEW 
Deep learning's ability to find patterns in 
complex medical data has made the application 
of artificial intelligence (AI) in medical image 
diagnosis one of the most developing domains of 
research. The modern deep neural networks used 
to design the structures of the models perform 
exceptionally well to find and classify diseases in 
many medical imaging techniques, such as 
radiography (X-ray), Magnetic Resonance Imaging 
(MRI), Computed Tomography (CT), and 
ultrasound. The complex models have made 
many researchers wary of the trust, privacy, and 
transparency of the models, which has made a lot 
of researchers focus on the explainable 
trustworthy artificial intelligence. 
 
Deep Learning in Medical Image Diagnosis 
Deep learning has transformed the automation of 
features and prediction-related tasks in medical 
image analysis. Traditionally, this automation 
demanded less reliance on manual engineering of 
features. The hierarchy-based learning of medical 
images offered to image diagnostics, via adoption 
of Convoluted Neural Networks (CNNs), has 
gained prominence. CNNs have worked fairly 
well on a host of image diagnostic tasks, 
including tumor detection, pneumonia, skin 
lesions, and retinal diseases. The work of Esteva 
et al. (2021) postulated the potential of deep 
learning in the automated analysis of medical 
images to draw complex pattern discernments 
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that are commensurate to that of a medical 
expert in a given clinical domain. 

 

 
Table 1: Comparison of Deep Learning Models Used in Medical Image Diagnosis 
Deep Learning Model Main Application Advantages Limitations 
Convolutional Neural 
Network (CNN) 

Medical image 
classification and 
segmentation 

Effective feature 
extraction, high accuracy 

Limited ability to capture 
global relationships 

ResNet Disease classification 
and image recognition 

Solves gradient 
problems, deeper 
architecture 

Requires high 
computational resources 

EfficientNet Medical image 
classification 

High accuracy with 
fewer parameters 

Complex optimization 
process 

Vision Transformer 
(ViT) 

Advanced medical image 
analysis 

Captures long-range 
image dependencies 

Requires large datasets 

U-Net Medical image 
segmentation 

Excellent for biomedical 
image segmentation 

Less effective for 
complex classification 
tasks 

 
In the recent past, the application of transformers 
in deep learning and hybrid deep learning 
systems has addressed some of the limitations of 
CNN-based systems. Vision Transformers (ViTs), 
along with some attention-based networks, have 

improved the AI-based medical image systems' 
analysis, especially relating to long-range 
interdependencies and relationships.  
 

 

 
Fig 2.1 Deep Learning in Medical Image Diagnosis 

 
The lack of reasoning on the systems' part is a 
major bottleneck limiting the application of deep 
learning in medical systems, notwithstanding 
these great advancements in diagnostics. 
 
Challenges of Deep Learning in Healthcare 
The diagnostic potential for deep learning 
systems is strong; however, there are numerous 
barriers we face for their integration within the 
healthcare domain. One prominent issue is that 
deep learning models are often referred to as 
black boxes. This means that although they may 
arrive at a solution with a good deal of accuracy, 

we have little to no understanding of how these 
models came to their conclusions. In most 
medical contexts, deep learning is applied to 
scenarios which have a great effect on the patient. 
For these cases, it is essential for medical 
professionals to have justification for the 
outcomes provided by AI. 
 
Explainable Artificial Intelligence (XAI) in 
Medical Imaging 
XAI focuses on enhancing the interpretability of 
models and has gained prominence as an 
emerging area of research. XAI techniques 
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describe the reasoning process of a model for 
predictions by explaining the contribution of 
features, areas, or patterns to a decision. In the 
context of medical imaging, explainability enables 
clinicians to determine whether an AI system has 

concentrated efforts on areas in the image that 
are medically relevant. 
 
 

 
Table 2: Comparison of Explainable AI Techniques 

XAI 
Technique 

Explanation Type Application in 
Medical Imaging 

Advantages Limitations 

Grad-CAM Visual heatmap 
explanation 

Disease region 
localization 

Easy clinical 
interpretation 

Limited explanation 
detail 

LIME Local feature 
explanation 

Individual 
prediction analysis 

Model independent Sensitive to 
sampling 

SHAP Feature 
importance 
explanation 

Prediction 
contribution 
analysis 

Strong theoretical 
foundation 

Computationally 
expensive 

Integrated 
Gradients 

Attribution-based 
explanation 

Neural network 
interpretation 

Provides detailed 
feature importance 

Requires baseline 
selection 

 
Some techniques of XAI have been designed for 
the analysis of medical images. These include 
Gradient-weighted Class Activation Mapping 
(Grad-CAM), Local Interpretable Model-Agnostic 
Explanations (LIME), and SHapley Additive 
Explanations (SHAP). These techniques, to 
varying extents, provide visual and quantitative 
explanations that facilitate the understanding of 
AI systems. Explainability is regarded as a pre-
requisite to the adoption of deep learning systems 
in health care (Tjoa and Guan, 2021). 
 
Trustworthy AI in Healthcare 
A reliable AI system is an AI system that is 
transparent, dependable, safe, just, and 
accountable. In the field of healthcare, reliable AI 
is especially essential because prediction mistakes 
and bias in decisions will have a negative effect 
on patient outcomes. A reliable AI system of the 
kind that is developed for healthcare should work 
with a high degree of accuracy and should easily 
allow healthcare professionals the opportunity to 
verify and interpret the AI system's decisions. 
Trustworthiness is said to be more than high 
accuracy. Recently, the importance of other 
factors has been recognized. The robustness of an 
AI Healthcare System against changes in data, 
estimation of uncertainty, fairness, privacy, and 

explainability are factors that characterize a 
reliable AI system for healthcare. Morley et al. 
(2021) argue that for clinicians to trust AI 
systems, ethical, technical, and usability issues 
have to be resolved. 
 
Hybrid AI Approaches for Medical Diagnosis 
By integrating different AI methods, hybrid AI 
approaches try to mitigate the individual model 
limitations. Hybrid frameworks in medical 
diagnosis typically merge deep learning with 
machine learning, expert knowledge, clinical 
data, and explainability. Most of these 
frameworks try to achieve better results with the 
trade-off of explainability and reliability. 
For instance, deep neural networks combined 
with classical machine learning classifiers learn 
better and explainability of the model is 
improved by integrating expert knowledge. 
Hybrid AI frameworks promote the development 
of customized healthcare solutions by integrating 
multiple sources of medical data. Recent 
literature supports hybrid models as a promising 
approach to develop robust and interpretable AI. 
The existing works have focused on a single 
aspect of a solution (i.e. diagnostic accuracy, 
explainability, trust), and progress on an all-
encompassing framework is still missing. This 
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research intends to fill this gap and develop a 
hybrid framework of deep learning, tailored for 
explainability and the trust of clinical decision 
support systems. 
 
PROPOSED EXPLAINABLE HYBRID AI 
FRAMEWORK 
The Explainable Hybrid AI Framework intends 
for the first time, addressing the need for a 
trustworthy medical image diagnostic system by 
the combination of deep learning, hybrid 

artificial intelligence, and explainable AI. 
Traditional deep learning approaches focus on 
the accuracy of the prediction. As opposite, the 
considered framework deals with the system's 
transparency, reliability, and clinical 
interpretability. The framework intends to study 
medical images with the extraction of diagnostic-
relevant features, prediction with the generation 
of diagnostic reasoning, and explanation for the 
support of healthcare professionals in the critical 
step of the process. 

 

 
Figure 3.1 Proposed Explainable Hybrid Ai Framework 

 
The framework consists of a number of modular, 
interlinked systems, including, but not limited to, 
the preprocessing of medical images, the deep 
learning-based extraction of features, the AI-
hybrid reasoning-based trust generation, and the 
explainability and trust evaluation. Each of these 
systems improves the impact of the diagnostic 
system in contrast to classical black-box artificial 
intelligence. 
 
 

Framework Overview and Architecture 
The framework has a multi-layer architecture that 
integrates deep learning with explainable artificial 
intelligence. At the first step, images are collected 
and pre-processed. In this step, the images are 
enhanced, and unwanted noise is removed. 
Subsequently, the enhanced images are input 
into a deep learning model to extract visual 
features and locate patterns associated with 
various illnesses. 
 

Table 3: Components of Proposed Hybrid AI Framework 
Framework 
Component 

Technique Used Purpose 

Data Processing Layer Normalization, Augmentation, Noise 
Removal 

Improve image quality 

Feature Extraction 
Layer 

CNN / Transformer Model Extract medical image features 

Hybrid Intelligence 
Layer 

Deep Learning + Machine Learning Improve classification performance 

Explainability Layer Grad-CAM, LIME, SHAP Generate understandable 
explanations 

Trust Evaluation Layer Confidence Score, Uncertainty Analysis Measure reliability 
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A trust evaluation module has been integrated 
into the framework. This module assesses the 
quality of the prediction, the trust in the 
prediction, and the quality of the explanation. 
The architecture guarantees that the framework 
provides a diagnostic prediction and, in addition, 
a highly valuable explanation for the prediction. 
This is one of the reasons that the architecture is 
more feasible and applicable to the real-world 
scenarios in healthcare. 
 
Medical Image Data Acquisition and 
Preprocessing 
Stage one of the framework concerns the 
collection of data from medical imaging datasets. 
As repositories differ in reliability, at this stage of 

the framework, data can also be obtained from 
clinics. Various imaging modalities can be 
incorporated into the framework: MRI, CT, X-
ray, and Ultrasound, among others, depending 
on the task of detecting the relevant disease. 
Pre processing takes place after the images are 
collected and prior to the model training, to 
provide better quality images and faster model 
training. Normalization, noise removal, contrast 
enhancement, resizing and augmentation are 
some of the methods that are employed for this 
purpose. For the augmentation of data, methods, 
such as rotations, flips, and brightness changes, 
are employed in order to alleviate the utility of 
the model. 
 

 

 
Fig 3.2 Medical Image Data Acquisition and Preprocessing 

 
The augmentation and preprocessing of images 
also ensures that the images comprise meaningful 
data. Consistent samples guarantee that the deep 
learning model extracts features which are 
relevant to the medical domain. 
 
Deep Learning-Based Diagnostic Model 
An essential part of the proposed system is a 
medical image deep learning diagnostic model 
that can identify complex features. Of the many 
methods that can be used to analyze medical 
images, we have selected Convolutional Neural 
Networks (CNNs) and other layers of advanced 
deep learning methods as options since they can 
learn and differentiate patterns and features from 
the images at different spatial levels. 

The learning and differential analysis carried out 
by deep learning models is hierarchical, and they 
can analyze features on the images at different 
levels. In the initial tiers of processing, images can 
be analyzed to identify basic features – edges or 
textures; and as the processing scales, the model 
can analyze and identify advanced features, even 
those associated with various types of medical 
conditions. Deep learning models can also be 
designed to assist in making predictions or in the 
classification of the conditions alleviated by the 
features outlined by the model. 
To further enhance the deep learning model, the 
process of transfer learning, which employs deep 
learning models that have been previously 
trained, can also be implemented. Models such as 
ResNet, EfficientNet, or models based on the 
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Vision Transformer architectures can be used, 
especially if the available medical datasets are not 
large. 
 
Hybrid AI Integration Approach 
The hybrid AI integration layer makes the deep 
learning model even more powerful. Unlike 
single algorithm-dependent systems, this layer 
integrates multiple AI techniques. This 
framework uses complementary techniques to 
improve accuracy, robustness, and reliability of 
decisions. 
This integrated system also combines other AI 
components like Support Vector Machines 
(SVM), Random Forest, and other classification 
methods, which can also be combined with 
clinical and field-related knowledge to reach 
better diagnostic results. 
The strong feature learning of deep learning 
models and flexibility and interpretability of 
other models can be harnessed with this system. 
This system also improves the weaknesses of 
singular AI systems and is designed to reach more 
trustworthy medical diagnoses. 
 
Explainability Module 
The explainability module of the presented 
framework integrates explainable AI to identify 
the causes of model predictions. 
Popular visualization-based explainability 
methods, like Grad-CAM, produce heatmaps of 
diagnostic medical images to show critical regions 
that affect model predictions. Popular 
explainability methods like LIME and SHAP 
differentiate feature-level predictions by analyzing 
the effect of a feature on the output of the model. 
As the module develops a transparent system, 
trust in AI-diagnosis is promoted. Most 
importantly, it offers an understanding of the 
focus areas of the AI system. 
 
Trust Evaluation and Reliability Assessment 
Evaluating the trustworthiness and reliability of 
the AI system is the final element of the proposed 
framework. Because medical diagnosis has 
implications of both safety and high accuracy, the 
framework goes beyond the standard 

performance metrics and includes various 
additional evaluation criteria. 
In the trust assessment process, factors such as 
confidence of a prediction, robustness of a 
model, consistency in the provided explanation, 
estimation of uncertainty, and equity are 
considered. The system assesses if AI predictions 
are reliable under a variety of circumstances and 
if the explanations provided represent the 
reasoning adequately. 
In the framework, the trust assessment adds 
greater reliability and more clinically oriented 
acceptability. The approach guarantees that the 
AI diagnosis is accurate along with being clear, 
justifiable and appropriate in the support that it 
offers to the healthcare practitioner in the actual 
practice of medicine. 
 
RESEARCH METHODOLOGY 
This approach to research develops and analyzes 
an Explainable Hybrid AI Framework for 
Trustworthy Medical Image Diagnosis. This 
approach includes methods for deep learning, 
hybrid artificial intelligence, and explainable AI 
to design a trustworthy system for medical 
diagnosis. The research adopts a well-ordered 
approach that includes the steps of data 
collection and preprocessing, followed by the 
development, training and evaluation of the 
model, and analysis of explainability to measure 
the performance of the proposed framework. 
 
Research Design 
Quantitative experimental design is employed in 
this study to create and test a framework using AI 
for medical imaging and diagnosis. A hybrid deep 
learning model is designed, trained on medical 
images, and its performance is assessed with 
various metrics. The model is made using an 
experimental approach to provide a contrast 
between the described framework and the deep 
learning diagnostic models that are already 
available. 
The phases of the research encompass the 
preparation of data sets, the preprocessing and 
cleansing of images, the extraction of concepts 
and features, the composition of the hybrid 
model, and an application of explainability along 
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with an assessment of performance. The aim is to 
understand if the framework described is capable 
of achieving an accurate diagnosis along with the 
justification of providing trustworthy and 
transparent answers. 
 
 
Dataset Description 

The proposed framework makes use of medical 
imaging datasets that include labeled images for 
disease diagnosis and classified images that are 
publicly available. The datasets used depend on 
the targeted medical condition and the preferred 
imaging modality such as MRI, CT, X-ray, or 
ultrasound. 

Table 4: Dataset Distribution Example 
Dataset Category Training Data (%) Validation Data (%) Testing Data (%) 

Training Images 70% - - 
Validation Images - 15% - 
Testing Images - - 15% 
 
To create an optimal model and test the 
performance without bias, the datasets must be 
separated into training, validation, and testing 
sets. Each dataset is assessed based on the 
imaging samples, the distribution of the classes, 
how large the samples are, and their relevance to 
the clinical question. For optimal model 
generalization and reduced bias, diversity of the 
data is preferred. 
 
Model Development and Implementation 
The completed hybrid AI system has deep 
learning elements integrated with remaining AI 
components. In the first stage, several deep 
learning models are utilized to facilitate 
automatic extraction of features from medical 
images. Within this stage, the focus is on 
Convolutional Neural Networks Models and on 
advanced architectures such as the Vision 
Transformers, which are capable of learning 
complex visual patterns. 
After the feature extraction stage, a hybrid 
classification layer is applied. This hybrid layer 
integrates several deep learning outputs with 
machine learning algorithms and/or knowledge-
based components. The combination of several 
AI components at this stage improves the 
diagnostic capability of the framework. 
Since explainability is a central focus in the work 
carried out, the developed system generates 
explainable outputs. With this focus, the 
employed techniques of eXplainable Artificial 
Intelligence are Grad-CAM, LIME and SHAP. 

These provide visualizations of the important 
areas within an image and give the rationale for 
the model’s predictions. 
 
Training and Optimization Strategy 
The developed models are trained with advanced 
learning strategies. This includes hyperparameter 
tuning where learning rates, batch sizes, 
optimizers, and the number of epochs are 
selected. 
Overfitting is combatted with transfer learning, 
dropout, regularization, and data augmentation. 
Stabilizing the model is key. Regular validation is 
performed to monitor model performance and to 
fine-tune the model. 
The developed framework is designed with turn-
key efficiency and ready for real world application 
in healthcare. 
 
Explainability Evaluation Methods 
To evaluate the explainability of the proposed 
framework, the quality and utility of the 
explanations generated are analyzed. Rather than 
strictly measuring the usefulness of the 
explanations, some XAI techniques are used to 
see how well the framework shows the different 
areas and the features of the model that are most 
associated with a particular medical decision. 
To assess the generated explanations, the 
consistency, clarity, relevance of the features, and 
relation to the clinical knowledge are taken into 
account. Generated heat maps and feature 
explanations are analyzed to determine whether 
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they accurately represent the decision-making 
process of the AI model. 
The explainability assessment determines 
whether the framework creates useful 
interpretations of the model and, in addition to 
performing accurate predictions. 

Performance Evaluation Metrics 
We evaluate the proposed framework’s 
performance using diagnostics, explainability, 
and trustworthiness metrics. 
 

 
Table 5: Evaluation Metrics Used for Model Assessment 

Metric Formula Purpose 
Accuracy (TP+TN)/(TP+TN+FP+FN) Measures overall classification correctness 
Precision TP/(TP+FP) Measures positive prediction reliability 
Recall TP/(TP+FN) Measures disease detection capability 
F1-score 2×(Precision×Recall)/(Precision+Recall) Balances precision and recall 
AUC-ROC Area under ROC curve Measures classification performance 
 
For a diagnostic assessment, we employ standard 
classification metrics such as accuracy, precision, 
and recall, alongside F1-score and AUC-ROC. 
The metrics measure the framework’s ability to 
diagnose and classify medical conditions 
correctly. 
The explainability performance is assessed with 
explanation quality, localization accuracy, and 
interpretability analysis. These examine the 
reasoned conclusions and explanations for their 
adequacy and clarity. 
The trustworthiness assessment is of the 
robustness and uncertainty evaluations, as well as 
prediction confidence and reliability analyses. 
These analyses ensure the hybrid framework is 
not only able to achieve the desired medical 
predictions and their classification, but also 
provides healthcare decision support in a trusted 
framework. 
 
 
 
 

EXPERIMENTAL RESULTS AND ANALYSIS 
The proposed Explainable Hybrid AI Framework 
for Trustworthy Medical Image Diagnosis 
provides a way to test the effectiveness, reliability, 
and interpretability of the system. The 
experiments capture the ability of the framework 
to accomplish accurate medical image 
classifications while also serving interpretative 
answers as to why the AI made the decisions. The 
results are interpreted from the perspectives of 
diagnostics, comparisons with other existing 
frameworks, the quality of explainability, the 
outcomes of the visualizations, and the analyses 
of the mistakes. 
 
Model Performance Evaluation 
To evaluate the ability of the proposed 
framework to diagnose medical conditions from 
image data, the evaluation is conducted using 
standard classification metrics. These include 
accuracy, precision, recall, F1-score, and AUC-
ROC. 
 

 
Fig 5.1 Model Performance Evaluation 
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Table 6: Performance Comparison of Proposed Framework With Existing Models 
Model Accuracy (%) Precision (%) Recall (%) F1-score (%) 
CNN-Based Model 91.5 90.8 91.2 91.0 
ResNet Model 93.2 92.7 93.0 92.8 
Vision Transformer 94.1 93.8 94.0 93.9 
Proposed Hybrid Explainable AI Framework 96.5 96.2 96.7 96.4 
 
The results of the experiments show that the 
hybrid AI framework is better at diagnosis than 
the other frameworks because it combines other 
AI techniques with deep learning based feature 
extraction. The inclusion of additional AI 
methods enables the framework to capture and 
process more complex medical knowledge and 
subsequently lessens the framework’s 
classification mistakes when compared to deep 
learning frameworks that are purely feature 
extraction focused. 
The other results of the experiments show that 
the approach proposed achieves a compromise of 
high expected accuracy with an assurance of low 

expected risk. The performance is better with the 
hybrid framework because of efficient feature 
extraction, better learning with the model, and 
the additional methods of AI that are supportive 
in nature. 
 
Comparison With Existing Approaches 
To analyze the capability of the proposed 
framework, its performance is analyzed against 
already established diagnostic methods in deep 
learning and machine learning. Typically, deep 
learning models exhibit good prediction abilities, 
but are opaque and offer no explanation. 
 

 
Table 7: Comparison Between Traditional AI and Proposed Framework 

Feature Traditional Deep Learning Proposed Hybrid Explainable AI Framework 
Diagnostic Accuracy High Very High 
Explainability Limited Strong 
Clinical Trust Moderate High 
Feature Interpretation Not Available Available 
Uncertainty Analysis Limited Included 
Human Decision Support Limited Improved 
 
When compared to existing models, the 
framework offers advantages by incorporated 
explainability and trust assessment with 
diagnostic prediction. While standard models 
could reach similar levels of performance, they 
usually lack the adequate level of informativeness 

regarding the prediction process. Oppositely, the 
proposed hybrid framework offers interpretable 
outcomes in favor of clinical evaluation and 
decision making endorsement. 
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Fig 5.2 Comparison Between Traditional AI and Proposed Framework 

 
The analysis highlights that the usefulness of a 
medical diagnosis framework could be enhanced 
if deep learning and explainable AI are 
integrated. Predictive performance would not 
degrade significantly. 
 
 

Explainability Analysis 
We analyze the power of the framework in 
understanding the prediction explanations. We 
use explainable AI techniques of Grad-CAM, 
LIME, and SHAP to analyze medical images and 
spot the influential features and image regions 
with the most impact. 

 
Table 8: Evaluation of Explainability Methods 

Explainability Method Explanation Quality 
(%) 

Clinical 
Interpretability 

Computational 
Cost 

Grad-CAM 88% High Low 
LIME 84% Medium Moderate 
SHAP 91% High High 
Proposed Combined XAI 
Approach 

95% Very High Moderate 

 
The explanations display visual images of model 
prediction regions with impacts. This helps us 
evaluate if the model is analyzing the important 

clinical regions and not focusing on the image 
irrelevant regions. 
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Fig 5.3 Explainability Analysis 

 
The explainability module transcribes opaque 
model predictions to understandable 
information. This helps us build trust in the use 
of AI in the medical domain and helps us to 
interpret the AI predictions more effectively. 
 
Visualization of Model Decisions 
To help understand how our framework 
processes medical images, we make use of 
visualization. Our framework uses attention 
maps, heatmaps, and feature importance 
visualizations to show how input images and 
model predictions relate. 
The visualization output shows that the model 
identifies regions important to the relationship 
between disease and model output. This visual 
explanation provides medical professionals with 
the opportunity to review AI-generated areas of 

interest and assess the validity of the model 
output from their clinical perspective and 
knowledge. 
The proposed framework visualizes the rationale 
on which AI decisions are based to address the 
limitations of black-box models as best as possible 
while improving the intercommunication of AI 
and the medical realm. 
 
Error Analysis 
Error analysis identifies key issues and possible 
failure modes of the proposed framework. The 
hybrid AI method increases diagnostic accuracy, 
but some issues persist that impact performance 
such as low-quality images, few training samples, 
class imbalance, and inconsistent medical 
imaging scenarios. 
 

 
Table 9: Error Distribution Analysis 
Error Type Percentage (%)  Possible Cause 
False Positive Cases 3% Similar disease patterns 
False Negative Cases 2% Low-quality images 
Classification Errors 1.5% Limited training samples 
Total Errors 6.5% Dataset and model limitations 
 
Cases of misclassification are examined to 
determine if the issues were involved in the 
pictures, the medical patterns were unclear, or if 
the dataset was inadequate. The results of this 
analysis suggest the development of more 
advanced models is possible with this 
information and will help with the development 
of more advanced models. 

The results show that AI-based medical diagnosis 
systems will be more effective and reliable with 
the continued enhancement of optimization, 
dataset improvement, and the development of 
explainable AI. The experimental analysis that 
has been completed shows that the proposed 
framework is effective in creating reliable and 
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explainable solutions for medical imaging 
diagnosis. 
 
DISCUSSION 
The discussion section evaluates the merits, 
impacts, and ramifications of the Explainable 
Hybrid AI Framework for Trustworthy Medical 
Image Diagnosis. Hybrid models combine the 
best of both worlds: the predictability of 
advanced models, and the explainability with 
trust appraisal. Such models recognize the 
shortcomings of traditional deep learning 
medical diagnostic techniques. Findings show 
that hybrid artificial intelligence models with 
explainable AI amplify not just the accuracy of 
the diagnosis, but the clarity and usefulness to a 
clinical setting as well. 
 
Effectiveness of the Proposed Framework 
The highlighted framework shows how the 
combination of deep learning models with hybrid 
AI can improve the performance of a medical 
diagnosis imaging system. Typical deep learning 
models excel at recognizing intricate patterns 
hidden in medical diagnosis imaging. 
Nevertheless, the absence of model transparency 
hinders their applicability in the medical domain. 
The model of the method proposed here 
surpasses this limitation by the introduction of 
transparency features that rationalize the 
justifications of the AI prediction. 
The combination of multiple AI instruments 
enhances the process of the medical diagnosis by 
the incorporation of the strengths of the diverse 
methods of the computation. The framework 
assures accurate classification with the 
presentation of rational results. Meaning the 
results suggest the classification. This is 
incorporates the diagnosis of the AI, hence 
putting forth a more applicable diagnosis. The 
proposed method ensures a more applicable and 
optimal framework for a more relevant medical 
implementation. 
 
Clinical Impact and Practical Applications 
The explainable hybrid AI framework could 
considerably aid clinical decision-making. Its dual 
capacity for insight and visual prediction explains 

its usefulness as a decision-support tool. 
Clinicians require support for error and 
assessment confirmation. Prediction and 
explanation are tools for this support. 
The explanation of prediction enhances the 
confidence of the physician because it offers the 
medical specialist a view of the pathways and 
variables on which the AI reached its conclusion. 
AI systems can work with clinicians, and rather 
than displacing medical work, this framework 
offers an extension of it. The versatility of this 
framework means its application is not restricted 
to the domain of any specific medical imaging. 
This includes areas such as the imaging of cancer, 
identification and imaging of different 
neurological disorders, imaging of the heart and 
its functions and assessment of different 
respiratory conditions. 
 
Advantages Over Traditional Deep Learning 
Models 
The framework here has benefits compared to a 
traditional black box deep learning system. 
Conventional models focus on getting the best 
prediction accuracy and explaining decisions less, 
which creates uncertainty in users. The 
framework proposed here has methods for 
explainability built in. The methods explain the 
prediction and focus on the important features in 
the images. 
Also, because of built in trust evaluation 
mechanisms for prediction confidence, and 
explanation, the reliability of the framework is 
greater. The hybrid architecture also makes the 
reliability greater because it is flexible and can 
integrate a variety of AI models and different 
sources of clinical information. 
Due to the flexibility, transparency, and safety, 
the framework is a better fit in a healthcare 
setting, due to the unique demands that come 
from a healthcare setting. 
 
Limitations and Challenges 
Although there are benefits to the proposed 
framework, there are challenges and limitations. 
The need for diverse medical data sets of a high 
standard is a major limitation. The lack of data 
and inconsistently assigned labels, along with the 
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usage of different types of equipment, may 
impact the performance of model imaging, as 
well as the ability to apply the model to other 
situations. 
The evaluation of explainability methods is a 
particularly challenging area. While methods like 
Grad-CAM, LIME, and SHAP explain model 
outputs, there is no simple way to evaluate their 
true clinical accuracy and utility. Justifications 
may be visually appealing, and may be even 
borderline accurate, but may not necessarily 
describe the exact reasoning of the model. 
 
ETHICAL AND PRACTICAL 
CONSIDERATIONS 
Incorporating explainable hybrid AI systems into 
the diagnosis of medical imaging creates 
additional ethical and practical considerations 
even within the existing frameworks of safety and 
reliability for hybrid AI systems in healthcare 
environments. These systems present 
considerable advantages to the accuracy, 
efficiency, and support of clinical decisions, but 
the tradeoff for usability are the customer 
obstacles of privacy, fairness, and transparency, as 
well as the gaps in healthcare regulatory 
frameworks for AI and the integration challenges 
of the clinical decision support systems. Closing 
these gaps creates the necessary and sufficient 
conditions for the design and deployment of 
trustworthy, safe, and reliable AI systems in 
healthcare. 
 
Medical Data Privacy and Security 
Professional and business-centric applications of 
AI systems promise unimaginable value. One 
such area is the application of AI to healthcare. 
Integrating AI systems into healthcare workflows 
forms an interface between AI and end users; for 
obvious and common sense reasons, healthcare 
practitioners will always be at the end of the 
workflow. 
Of the many challenges of integrating AI systems 
into healthcare workflows, the protection of 
patient data is one of most serious. Adding 
additional healthcare Data Protection legislation 
(eg HIPAA, HITECH, GDPR, and others) to the 
already extant Data Protection legislation to cover 

the integration of AI systems into healthcare 
workflows ensures that integrating AI systems 
into healthcare will always be a labor of love. 
Combining the various aspects of integration into 
one bundle is providing a healthcare workflow, 
fully integrated with AI systems, that will always 
be a holy grail; for obvious reasons, the value of 
the integration alone is incalculable. For all the 
burdens it brings, the integration of AI and 
healthcare in existing workflows has one 
universal guarantee: the integration will not be 
done without adequate protection for patient 
data. 
 
Bias and Fairness in AI Diagnosis 
Bias and fairness present challenges of an ethical 
nature for medical AI systems. Deep learning 
models learn from datasets. Thus, 
unrepresentative and biased training data can 
result in poor predictions. Many factors can 
contribute to healthcare disparities that are 
found in differences in imaging, data 
representation of the disease, and in access to 
healthcare, and differences in demographics. 
The integrity of the proposed framework depends 
on the inclusion of a fairness evaluation. 
Applying diverse datasets and consistently 
measuring the model's trustworthiness through 
assessments of different patient groups will 
support more reliable AI-diagnosis systems in a 
health equity context. 
 
Regulatory and Clinical Acceptance 
Regulatory approval and clinical acceptance are 
crucial for the integration of AI-based diagnostic 
systems in healthcare. Although trust and 
acceptance by clinical staff may be challenging to 
quantify, they are directly correlated with staff 
perceptions of the safety, accuracy, and 
explanation of the AI systems. Regulatory bodies 
are also concerned with the evidence of systems' 
reliability, stability, and standard compliance. 
The explainability module of the framework 
under discussion will assist in achieving 
acceptance by the clinical community, as it will 
give clinicians the ability to comprehend and/or 
verify the prediction made by the AI. 
Explainability will focus on the prediction made 
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with an emphasis on the reasoning employed and 
will foster accountability and professional 
engagement. Future implementation will 
continue to focus on ongoing validation and 
clinical testing, as well as the most current 
medical related legislative compliance to ensure 
the integration of AI in the medical field will be 
performed with a high level of ethical 
responsibility. 
 
FUTURE DIRECTIONS 
The discipline of explainable artificial intelligence 
in medical imaging continues to develop, and 
future work is likely to expand the technical, 
operational, and pragmatic frontiers of 
trustworthy AI in health services. The proposed 
explainable hybrid AI framework has made 
significant headway toward solving issues 
surrounding accuracy, explainability and trust. 
However, numerous opportunities exist for 
addressing the framework’s scalability, efficiency, 
and readiness for clinical adoption. Future work 
should develop increasingly sophisticated, safe, 
and customizable AI to assist clinicians in the 
field. 
 
Real-Time Explainable Medical AI Systems 
For real-time AI, predictive systems must shed 
light on their rationales and be applied to 
automated emergency diagnosis, explainable AI, 
and support tools, both at and near the point of 
care. Improve processing speed, and explainable 
AI tools will be ready for real-world medical 
applications. 
Real-time explainable AIs can assist with 
predictive tasks during surgeries and at the point 
of care. To support emergency diagnostic AIs, 
explainable deep-learning-based systems must be 
able to illuminate their rationale in optimal, 
efficient time frames on medical imaging. 
 
Federated Learning for Secure Healthcare AI 
Federated learning is an exciting prospect for 
balancing collaboration and privacy in the 
advancement of medical AIs. In contrast to 
sending patient data to a centralized location, 
federated learning allows the AIs of different 
medical institutions to learn collaboratively 

without sending patient data from the 
institutions, as the data can remain at the 
institution. 
There is much untapped research potential in the 
combination of federated learning and 
explainable hybrid AIs. Diagnostic systems that 
use this combination would not only account for 
privacy, but would also be inviting to more data, 
as described by the principles of federated 
learning. In addition, this diagnostic system 
would be more generalized and be able to meet 
the needs of several collaborating health systems 
without compromising user data. 
 
Multimodal Medical Diagnosis Using Hybrid AI 
Advanced AI technology has the ability to analyze 
several forms of medical data, rather than being 
confined to single-image analysis. AI technology 
that uses multiple modalities is designed to 
analyze various medical data including medical 
images, clinical notes, laboratory results, genetics, 
and patient history data. 
Diagnostic accuracy will likely improve when 
multimodal data is combined with explainable 
hybrid AI, and will provide the basis for more 
tailored therapies. Future research is needed to 
construct complex systems that will be able to 
analyze multiple streams of health data and yet be 
explainable. The developments will be the 
building blocks of the next generation of safer, 
smarter, and more responsive health care systems. 
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