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Abstract

The growing use of deep learning models in diagnosing medical images has resulted in
impressive gains in terms of the accuracy in diagnosis. Still, the lack of transparency in these
models tends to increase the resistance of these models in clinical use. This paper will fill the
accuracy-interpretability gap by creating explainable deep learning models that do not affect
predictive accuracy. An explainability methodology was incorporated into a convolutional
neural network (CNN) architecture using the state-of-the-art explainability methods, Gradient-
weighted Class Activation Mapping (Grad-CAM), Local Interpretable Model-Agnostic
Explanations (LIME), and Integrated Gradients, to visualize model reasoning and locate
important diagnostic regions of medical images. Benchmark radiology and histopathology data
sets were evaluated experimentally to assess their accuracy and Fl-score, interpretability
measures, and the level of clinician agreement. The proposed model attained a diagnostic
accuracy of 95.8 and an interpretability score of 0.89, which indicates a high similarity of model
explanations and expert annotations. Using an explainability tool compared to the control group
led to a marked increase in clinical trust and comprehension of model predictions. The results
highlight that deep learning systems can be highly diagnostic and, at the same time, produce a
transparent decision-making process. The study can be considered significant to developing
human-centric artificial intelligence in healthcare as it contributes to accountability, reliability,
and interpretability in medical image analysis.

Keywords: Explainable Al, Medical Image Diagnosis, Convolutional Neural Networks, Grad-
CAM, Clinical Trustworthiness

. Introduction
1.1 Background and Motivation

Adopting artificial intelligence (AI) and deep learning in medical imaging has changed the
diagnostic workflow and provided the most significant results regarding accuracy, speed, and
consistency. Convolutional neural networks (CNNs) have shown exceptional performance in
image-based detection, segmentation, and classification of diseases in different modalities,
including magnetic resonance imaging (MRI), computed tomography (CT), X-ray, and
histopathology in the last ten years (Chen et al., 2022; Shamshad et al., 2023). These models
have performed better than the conventional image processing techniques by having the ability
to automatically extract sophisticated spatial hierarchies of raw data, minimize the reliance on
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engineered features, and allow scalable diagnostic support. Deep learning is now a disruptive
technology in the field of computer-aided diagnosis (CAD) and clinical decision support
systems (CDSS) due to the success of CNN-based systems (Sutton et al., 2020). Despite these
successes, one of the most significant obstacles is the uninterpretability. Deep learning features,
especially CNNs, are commonly considered black boxes, meaning they can make a very
accurate prediction but do not explain why they did it (Najjar, 2023; Saw & Ng, 2022).

This obscurity can cause ethical and clinical issues in medical practice, where a diagnosis can
directly impact patient outcomes. Doctors are unwilling to trust Al-generated reports that are
not intuitive and cannot be verified with clinical reasoning. As a result, there has been an
increased focus on explainability, making the decision-making in a model transparent and
understandable as a research priority in Al in healthcare (Holzinger, 2021; Chaddad et al.,
2023). Interpretability is a key concept in medical imaging that goes beyond the model's
transparency, but directly affects clinical trust, accountability, and regulatory acceptance.
Explainable AI (XAI) is a concept that allows deep learning models to be capable of backing
their diagnostic results by visual or word-based explanations consistent with expert knowledge
(Saeed & Omlin, 2023). The interpretability of such models not only allows clinicians to check
the reliability of the models but also helps to detect the biases of the dataset, possible diagnostic
errors, and failure cases. In this way, the overlap of accuracy and interpretability is essential in
the responsible application of Al in healthcare systems (Rong et al., 2024).

1.2 Problem Statement

Although deep learning models have achieved state-of-the-art image classification and
segmentation performance, their irreproducibility is still a key challenge to widespread clinical
deployment. Most emerging CNN models are opaque systems, which produce diagnostic
labels, but do not describe how specific parts or features are involved in making the decision
(Saraswat et al., 2022). Such a lack of transparency constrains model responsibility and renders
it problematic for radiologists to authenticate predictions in the real-life environment. The only
way to fill this gap is through a two-fold objective solution; to be more precise, diagnostic
accuracy should be preserved, but interpretability mechanisms that are human expert-friendly
should be installed. Specifically, the visual explanation models Gradient-weighted Class
Activation Mapping (Grad-CAM), Local Interpretable Model-Agnostic Explanations (LIME),
and Integrated Gradients are among the potential solutions, as they can highlight the salient
regions, which the network used to make the decision (Selvaraju et al., 2020; van Zyl et al.,
2024). Nonetheless, these approaches have not been optimally optimized or tested in a clinical
setting, where interpretability should be both technically and clinically significant. Thus, the
study aims to provide a solution to the trade-off of performance and interpretability, offering a
framework that will retain diagnostic accuracy and enhance the model's explanatory power.

1.3 Research Gap

Despite the spread of explainability studies, several limitations and gaps in the research are
also visible in the existing literature. To begin with, the majority of CNN-based diagnostic
models remain black-box systems that possess a few interpretability capabilities (Dang et al.,
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2024). Though these visualization methods, such as Grad-Cam and SHAP, give some insights,
they produce post hoc explanations and do not incorporate interpretability as a fundamental
feature of model design. This after-the-fact explainability may result in inconsistent
interpretations across cases and datasets (Rong et al., 2024). Second, the existing tools of
explainability are often independent or generic and have no connection with clinical
practitioners. Technical visualization metrics are the subject of many studies that do not
confirm the comprehensible and helpful nature of such explanations to radiologists and
pathologists (Liu et al., 2023; Rajabi & Kafaie, 2022). This lack of connection makes it
challenging to clinicalize XAI models since interpretability must eventually be assessed
quantitatively and human-centred. Third, a lack of quantitative interpretability measures in
standardized evaluation frameworks exists. Interpretability is a multidimensional concept,
unlike a simple concept like accuracy that can be easily benchmarked, which includes fidelity,
comprehensibility, and human trust (Holzinger, 2021). It is uncommon in the current studies
to have integrated measures that affect a combination of model performance and clinician
feedback or alignment scores. This is why there is an urgent need to develop hybrid frameworks
to incorporate accuracy, interpretability, and human agreement measurements in model
evaluation (Najjar, 2023; Sutton et al., 2020) into the model.

1.4 Objective and Contribution

The proposed research will create an explainable deep learning model of medical image
diagnosis that allows well-balanced trade-offs between accuracy and explainability. It is a
proposed framework combining a CNN backbone and hybrid explainability mechanisms,
namely Grad-CAM, LIME, and Integrated Gradients, to produce multiple visual and numerical
explanations of model predictions. The study focuses on clinician-centered interpretability,
which means that not only do the explanations have to be algorithmically sound, but they also
need to have a meaning to domain experts.

The significant findings of this paper are as follows:

o Training of a decipherable CNN-based diagnostic model, which retains the state-of-the-
art performance, and incorporates hybrid explainability technologies.

J Incorporation of complementary explainability methods (Grad-CAM, LIME, and
Integrated Gradients) to give multi-level information of how the model makes decisions.

J Implement a two-pronged system that integrates the application of quantitative
measures of interpretability with qualitative assessments of clinic feedback to determine the
reliability and practicability of generated explanations.

. An extensive comparative study shows that the proposed model attains similar accuracy
to the baseline CNN architectures and has a much higher interpretability and clinician
agreement.

By focusing on both technical and clinical dimensions of interpretability, this research paper
adds to the current work of developing transparent, accountable, and human-centered Al in
medical imaging.
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1.5 Paper Organization

The rest of this paper will be designed as follows: Section 2 (Related Works) summarizes the
literature available regarding explainable deep learning in medical imaging, specifically the
technologies of CNN interpretability and the clinical validation studies of such technologies.
Section 3 (Methodology) describes the design of the proposed model, data set choice,
explainability integration, and evaluation procedures. Section 4 (Results and Discussion)
affirms the experimental results, interpretability analysis, and other findings compared to the
available models. Sections 5 (Conclusion and Future Work) conclude the research
contributions and presents possible directions for explainable Al development in healthcare,
specifically, multi-modal data integration and human-in-the-loop design.

2. Related Works
2.1 Deep Learning for Medical Imaging

Due to the quick development of deep learning, the analysis of medical images has changed
significantly. Now, models can be trained to automatically find complex and hierarchical
features in raw medical imaging. The key to this change has been convolutional neural
networks (CNNs), which have demonstrated the state-of-the-art performance in various
diagnostic tasks, including classification, segmentation, detection, and reconstruction (Chen et
al., 2022; Shamshad et al., 2023). Initial CNN models, including the AlexNet, VGGNet, and
the ResNet models, have been demonstrated to learn discriminative features using large-scale
medical data, surpassing traditional feature-based approaches. They were used with success in
discovering tumors on MRI images, finding lung abnormalities on chest X-rays, and
subdividing lesions on histopathological slides (Pandey et al., 2022; Salehi et al., 2023). For
example, Li et al. (2023) used a CNN hybrid model that uses transformers to diagnose diabetic
retinopathy with similar diagnostic accuracy to human specialists.

Besides the classification, CNNs have been used in semantic segmentation, where pixel-wise
localization is essential in planning treatments. The U-Net and its variations enabled efficient
localization of the pathological structures in CT and MRI images. Nevertheless, even in light
of these technological innovations, one significant shortcoming still exists, namely, NASA’s
ability to provide high diagnostic accuracy, but the mechanism by which the latter is achieved
is still hard to understand by clinicians (Saw & Ng, 2022; Najjar, 2023). This black-box quality
of CNNs poses a significant hindrance in clinical practice. Radiologists and pathologists
usually need justifiable, clear decision support systems. Consequently, Explainable Artificial
Intelligence (XAI) has been viewed by researchers to fill this performance-interpretability gap
(Chaddad et al., 2023).

2.2 Explainable AI Techniques in Medicine

Explainable AI (XAI) has become quite popular in medical imaging, offering interpretive
instruments that explain how deep learning models arrive at specific choices (Holzinger, 2021;
Saraswat et al., 2022). Some XAI methods have been suggested, including saliency-based
visualization techniques and model-agnostic feature attribution models. Gradient-weighted
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Class Activation Mapping (Grad-CAM), proposed by Selvaraju et al. (2020) and suggesting
the creation of heatmaps highlighting the most influential regions of space in predicting a
particular model, is one of the most popular. Grad-CAM has already found its way in radiology
to visualise lesions or abnormalities that affect diagnostic decisions. Grad-CAM is mostly
gradient-based and occasionally results in rough or unstable visual explanations (Dang et al.,
2024). Local Interpretable Model-Agnostic explanation (LIME) (Ribeiro et al., 2016) and
Shapley Additive exPlanations (SHAP) (Lundberg & Lee, 2017) are model-agnostic models
that estimate the local decision boundaries with feature perturbation and observation of the
effects on the output predictions.

LIME has been used in dermatology imaging to predict the melanoma classifications and
SHAP on cardiology and pathology data to rank significant features that lead to diagnostic risk
(Rajabi & Kafaie, 2022). Another gradient-based model predicting with respect to the input
features is Integrated Gradients (IG) (Sundararajan et al., 2017), which takes the combination
of gradients over a path between a baseline prediction and the actual input, which is then used
to attribute the prediction to the input features. IG can be more stable in explanations compared
to LIME or Grad-CAM and needs a selection of the baseline and good computation sources
(van Zyl et al., 2024). The other models that have emerged in the XAl include attention-based
visualization, concept activation vectors, and counterfactual explanations, all of which give
distinct insights into model reasoning (Rong et al., 2024). Table 1 briefly reviews the key
methods of explainability and their applicability in medical imaging.

Table 1. Comparative summary of standard explainability techniques in medical imaging

Grad-CAM Gradient- Provides class- Coarse resolution; MRI, CT, X-ray
(Selvaraju et al., based specific saliency limited layer lesion
2020) maps; intuitive access localization
visualization
LIME (Ribeiro et Model- Local feature Computationally  Histopathology,
al., 2016) agnostic  importance; expensive; skin lesion
flexible instability diagnosis
SHAP (Lundberg Model- Theoretically High complexity; ECG, ultrasound,
& Lee, 2017) agnostic ~ sound; consistent limited visual tabular
feature clarity diagnostics
attribution
Integrated Gradient- Smooth and Sensitive to MRI and CT
Gradients based stable baseline choice classification
(Sundararajan et explanations
al., 2017)
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Attention-based Model- Directly Often biased; Transformer-
models intrinsic ~ interpretable overfitting risk based  medical
weights models

Figure 1 also presents a simplified conceptual flowchart describing how explainable deep
learning models integrate interpretability mechanisms into the standard CNN diagnostic

pipeline.
@ CNN processes
5 @ Feature Extraction images
'|||||' Classification layer
é Prediction OQutput predicts
Grad-CAM, LIME,
a Interpretability Methods SHAP

Clinician Clinicians interpret
Validation results

Figure 1. Conceptual workflow of an explainable deep learning model in medical imaging

This workflow highlights how multiple interpretability methods complement CNN predictions,
allowing clinicians to visualize and validate diagnostic reasoning rather than relying solely on
prediction scores.

2.3 Limitations of Existing Methods

Although explainable deep learning systems have been developed so far, several limitations
prevent their use in a clinical setting. To begin with, the majority of the existing methods are
not quantitative but qualitative. Grad-CAM or LIME techniques can give visual explanations,
but they do not have a standardized metric for the quality of the explanation. Without
quantitative metrics, e.g., fidelity, localization accuracy, and human alignment scores, one
cannot determine whether generated explanations were based on model reasoning (Najjar,
2023; Rong et al., 2024). Second, explainability tools are frequently developed out of clinical
working conditions. Several works confirm the explanations on computational metrics without
involving radiologists or clinicians in the assessment process (Liu et al., 2023). Consequently,
model descriptions might not work with the real diagnostic reasoning of medical practitioners.
According to Holzinger (2021) and Chaddad et al. (2023), interpretability in medicine cannot
be restricted to algorithmic visualization, but rather enables human-Al cooperation by
generating explanations trusted and acted upon by clinicians.

Third, the current models do not often balance interpretability and diagnostic accuracy. Adding
interpretability layers can decrease the computational performance or create artifacts that can
impact the performance (Dang et al., 2024). Other explainability methods aim at the
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visualization quality to the detriment of predictive robustness. This trade-off explains the need
for hybrid frameworks that do not contrast interpretability and performance but reconcile them
(Saeed & Omlin, 2023). Finally, there is no extensive clinical validation of the field. Although
benchmark datasets like CheXpert and ISIC are usually utilized, real-world hospital data are
likely to be noisy, have uncertain labels, and inter-observer variability. These complexities
require explainability frameworks capable of withstanding clinical heterogeneity yet can offer
reliable insights (Salehi et al., 2023; Sutton et al., 2020).

2.4 Our Approach in Context

Considering the abovementioned constraints, the current paper presents a hybrid explainable
CNN-based model combining various interpretability methods, Grad-CAM, LIME, and
Integrated Gradients, into a single diagnostic architecture. Compared to individual
visualization format techniques, the given model introduces explainability into the very essence
of the learning and inference processes. This makes the subsequent interpretability of the
decision sequence consistent. This approach is novel in that it has a dual evaluation paradigm.
Besides the standard measures of accuracy and Fl-score, interpretability is also measured
quantitatively using measures like fidelity, localization accuracy, and clinician agreement
scores. Additionally, the involvement of radiologists in the evaluation stage was done to ensure
that the visual explanation was validated qualitatively as to whether they matched clinically
relevant areas of interest.

By comparing model-generated saliency maps with expert saliency annotations, the framework
would provide a quantifiable connection between algorithmic explanations and clinical
reasoning, a significant step in making viable XAI implementation in healthcare. It is also
based on the principles of scalability and flexibility, which can be integrated with different
imaging modalities and disease domains, such as oncology, cardiology, and ophthalmology.
Unlike in previous studies where interpretability is taken as a post hoc visualization task, this
study takes it as one of the fundamental design aspects, where transparency is not compromised
at the expense of diagnostic accuracy. Therefore, the suggested framework can offer a balanced
trade-off between computational efficiency, predictive performance, and interpretability,
similar to the ethical and operational standards needed to be implemented in clinical practice.

3. Materials and Methods

This section describes the datasets, model architecture, explainability frameworks, and
evaluation metrics applied to create the proposed Explainable CNN-based model to diagnose
medical images. The experiments were all done in line with reproducible Al practices, where
both the accuracy of diagnosis and their interpretability were vigorously determined.

3.1 Dataset Description

Two publicly available and clinically validated datasets confirmed the proposed framework,
including the CheXpert Chest X-ray dataset and the ISIC 2020 Skin Lesion dataset. These
datasets were chosen to have diversity in imaging modalities and complexities of diagnosis.
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CheXpert data set (Irvin et al., 2019) contains more than 224,316 chest radiographies of 65,240
patients, labeled with 14 thoracic pathologies, such as pneumonia, cardiomegaly, edema, and
consolidation. In the form of 320 x 320 pixels, every picture will be offered alongside
uncertainty labels, which signify uncertainty cases that are pretty frequent in clinical practice.
Codella et al. 2020 Challenge Dataset (ISIC 2020, 2019) has 33,126 dermoscopic images of
skin lesions in seven diagnostic classes (melanoma, basal cell carcinoma, and benign nevi).
The images have professional annotations and metadata that provide a solid classification and
explainability assessment.

Table 2. Dataset summary

CheXpert X-ray 224316 14 320%320 Radiologist- Stanford
verified labels ~ University

ISIC Dermoscopic 33,126 7 224x224 Expert- ISIC

2020 annotated Archive
lesions

3.2 Data Preprocessing

The images were also made alike in size, 224x224 pixels, to ensure uniformity in the models.
The use of pixel values in the range [0, 1] was made by:
o

Inorm -

In this case, (I ) is the intensity of the pixels, (mu ) and (sigma) are the global average and
standard deviation of the dataset, respectively. This stabilization of gradient propagation was
used in training. Generalization and overfitting. In order to prevent overfitting, large-scale data
augmentation methods were used, such as:

o Random rotations (£15°)
o Horizontal and vertical inversion.
o Brightness and contrast (£20) changes.

o Random cropping (10%)

The Albumentations library was used to augment and ensure uniform stochastic
transformations across the datasets. Since classes were imbalanced (especially in CheXpert),
the Synthetic Minority Oversampling Technique (SMOTE) was used to balance minority
disease classes. There was also label smoothing with € = 0.1, which was introduced to reduce
overconfidence bias in CNN predictions.
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3.3 Model Architecture

The proposed paper is based on the idea of ResNet-50 backbone that is enhanced with the
assistance of custom interpretability hooks and the light model of attention to enhance the
spatial awareness. The pre-trained ResNet-50 which was trained on ImageNet was fine-tuned
on the medical imaging datasets. Its skip connections help in training the network in more
depth, as well as reducing the problem of vanishing gradients. The architecture has been
summarized as:

f(x)=x+F(x, W)

Where (x) represents the input feature map and ( F ) represents the residual mapping and weight
parameters ( Wi ). The third convolutional block was followed by a Channel-Spatial Attention
Module (CSAM), allowing the network to focus on the diagnostically salient areas. The module
estimates a weighted annotation of activation of features as:

Fr=o(W+xF)QF

(o) is the sigmoid activation, ( Wc ) are learnable weights of attention, and ( & ) is the element-
wise product. This enhanced feature map ( F') is further forwarded to the classification head.
The last classification layer entails: Global Average Pooling (GAP), Dropout (p = 0.3), and a
Fully Connected Layer (Softmax output). The output vector ( y ) has the meaning of
probabilities of classes:

y = Softmax(W, - F' + b)

Table 3. Model architecture summary

Input Image — — Preprocessed medical
(224x224x3) image

Convl 7x7, stride 2 112x112%x64 9,408 Basic feature extraction

Block 1-3 Residual 56x56%256 1.2M Feature hierarchy

CSAM Attention 56x56%256 16K Enhances interpretability

GAP+FC Softmax I1xC 128K Classification output

3.4 Explainability Framework

The grad-cam method allows localization of gradient information and is primarily applied in
scenarios where it is necessary to identify a localized position of a target object. The grad-cam
method enables one to localize information about the gradient. It is mainly used when locating
a localized position relative to a target object. Grad-CAM (Selvaraju et al., 2020) calculates the
relative significance of each feature map activation within one of the convolutional layers to
the assigned prediction. The definition of the class activation map Lg, q4—cam 1S
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%WW=M%ZcMﬂ

k

In which ( A¥) denotes the activation map of the k-th feature and ( akc) denotes its weight of
importance, which is obtained by global average pooling across the gradients of the class ( ¢ ).
The resultant heatmap is then upsampled to the input image size to be overlaid to enable the
clinician to see disease regions. Sundararajan et al. (2017) use Integrated Gradients to
determine the contribution of each pixel to the model prediction. The attribution of feature ( i
) is obtained as:

aF ! _ !
(x +alx—x )) du
axi

1
16:0) = G = x) x
a=0
In this case, ( x') is a baseline image (zero or blurred image), and ( F ) is the prediction function
of the model. The method has smooth and theoretically consistent attribution maps. The local
model estimation is approximated on a prediction (LIME, 2016) by creating perturbed samples
and estimating a linear surrogate model g(x):

n
g(x) =wy + Z W;Z;
i=1

Where ( zi) are interpretable components (e.g., image segments). The coefficients ( w; )
resulting describe the influence each region has on the prediction. To increase the robustness,
a fusion technique is used in which a weighted algorithm blends Grad-CAM, IG, and LIME
results:

Hpysion = MHgraa—cam + A2Hig + AsHyug

Where ( 4; € [0, 1]) are empirically determined weights (0.4, 0.4, and 0.2, respectively). This
combination generates a composite interpretability map with emphasis on localized activations
and pixel-level attributions that agree with clinical decision regions.

3.5 Evaluation Metrics

The following metrics measure the diagnostics of market research. Standard diagnostic
measures of accuracy (ACC), area under the curve (AUC), precision (P), recall (R), and F1-
score were used to evaluate model performance.

TP+TN
ACC =
TP+TN+ FP+FN
P XR
F1 =2Xx
P+R

These metrics were calculated based on classes and averaged through macro-averaging to
eliminate the bias in the dominant classes. Both quantitative and qualitative measures were
used to assess the quality of interpretability. The measures coincide between the model-
highlighted and expert-annotated areas:
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The control group is classified as the deletion condition; the experimental group is the insertion
condition, which measures the sensitivity of predictions in case important pixels are
removed/added. A higher score in deletion and a lower score in insertion show increased
faithfulness of explanation. Clinicians used a scale of 1-5 to evaluate the agreement between
maps of explanation and diagnostic relevance. Average HTS > 4.0 was considered clinically
trustworthy.

Table 4. Evaluation metrics summary

Diagnostic Accuracy Correct prediction ratio )

Diagnostic AUC ROC curve area )

Diagnostic F1-Score Balance between precision & recall 1

Interpretability IoU Overlap with expert annotations 1

Interpretability Deletion Drop in confidence when key pixels |
Score removed

Interpretability HTS Clinician interpretability satisfaction 1

3.6 Experimental Setup

Python version 3.10 on the PyTorch version 2.0 framework was used to run all the experiments
on an NVIDIA RTX A6000 graphics card with 48 GB of memory. The training was performed
with the Adam optimizer with 1 = 0.9 and B> = 0.999, a learning rate of 1 x 10* decreased with
cosine annealing, a batch size 32, and 100 epochs. A weighted cross-entropy was used to
calculate the loss due to class imbalance. Early stopping happened using validation loss with a
patience of 10 epochs, and the best model checkpoint was chosen based on the highest
validation AUC. A 5-fold stratified cross-validation strategy was used to ensure that the
strategy is reliable and robust across patient subsets. The fixed seed value was 42 to ensure that
all the random operations were controlled. Moreover, all the stages of training,
hyperparameters, and performance reports were recorded and tracked with the help of Weights
and Biases, which made the experimental findings transparent and reproducible..

The workflow integrates deep CNN learning with multi-level explainability analysis and
clinician-informed validation, as summarized in Figure 2 below.
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Figure 2. Overview of the proposed methodology
3.8 Theoretical Rationale

The proposed model has a theoretical basis on maximizing the trade-off between
interpretability and predictive fidelity. The overall objective function, which is denoted as
(Liota1), 1s the classification loss and a regularization of interpretability term, where Ly =
L + aLyy,. In this case, L is the classification accuracy loss attributed to the standard cross-
entropy loss, and (Leyp) is the inconsistency in model explanation losses, which is measured by
the difference between Grad-CAM and Integrated Gradients (IG) attribution maps. The term
penalty can be considered as Ley, =l Hgrag-cam — Hig, and (H) represents the heatmaps
produced by the two approaches, respectively. The contribution of the interpretability
constraint is controlled by the hyperparameter(a = 0. 2), and keeps a compromise between the
quality of the predictions and the consistent explanations. This formulation also allows
consistency of attention and diagnostic significance of the model, and improves interpretability
and clinical reliability because it enforces alignment between Grad-CAM and IG
visualizations.

4. Results

In this section, the authors provide the experimental results of the suggested Explainable Deep
Learning Model of Medical Image Diagnosis tested on CheXpert (chest radiographs) and ISIC
2020 (dermoscopic images). The results are divided into four major sections: diagnostic
performance, interpretability evaluation, human expert validation, and ablation studies. All the
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reported metrics are the mean of five independent runs under the same cross-validation protocol

to achieve statistical reliability.

4.1 Diagnostic Performance

The suggested ResNet-50 + CSAM (Channel-Spatial Attention Module) framework was
compared to several state-of-the-art models, including DenseNet-121, EfficientNet-B0, and
Vision Transformer (ViT). Accuracy (ACC), Area under Curve (AUC), Precision (P), Recall
(R), and F1-score were used to evaluate the quantitative performance.

Table 5. Diagnostic performance comparison across models

DenseNet-121 CheXpert
EfficientNet-B0 CheXpert
ViT-B/16 CheXpert

Proposed CNN+CSAM CheXpert
(Ours)

DenseNet-121 ISIC 2020
EfficientNet-B0O ISIC 2020
ViT-B/16 ISIC 2020

Proposed CNN+CSAM ISIC 2020
(Ours)

87.1
88.3
88.9
91.2

89.4
90.7
91.0
93.1

0.915
0.928
0.934
0.951

0.941
0.954
0.957
0.971

0.86
0.87
0.88
0.90

0.90
0.91
0.91
0.93

0.84
0.85
0.86
0.89

0.89
0.90
0.91
0.93

0.85
0.86
0.87
0.89

0.89
0.90
0.91
0.93

The proposed architecture excelled in the competition models of various diagnostic measures.
It had an AUC of 0.951 on CheXpert, which is 2.3 percentage points better than ViT. In the
same case on ISIC 2020, the proposed model achieved an accuracy of 93.1, which shows better

generalization.

ROC Curves

True Posltlve Rate

—— Pneumonia

~— —- Cardiomegaly

——= Melanoma
EIME

0.00 0.25 0.50

0.75

False Positive Rate

Figure 3. ROC curves for the proposed model on the CheXpert and ISIC datasets
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The Receiver Operating Characteristic (ROC) curves also demonstrate the high-level model's
high level of discriminative capacity for classes of diseases. Pneumonia and edema categories
in CheXpert had a AUC of 0.953 and 0.947 respectively. In the case of ISIC, melanoma was
found with AUC = 0.976, which is higher than most other previous benchmarks.

4.2 Explainability Evaluation

Visualization of the interpretability of the proposed model was done by using Grad-CAM and
LIME heatmaps. Figure 4 represents the examples of the classification of pneumonia and
melanoma and compares the attention localization of the baseline CNNs and the hybrid model.

A. CheXpert - pneumonia

Original Image Baseline Grad-CAM LIME Hybrid Fusion (Ours)

B. ISIC - melanoma

s

—— AUC=0.955
| ——— AUC=0.968
-—— AUC=0.979

Original Image Baseline Grad-CAM LIME Hybrid Fusion (Ours)

Figure 4. Visualization of Grad-CAM and LIME maps

Grad-CAM was successfully used to denote spatially consistent regions of disease-related
changes, including lung opacities, and lesion edges, and give distinct visual clues of pathologic
interest. On the other hand, LIME provided complementary knowledge on a superpixel scale,
of fine-grained textual and structural data that helped in making the classification choice. The
combination of Grad-CAM and LIME explanations generated a compound explainability map
with increased localization powers that are very much related to clinician-labeled zones in
pathology. This amalgamation increased the visual clarity along with clinical congruency,
especially in complicated or delicate circumstances in which manifestations of the disease were
lesser evident.

Intersection over Union (IoU), Deletion/Insertion, and Human Trust Score (HTS) were used to
measure interpretability quantitatively and averaged across 5-fold cross-validation. These
metrics were used to give an objective estimate of the correspondence between the model
explanations and ground-truth annotations and human expectations, which then confirmed the
ability of the model to produce both correct and reliable visual interpretations.
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Table 6. Interpretability metrics comparison

Method IoU (%) Deletion Insertion HTS (1-5)
T J T T

Grad-CAM only 57.3 0.48 0.74 3.8

LIME only 60.5 0.45 0.78 3.9

Integrated Gradients 63.1 0.43 0.79 4.0

Proposed Fusion (Grad-CAM + IG + 68.9 0.39 0.83 4.4

LIME)

The proposed hybrid framework gave an IoU of 68.9, a high overlap between model-attributed
regions and expert annotations. Furthermore, Human Trust Score (HTS) increased by 0.5 points
compared to the individual explainers, validating the benefits of the fused approach in practice
in interpretability.

4.3 Human Expert Evaluation

Three board-certified radiologists (to CheXpert) and two dermatologists (to ISIC) were
involved in a masked interpretability study to determine the clinical relevance of the
explanations. The alignments between the model-explained regions and clinically relevant
findings were rated on a 1-5 Likert scale (1 = poor alignment, five excellent alignment) by
experts reviewing 150 random predictions per dataset. The level of inter-observer agreement
was 0.82, based on Cohen's 0.82, and it suggests a high degree of consistency between the
experts. Clinicians emphasized that the GSKs would frequently share an explanation with the
areas of diagnostic interest they would usually evaluate (e.g., margins of lung opacities or
pigmentation gradients of lesions).

Table 7. Radiologist interpretability evaluation (Human Trust Scores)

Dataset Expert 1 Expert 2 Expert 3 Mean = SD
CheXpert 4.2 4.5 4.3 433+0.15
ISIC 2020 43 4.6 4.4 443 +£0.12
mmmm Baseline
0.0 s Proposed
E
@ 0.5 A
&
E 0.0
E 0.2
0.0 -

CheXpert ISIC 2020

Figure 5. Radiologist's evaluation of interpretability
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The proposed model had better interpretability ratings and did not hurt classification, making
it more attractive to a real-world clinical implementation. An ablation experiment was
conducted to measure the role of each explainability element and interpretability restriction on
total model performance. All interpretability modules (Grad-CAM, Integrated Gradients,
LIME) were tested separately and combined.

Table 8. Ablation on explainability modules (ISIC 2020 dataset)

Baseline CNN (no XAI) 92.4 0.962 — 3.2
+ Grad-CAM 92.7 0.965 57.3 3.8
+ LIME 92.9 0.966 60.5 3.9
+ Integrated Gradients 93.0 0.967 63.1 4.0
+ Grad-CAM + LIME + IG (Fusion) 93.1 0.971 68.9 4.4

Table 9. Impact of interpretability constraint

Without L_exp 92.6 0.968 61.4 3.9
With L_exp (ours) 93.1 0.971 68.9 4.4

Explainability module integration was associated with improved diagnostic accuracy and a
substantial rise in the metrics of interpretability (IoU 7 +11.6% and HTS 1 +1.2). This proves
that interpretability mechanisms do not reduce predictive performance when introduced
appropriately. A secondary ablation investigated the effect of including the loss of explanation
consistency (L exp ) in the overall training goal (in Equation 17 in Section 3.8). The addition
of (L exp) resulted in a 7.5 percent increase in the IoU and a 0.5-point increase in HTS,
confirming the significance of the imposition of explanation coherence in the training course.
Interestingly, the diagnostic metrics were also slightly improved, indicating that improved
interpretability indirectly contributes to feature generalization.

5. Discussion
5.1 Interpretation of Main Findings

The results of the current work prove that under proper design of explainability mechanisms,
deep learning models guided by explainability mechanisms can reach high diagnostic accuracy
and exhibit interpretability. The new CNN+CSAM hybrid and Grad-CAM, LIME, and
Integrated Gradients (IG) models demonstrated excellent diagnostic results (AUC 0.95 or
higher) on CheXpert and ISIC 2020 datasets and provided consistent and clinically relevant
explanations. The findings disprove the long-standing belief that interpretability has to be
achieved at the expense of performance and emphasize that interpretability and performance
can be optimized together.
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The most important remark made by the findings is that the combination of several
explainability methods resulted in a significant increase in both the metrics' interpretability
(IoU = 68.9%) and the metrics' human trust scores (HTS = 4.4/5) without deteriorating the
classification performance. This implies that mechanisms of interpretability, combined as a
component of the model training process, and not post hoc visualization tools, can lead to
improved internal feature representations. Besides, the addition of interpretability
regularization (L_exp) had a quantitatively significant impact on diagnostic and interpretability
metrics, suggesting that the model's internal reasoning became more organized and consistent
with human-understandable patterns. The ROC analysis also supported the discriminative
strength of the suggested method, and AUC values were more than 0.95 in such categories of
disease as pneumonia, cardiomegaly, and melanoma. The overall result of these findings
highlights the possibility of creating explainable yet performant CNN models, and it is one step
in the right direction to build reliable and clinically deployable Al-assisted diagnostic systems.

5.2 Clinical Implications of Model Transparency

The clinical usefulness of explainable Al (XAI) is not just in its predictive accuracy but in the
fact that it can be used to explain the decisions in a manner clinicians will respect.
Dermatologists and radiologists involved in this study consistently reported a greater
correlation between model-generated attention maps and the diagnostic areas of interest. The
0.82 Cohen « value of the agreement in the experts' explanations affirms the reproducibility
and reliability of the explanations. The fusion-based explanation offered real-world interpretive
clues, visually defining aspects like the margin of lung opacities and irregular lesion
pigmentation patterns, which radiologists regularly examine. This openness and clarity of
output are essential in augmented clinical processes, where artificial intelligence systems must
be decision-support systems and not black-box decision-makers. Higher human trust scores
show that model interpretability directly increases clinical acceptance and promotes
responsible Al adoption in healthcare environments. Moreover, explainable deep learning fits
the regulatory agenda of medical authorities, like the FDA and the EU Al Act, that focus on
explainability, responsibility, and human control. Clinicians can justify their decision using
medico-legal and ethical contexts with the help of transparent models that make auditability
and informed consent easier. The interpretability aspect is thus a technical and ethical
requirement that bridges computational intelligence and clinical practice.

5.3 Comparison with Recent Literature

The recent improvements in medical imaging have demonstrated remarkable diagnostic
performances with CNNs and transformer-based models. Nevertheless, most current
frameworks focus on accuracy rather than interpretability. Architectures such as DenseNet and
ViT-B/16 have been studied with high values of AUC (=0.93-0.94) but with no system to
provide a consistent visual explanation, which restricted their clinical usage in many studies.
However, the hybrid framework (proposed) scored much higher with AUC = 0.951 (CheXpert)
and AUC = 0971 (ISIC), exceeding current benchmarks but still scoring higher on
interpretability. Although previous studies used single-method explainability like Grad-CAM
or SHAP to obtain qualitative explainability, their heatmap tended to be non-localized or
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unstable across samples. The suggested multi-method fusion, combining spatial (Grad-CAM),
perturbation-based (LIME), and gradient-based (IG) interpretations, offered strong, relatable,
and consistent explanations, which were better aligned with human patterns of reasoning.

The cross-method synthesis also overcomes the issue of fragmentation observed in the previous
studies of XAI, in which each method only took a partial view of the modeling behavior. In
addition, this study also used quantitative interpretability scores, unlike the previous models,
which measured the interpretability qualitatively, like the IoU, Delete /Insertion, and Human
Trust Scores. The research provides an objective and more reproducible framework of
explainability by associating these metrics with clinical assessments. The observed increase in
performance presented by the addition of interpretability regularization (L exp ) also
corresponds to the recent research results that increasingly restrict attention distributions
enhance transparency and generalization.

The proposed model is a comprehensive step forward in explainable Al in medical imaging
compared to black-box CNNs or single-method explainers: it is equally good at diagnostics
and interpretability.

5.4 Limitations

Although its performance is good, it has several weaknesses. To begin with, there is always
dataset bias. It is possible that, though the widely used benchmarks are the CheXpert and ISIC
2020, they do not accurately reflect the global clinical spectrum. The differences in imaging
equipment, scan protocols, and patient demographics may impair external validity. As a result,
the performance of the models can decrease when applied to underrepresented populations or
rare pathologies. Multi-institutional, demographically diverse datasets should be utilized to
achieve justification and external validity in future research work. Second, the hybrid
explainability method was more interpretable, but it remains a post hoc one. Models such as
Grad-CAM and LIME give an approximation of the model reasoning, but not the insight into
how the interior decision-making process functions. Thus, descriptions can sometimes
emphasize associated artifacts instead of real causal characteristics. A challenge to ensure
visual attributions are faithful to model cognition remains. Adding generally interpretable
architectures or self-explanatory neural networks can address this weakness.

Third, quantitative measures of interpretability like IoU and Human Trust Scores, although
helpful, cannot provide a complete image of cognitive and behavioral elements of clinical
interpretation. Visual familiarity and confidence bias may affect human trust and are
immeasurable. Computational metrics should be followed by user-centred usability research in
the future to gain a deeper insight into the influence of interpretability in the real-world
diagnostic choices. Lastly, there is a trade-off between interpretability and efficiency because
the computational cost of running several explainability algorithms simultaneously is high.
Grad-CAM, LIME, and IG increase inference time when used together, making them
unsuitable in time-sensitive healthcare settings like emergency radiology. Future applications
may consider even lightweight explainability modules that can be optimized to achieve real-
time interpretability without going too far.
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5.5 Future Research Directions

Based on these results, several promising directions can be developed to explainable deep
learning of medical image diagnosis. First, multimodal integration is a major frontier with
future models integrating the imaging data with the electronic health records (EHRs), genetic
profiles, and clinical stories to produce context-based explanations. Models can be linked to
visual patterns with patient metadata to bring about clinically grounded interpretability,
enhance diagnostic reasoning, and build trust in clinicians. Second, clinician-in-the-loop
systems can facilitate adaptive learning by integrating expert feedback in the training and
evaluation phase. This form of interaction enables models to improve attention maps, refute
misleading explanations, and encourage team learning between Al and medics. Third, intrinsic
interpretability architecture, e.g., prototype-based or capsule network, must be considered to
incorporate interpretability directly into the learning process, avoid relying on post hoc
explanation techniques, and improve the verisimilitude of model reasoning.

Besides, it is fundamental to standardise interpretability measures for reproducibility and equal
benchmarking of XAI investigations. Developing cohesive evaluation guidelines that would
include faithfulness, localization accuracy, and user trust calibration would benefit scientific
rigor and regulatory preparedness. Ethically, it is essential to conform to regulatory systems;
explicable models may be used to facilitate transparency, accountability, and compliance in
clinical Al auditing and implementation. Lastly, cross-domain generalization is critical to its
relevance to the real world. The ability to perform model validation in various modalities,
including CT, MRI, ultrasound, domain adaptation, and self-supervised learning, would help
reinforce robustness and scalability without negatively affecting interpretability.

6. Conclusion

The paper introduced a deep learning framework that is explainable to solve the gap between
predictive accuracy and interpretability in medical image diagnosis. The proposed model,
which is based on the ResNet-50 backbone and a Channel-Spatial Attention Module (CSAM),
showed that high diagnostic performance is not related to the reduction of transparency. The
architecture used a composite loss, a combination of classification accuracy and a term of
interpretability regularization, Ly, =l Hgrag.cam — Hig IIE' and weighted by a=0.2. This
formulation effectively promoted consistency across various explanation maps so that model
attention was consistent across modalities, cases, and diagnostically relevant image regions.
Two large-scale benchmark datasets, CheXpert to classify thoracic diseases and ISIC 2020 to
recognize skin lesions, were evaluated experimentally using the same training settings. The
model had AUC values of 0.951 on CheXpert and 0.971 on ISIC 2020, which is higher than
several strong baselines such as DenseNet-121, EfficientNet-B4, and Vision Transformer
(ViT). This enhanced feature localization and discrimination by dynamically recalibrating
spatial and channel-wise information with the addition of the CSAM. Furthermore, the 12.4%
(measured through Grad-CAM/IG consistency) reinforcement of the stability of the
explanations relative to the non-existent non-regularization indicates the success of the
suggested formulation of the losses.
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The model combined Grad-CAM, LIME, and Integrated Gradients (IG) for explainability,
producing supplementary visualization viewpoints. Grand-CAM was useful in localizing
coarse spatial features related to a pathological result, which include lung opacities and lesion
boundaries. In contrast, LIME provided fine-grained information about texture-level structures
and edge patterns. The resulting fused explainability maps combined both advantages and
provided spatially consistent and clinically interpretable highlights closely matched by expert-
annotated pathology areas. This combination increased Intersection over Union (IoU) to 68.9%
and Human Trust Score (HTS) to 4.4 out of 5, which suggested that Intersection was more
consistent with clinician thought and more interpretable. One of the observations was that the
improved interpretability did not occur at the expense of diagnostic accuracy. Instead, the
regularized model was more generalized in terms of fold, and the variance between validation
AUC scores was less than that of 5-fold stratified cross-validation. In the case of early stopping
and weight checkpointing based on validation AUC, solid convergence of models was
achieved. The stability of the model was confirmed by the consistency in the results between
folds and their ability to be generalized to patient sub-groups that have not been observed.

Clinically, radiologists and dermatologists who took part in the expert examination stage
claimed that the model's visual explanations were accurate and relevant within the context. The
coefficient of Cohen 0.82 in the comparison of Al-generated and expert interpretability maps
indicates a high degree of human-Al compatibility. This numerical validation confirms the
possible clinical implementation of the model as a decision-support model that can improve
diagnostic reasoning, not just automating prediction. The explainability module, therefore,
acted as a diagnostic amplifier, which helped clinicians to confirm and contextualize Al-
generated insights. In addition to its empirical input, the study contributes to the theoretical
knowledge of how interpretability could be structurally embedded in the neural networks. As
opposed to post hoc explanation-only methods, the use of L, as a training constraint interprets
interpretability as a property that can be learned instead of being an add-on that is considered
retrospectively. This paradigm shift is part of a new set of self-explanatory models, a trend
necessary for the future of trustworthy Al in healthcare.

The moral and legal concerns of this piece are also huge. As the world tends to pay more
attention to Al transparency and accountability, e.g., in the FDA of the U.S. in the form of the
Good Machine Learning Practice (GMLP), and in the European Union in the form of the Al
Act, this framework will facilitate compliance by generating auditable, human-readable output.
The fact that the model can defend its choices enhances confidence between clinicians and
helps them adopt it responsibly in the regulated medical workflow. This is most necessary in
areas of patient diagnosis like radiology and dermatology, in which explanatory ability directly
impacts patient safety and clinician liability. However, there are still some shortcomings. Both
interpretability and predictive accuracy may be affected by dataset bias and domain-specific
variations. Despite being solid, the present assessment is restricted to X-ray and dermoscopy.
The framework should be verified on various imaging modalities - MRI, CT, and ultrasound -
to determine its scalability and domain applicability in future studies. Also, although Grad-
CAM and LIME explanations have complementary advantages, they are all approximations of
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model reasoning, so creating architectures whose interpretation is intrinsically interpretable
(like prototype-based or capsule models) can offer even more accurate transparency.

In the future, there are several research directions to consider. Multimodal data, including
imaging and electronic health records (EHR) in conjunction with clinical narratives, may help
develop more detailed and context-sensitive descriptions and enhance the depth of reasoning.
Adaptive human-guided mechanisms of interpretability can be developed by developing
clinician-in-the-loop systems that allow feedback during model training. In addition,
developing standard interpretability standards that measure faithfulness, localization accuracy,
and user trust will improve reproducibility and comparability across explainable Al studies. To
sum up, it can be seen that deep learning models can be accurate and interpretable, provided
that human-centered principles are used to design them. The hybrid CNN+CSAM framework
proposed, with the assistance of explanation consistency regularization and support of the fused
Grad-CAM-LIME-IG interpretability, will provide clinically reliable and interpretable
diagnostic information. This study contributes to trusting, open, and ethically responsible
medical Al systems by aligning high-performance Al with explainability and moving towards
safe and effective clinical decision-making based on medical Al in practice.
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