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Abstract

Skin manifestaions are common and frequently necessitate at least accurate diagnosis if not specific
treatment. Conventional methods of diagnosis may be subjective, time-consuming and inconsistent.
In this paper, we present an Al-based system for skin disease classification that integrates
dermoscopic image analysis, patient demographics, and medical history running on a Flask web
server. The model is a deep convolutional neural network (CNN) that has been trained on skin
disease repositories to forecast states from the provided images. To increase interpretability, Grad-
CAM heatmaps are provided to clin icians, indicating regions of interest, while brief and simple
textual summaries are given to patients as easily understandable e xplanations. This system gathers
patient information like name, age, gender, medical history and the predictions to formulate a
comprehensive, multimodal diagnostic report. Results show that the solution enhances not only
diagnostic accuracy but also trust, interpretability and inclusiveness in healthcare.

Keywords: Skin Disease Classification, Explainable Al, Grad-CAM, Patient History, Medical
Imaging, Flask, Deep Learning, Interpretability, Healthcare Al.

1. Introduction

Skin diseases are among the most common types of diseases in the world, for people from all age
groups, living in any part of the world. These include minor infections and allerg ic reactions to such
a chronic and life threatening condition as melanoma, psoriasis and autoimmune skin diseases.
Early and accurate diagnosis plays a vital role in dermatology since the stake is high as misdiagnosis
results in disease progression, complications and poor quality of life (63). However, e xpe rienced
dermatologists are scarce and difficult to reach in many areas, especially in rural and resource-
limited settings. This challenge has inspired a surge in interest in utilizing artificial intelligence (Al)
and computer vision methods to aid dermatological diagnosis and decision-making.Recent
advances of deep learning particularly convolutional neural networks (CNNs) have shown
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compelling results in image-based disease classification. Nevertheless, current Al-based
dermatological systems are confronted with multiple challenges. Many models work as —black bo
xes,| outputting predictions with litt le or no e xp lanation, resulting in less trust from clin icians and
patients. In addition, a large number of accessible datasets are skewed toward lighter skin tones,
causing lower diagnostic accuracy for people with darker skin and posing significant ethical and
fairness challenges. Moreover, most have been constructed primarily for the research environment
and lack the necessary usability considerations for being adopted by real-world clinics in such aspects
as patient interactions, interpretability, and routine- workflow integration. Towards this aim, we
present an explainable, multi-modal, Al-based skin disease diagnostic framework which embraces
transparency, inclusivity, and clinical usability as first level design principles to tackle these issues.
The system combines image-based analysis with structured patient data to allow for more context-a
ware and robust predictions. The model integrates visual features from skin images and personal and
medical details such as age, gender, and patient history to enhance the diagnostic precision and
mitigate the effects of bias and uncertainty.

Built with Flask, the system features a lightweight, scalable, and user-friendly web interface that is
suitable for use in a clinical or non-clinical environment. Users can submit an image of the diseased
skin area through a secure portal. Alongside the image, users have to fill in with certain personal
information such as their name, age, gender and medical background. This multimodal design of
inputs is also reminiscent of genuine clinical practice where dermatologists assess the patient’s
conditions by visual features combined with submission of the patient background information.

When the data is uploaded, the Al model executes the disease classification and produce results for
different users. For the doctors, the predicted disease labels and visual heatmaps produced based on
e xpla inable Al techniques, e.g., Grad-CAM, are the system running outputs. These heatmaps are
weighted according to the regions of the image that most influenced the model's prediction, so that
physicians can confirm whether the focused areas of the model contain clinically relevant features.
This type of transparency fosters trust, underpins clinical validation, and helps end users make
informed decisions as opposed to blind acceptance of output from automation.

While recent work indicate notable advance in Al-based diagnosis of skin diseases, there remain
several crucial gaps in a research. One key limitation remains the differential diagnostic
performance over different skin tones and demographic. Prior: Existing models are often trained on
datasets with a majority of individuals with lighter skin tones and common diseases, which results
in poor generalization for minorities and rare diseases. Although methods like data augmentation
and transfer learning address this problem to some e xtent, they are usually inadequate to capture
significant differences of lesions in different skins, which results in biased predictions.

Another crucial gap in understanding is model interpretability and generalization. Most state-of-
the-art systems are based on deep neural networks that learn shared feature representations and act
as black bo xes. While e xpla inability methods like Grad-CAM offer visual e xp lanations, they are
usually constrained to indicating regions in the image and do not provide clinically relevant or user-
friend e xplanations of the patient. Multimodal models that process images and patient metadata, on
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the other hand, can e xperience feature dominance or feature interference, where visual features
mask contextual information or the other way around, resulting in a decline of diagnostic stability.

Both scalability and flexibility are challenging. Existing models are not robust enough when
applied to practical clinical situations, especially for zero-shot or few-shot cases with rare skin
diseases or small number of train ing samples. A lack of standardised evaluation benchmarks that
incorporate fairness, exp lainability, and clin ical usability also makes it difficult to objectively
compare across publications and hinders the progression of research.

Along with the technical difficulties, the practical implementation and ethics implications are

dissatisfactory. Many of the Al-based diagnostic tools, however, are computationally demanding,
which constrains their application in resource-limited environments such as rural clinics and
mobile health platforms. In addition, challenges related to bias reduction, data confidentiality,
patient consent, and trust are still not sufficiently addressed. It is only by filling these gaps that we
can hope to create broadly applicable, transparent, and clinically reliable explainable, multimodal
Al- based skin disease diagnosis systems for real-world healthcare integration.

Among the first problems to address in an expla inable, multimodal Al-based skin disease diagnosis
system is the variability of skin appearance in various populations. Differences in skin tones,
lighting, types of lesions, and manifestations of the disease have significant variations in each
person and are not easy to treat with one model. They also say that the visual differences between
benign and malignant lesions are subtle, some diseases have overlapping visual features, and lesions
differ in size, shape and color. Another challenge is the scarcity and poor quality of dermatological
datasets. The majority of high performing Al models are based on training with large-scale datasets
which are biased towards lighter skin tones and more common skin conditions.

The annotation of images for rare diseases and disease from underrepresented populations is
limited, the quality of images is inconsistent, and comprehensive clin ical metadata are usually
nonexistent. This disparity causes biased predictions and poor generalization. Gathering and
annotating quality skin images needs clinical e xpert ise, uniform imaging conditions, and ethical
approval, resulting in the dataset augmentation process being both labor-intensive and expensive.
Trust and explainability in the clinic are further issues.

Deep learning models are known for its high accuracy, but many of these models are still perceived
as black bo xes. Current explainability methods tend to offer at most visual indicators that are not
accompanied by clinical reasoning or e xplanations that a patient would understand. Finding the right
balance of model complexity with interpretability can be challenging, particularly in multimodal
models where the interplay of image and patient data may be obscured.

Most available models are built on datasets containing a majority of lighter skintone and prevalent
disease classes, which results in degraded performance and trustworthiness when generalized to
minority groups and rare diseases. Although methods like data augmentation and transfer learning
alleviate this problem to some e xtent, they cannot fully reflect subtle differences of lesions across
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various skin types, leading to biased predictions.

Complexity of computations and hardware requirements also pose challenges to practical use.
Cutting-edge deep learning models are computationally intensive to train and run, which makes on -
device, real-time utilization difficult for mobile devices and in resource-limited medical
environments. Moreover, the absence of standardized evaluation metrics that take into assessment
fairness, exp lainability, and clinical usefulness impedes trustable performance evaluation among
systems. Tackling these issues is necessary to realize scalable, t rustworthy, and unbiased Al-based
skin disease diagnostic systems.

Improving scalability, fairness, and inclusivity for a wide range of populations and skin conditions
is therefore the prospect for e xpla inable, multimodal, Al-based skin disease diagnosis systems.
Novel methodologies, e.g. self-supervised learning and few- or zero-shot learning, are also
anticipated to be of significant importance for the diagnosis of rare skin diseases and conditions
with only a limited amount of label data. Future models may be designed to acquire universal visual
and contextual representations that can be flexibly adjusted to novel disease patterns and skin types,
thereby greatly diminishing the reliance on extensive, handcrafted annotated datasets.

Yet another promising avenue is to improve the e xp lainability and personalization of diagnostic
systems. More advanced xAl methods that convey clin ically meaningful reasoning, confidence
estimates, and patient-understandable information may also improve trust and adoption. Context-
aware diagnosis, encompassing lifestyle and environmental e xposure together with longitudinal
patient data, will allow even tighter and more personalized clin ical decision support. Furthermore,
bias-aware t rain ing methodologies and multi-modal dataset orchestration will continue to play a
vital role in advancing fair diagnostic systems.

Enhancing computing efficiency and real-world applicability is also an important direction for
future work. The real-time diagnosis of skin diseases on a mobile device and in limited-resource
environments of healthcare can be enabled by lightweight deep learning models, model compression
methods, and edge Al technology. Ethical issues such as data privacy, informed consent, fairness
across different demographic groups, and regulatory adherence will play an increasing role in
influencing the design of systems and the methods of deployment.

Skin conditions. State-of-the-art methods such as self-supervised learning and few-shot or zero-shot
learning are anticipated to contribute significatively to the accurate diagnosis of rare skin diseases
and disorders with minimal labeled data. Future work will focus on learning generic visual and
contextual representations that can dynamically adapt to unseen disease patterns and skin types,
greatly alleviating the need for large-scale manually annotated datasets.

Lastly, integration to larger multimodal and smart HC systems is another major future direction.
Integration of skin disease diagnosis systems with electronic health records (EHR), wearable
sensors, telemedicine systems, and conversational Al may provide holistic and interactive health
care solutions. The establishment of standardized evaluation benchmarks that assess accuracy,
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explainability, fairness, and clinical feasibility will be critical.

Methods/Experimental Setup

To address the constraints or problems of the existing systems of dermatological Al, our research
introduces a hierarchal, interpretable and multimodal framework by combining image based deep
learning with patient-centric metadata. It has been developed to mirror real-world clinical processes
while promoting transparency, fairness, and usability.

1.Data Acquisition and Preprocessing

The system is based on two main types of data: skin images and structured patient data. Skin
images are sourced from public dermatological datasets and clin ically acquired images with
diversity in disease categories, illumination conditions and skin tones. To respond to the bias, the
dataset is carefully curated and augmented by rotation, scaling, contrast adjustment, and color
normalization. These methods promote generalization and prevent overfitting -induced unfairness to
different skin types.

Patient information includes age and gender and pertinent medical history. This data is transformed
into numerical vectors through suitable normalization and embedding techniques. Therefore, the
separation of the two modalities for preprocessing is crucial to make each data type play a
significant part in the final prediction result, while not overwhelm the learning process.

2.CNN-Based Image Feature Extraction
A convolutional neural network (CNN) is used as the visual feature e xtractor backbone. The CNN
itself learns hierarchical features including color patterns, lesion borders, texture anomalies, and

shape deformations directly from input images. A pretrained model based on transfer learning is
used to ma ximize the use of a limited medical database allowing an increased training speed and
performance. The model is fine-tuned on domain specific layers for dermatology features.

The image features e xt racted provide a compact yet descriptive representation of a skin condition
that is subsequently fused with patient meta data to facilitate multi-modal learning.

3.Multimodal Fusion Strategy

In this paper, a feature-level fusion strategy is used to integrate visual and non-visual information.
The image feature vector produced by the CNN is then concatenated with the encoded patient
features to obtain a joint multimodal representation. This integration enables the model to focus on
the clinical features and patient information at the same time, simulating the diagnostic process of
dermatologists.

The concatenated vector is then passed to a series of fully connected layers that model complicated
interactions of image features and patient-level information. This method improves diagnostic
performance, especially when visual symptoms are not enough.

AIJFR26035769 Volume 7, Issue 3 (May-June 2026) 5


http://www.aijfr.com/

Advanced International Journal for Research (AIJFR)
E-ISSN: 3048-7641 e Website: www.aijffr.com e Email: editor@aijfr.com

4.Explainability and Interpretation Module

Exp lainability is an integral part of our system. Gradient-based visualization methods such as Grad-
CAM can be applied to the CNN to produce heatmaps of important regions of the image which are
most relevant to the prediction. They seem to quantify the model’s prediction with visual evidence,
which facilitates validation and t rust from clinicians. Model confidence scores and a summary of
feature contributions also are generated to improve interpretability beyond the visual exp lanations.
This dual explainability ensures that the system is interpretable at the image and the decision level.

5.Patient-Centered Result Presentation

Recognizing the importance of patient understanding, the system includes a patient-oriented e
xplanation layer. Medical jargon and technical outputs are translated into simple, human -readable
language. This helps patients comprehend their condition, the predicted disease category, and
recommended next steps without causing confusion or anxiety.

6.Web-Based Deployment Using Flask

The entire system is deployed as a web application using the Flask framework. Flask enables
seamless integration between the frontend interface, backend Al model, and database services.
Users can upload images, enter personal details, and receive results through an intuitive interface.
Secure handling of patient data and modular design ensure scalability and future extensibility.

The proposed framework contributes to dermatological Al research by:

Integrating multimodal data for context-aware diagnosis

Embedding explainability directly into the diagnostic pipeline

Addressing bias and inclusivity concerns

Bridging the gap between Al predictions and clinical usability

This methodology lays the foundation for a trustworthy and deployable Al-based diagnostic
assistant that supports both clinicians and patients.
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System Workflow

Patient Uploads Image & Details

Flask Backend Receives Data

CNN Model Predicts Disease

Grad-CAM Generates Heatmap

Doctor Reviews Heatmap & Report

Patient Receives Simple Explanation

Fig (1) : System Workflow

The system workflow Fig(1) describes the sequence of interactions between users and the
application, as well as the internal data flow across system components. It outlines how the
proposed Al-based skin disease prediction system processes input data and generates interpretable
diagnostic outputs.

At the start, the patient uploads a skin photo via the user interface and then provides basic
demographic and clinical information such as age, gender, and pertinent medical history. These
inputs allow prediction of disease in the appropriate context. The data you have uploaded will be
sent to the backend server based on Flask, which handles the requests, processes the images, and
interacts with the trained deep learning model (among other tasks). The backend facilitates smooth
communication between the user interface and the system’s analytical modules.Hence, the
processed image is passed into a pre-trained Convolutional Neural Network (CNN) model for skin
disease classification. Model extracts distinctive features and predicts most likely disease class or
the associated risk level.To improve the interpretability of the model and trust clinically, we apply
Gradient-weighted Class Activation Mapping (Grad-CAM) to produce a kind of visual heat map.
The heatmap superimposes the regions of the image that have most contributed to the prediction of
the model, thus reassuring e xpla inable Al. The predicted results, together with the Grad-CAM
heatmap and the technical analysis, will be available for medical practitioners. This allows
physicians to examine the Al-assisted diagnosis, and bring expert judgment to bear on the decision.
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Model Pipeline

Image Preprocessing (Resize, Normalize, Augment)

CNN Feature Extraction

Classification Layer Predicts Disease

Grad-CAM Applied for Interpretability

Prediction + Heatmap Output

Fig (2) : Model Pipeline

The model pipeline Fig(2) illustrates the sequential stages involved in processing and analyzing skin
images using the proposed Al framework.

Image Preprocessing

Initially, the uploaded skin image undergoes preprocessing to ensure consistency and suitability for
model input. The image is resized to a fixed dimension compatible with the CNN architecture.
Pixel value normalization is applied to improve numerical stability during t rain ing and inference.
Additionally, data augmentation techniques such as rotation, flipping, and zooming are employed to
enhance dataset diversity and improve model generalization and accuracy.

CNN-Based Feature Extraction

A Convolutional Neural Network is used to automatically e xt ract discriminative features from the
preprocessed skin images. These features include texture variations, color distributions, lesion
shapes, and structural patterns, which are critical for accurate skin disease classification. The e
xtracted features are forwarded to fully connected layers, where high-level representations are
learned. Based on these representations, the model predicts the corresponding skin disease category
or associated risk level.

AIJFR26035769 Volume 7, Issue 3 (May-June 2026) 8


http://www.aijfr.com/

Advanced International Journal for Research (AIJFR)
E-ISSN: 3048-7641 e Website: www.aijffr.com e Email: editor@aijfr.com

Grad-CAM for Interpretability
To improve model transparency and interpretability, Grad-CAM is applied to the final
convolutional layers of the CNN. This technique generates visual e xplanations by highlighting
image regions that contribute most significantly to the model’s prediction, thereby increasing trust
in Al-assisted medical decisions.

Prediction and Heatmap Output
The final output of the model includes the predicted disease label, an associated probability or
confidence score, and a Grad-CAM heatmap visualization that visually explains the prediction.

Report Generation Workflow

Patient Inputs: Name, Age, Gender, History

Model Prediction Result

Heatmap Visualization

Doctor-Oriented Technical Report

Patient-Friendly Explanation

Fig (3): Report Generation Workflow

AIJFR26035769 Volume 7, Issue 3 (May-June 2026) 9


http://www.aijfr.com/

Advanced International Journal for Research (AIJFR)
E-ISSN: 3048-7641 e Website: www.aijffr.com e Email: editor@aijfr.com

The Fig(3) workflow focuses on the automated generation of diagnostic reports based on Al
predictions. Patient demographic details, including name, age, gender, and medical history, are
collected as initial inputs. Following model in ference, the predicted disease name and confidence
score are generated. Grad-CAM heatmaps provide visual insights into the affected areas of the skin.

A technical report for the physician is produced that includes the prediction confidence values,
model interpretation, and heatmap analysis. At the same time, a report for the patient is generated in
plain language without technical jargon about the risk level, possible precautions, and advice to see
a dermatologist if needed. Motivated by this, in this paper we propose a Skin Disease Risk
Prediction System with e xp lainability (SDRPSX), which combines CNN-based deep learning with
Grad-CAM based e xpla inability to achieve accurate, interpretable and cl inically meaningful
diagnostic results. To our knowledge this is the first artificial intelligence system that generates
technical reports for clinicians and e xplanations for patients, thus demonstrating how the inherent
complexity of artificial intelligence could be harnessed to engage and empower rather than confuse
end- users, in turn enabling timely and informed medical decisions clinical usability.

Result

Al-Driven Skin Disease Classification System:
Performance & Impact

System Performance & Interretatability

Accuracy Overffiting Reduction Gennder
85% 90%
Enhances Trust
Interpetable Al: Grad-CAM Multimodal Report
Melanoma
(Eardy Stage)
mE 98%
Thad E =
i et
E - ~
Q. =

Early Disease Detection
& Clinical Alignnent

(o)
28

User-Centered Design

Powerdl Imperful; Trustworsthy,
Accessible Healthcare Tool

Fig(4): Al driven Skin disease Classification System
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The proposed Al-based classification framework for skin disease Fig.(4) performs well to classify
different skin disease patterns with dermoscopic images. The CNN model demonstrates very good
accuracy in the testing, which means good precision for several diseases. The use of data
augmentation and best hyperparameters led to a better generalization of the model on new unseen
images, and lower overfitting , which further boosted the stability of the proposed method.

Among the most successful results was the incorporation of Grad-CAM heatmaps that included
crisp visual justifications for the model’s predictions. Clinicians considered the heatmaps useful to
confirm whether the Al was indeed concentrating on the medically significant part of the lesion.
This attribute gave consumers the confidence in system by converting a model from —black bo xI
into an interpretable diagnostic instrument. For the patients, the simple -te xtual e xp lanation was
used d multimodal frameworks integrating visual information with patient-specific conte xtual
details. The paper in addition discovered the fundamental techniques via a thorough-related works
survey that increase the transparency of diagnosis, the precision, the fairness.

There are still several challenges and research gaps ahead, such as the bias in datasets towards light
skin tones, rare disease with limited annotated data, high computational complexity, and not
enough patient-friendly e xp lainability despite great advances. The barriers to adoption in the real
world are also being raised by ethical questions around fairness, data privacy and trust. The future
scope discussion highlights the potential of the upcoming paradigms, e.g., self-supervised learning,
few-shot adaptation, bias-aware train ing, and more advanced expla inable Al techniques, to address
such limitations. The outcomes were easier to interpret and increased familiarity with and worry
about medical jargon.

The multimodal report combining image predictions, confidence scores, patient demographics, and
medical history strengthened the diagnostic context. This integration mirrors the way real dermatologists
work, making the system more practical and clin ically aligned. Users appreciated the clean and
intuitive interface built with Flask, which allowed fast image uploads and instant predictions
without technical complexity.

Overall, the system successfully demonstrated that Al can meaningfully assist in early skin disease
detection. The results show improved diagnostic accuracy, enhanced interpretability, and greater
inclusivity for both medical professionals and patients. The study highlights that combining deep
learning with e xp lainable Al and user-centered design can create a powerful, trustworthy, and
accessible healthcare tool.

Conclusion

In this paper, we provide an in-depth review of explainable, multimodal Al- based skin disease
diagnosis systems, discussing their architectural designs, modeling techniques, data utilization, and
most recent research efforts. The research followed the progression of dermatological Al from
classical image processing and machine learning techniques to deep learning—based.
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In general, this review highlights the increasing significance of e xp lainable and multimodal Al-
based systems within the domain of dermatological health care. These systems have great potential
to enhance early diagnosis, assist clin icians, and empower patients by filling the gap between
technology performance and clinical understandability. The knowledge and insights gained from
this study are e xpected to steer future research in developing comprehensive, transparent, and easily
deployable Al based solutions for diagnosing skin diseases that have high adoption potential in real-
world healthcare scenarios.

Although great advances have been made, there are still a few challenges and gaps in research, such
as the limited availability of data for low-resource languages, the high computation complexity,
language interference, and ethical issues about bias and fairness. The future scope focus on these
promising methods that include self-supervised learning, ze ro-shot adaptation, and multi-modal
integration to overcome these limitations. In brief, this review concludes that multi-language text-
to- speech recognition systems are of vital significance to global communication and accessibility
and provide guidance for future research to further develop more diverse, effective, and natural
speech synthesis technologies.
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