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Abstract Despite the impressive research related to the application of artificial intelligence in the medical field, its adoption
in real clinical settings, especially in medical decision-making, remains very limited. Therefore, our objective in this work
is to develop a deep learning-based web application that supports medical decision-making. In addition to enabling efficient
interaction and knowledge sharing among medical professionals, our web application also provides an accurate prediction
system for colon cancer. This system is based on a Vision Transformer (ViT) deep learning model, which is characterized
by its attention mechanism that ensures rich contextual representations and captures long-distance dependencies within
images. To promote physicians’ confidence in the intelligent system, our approach provides clear visual explanations of
the ViT predictions using the XAI method LIME. The validation of our model was conducted on a merged dataset of
LC25000 and DigestPath images, with an additional external evaluation on the EBHI-Seg dataset. The experimental results
demonstrate the competitive performance of the proposed ViT-based approach, which achieved perfect accuracy on the
LC25000 dataset, 94.90% on the challenging merged dataset, and a robust accuracy of 92.17% on the unseen EBHI-Seg
dataset. This remarkable performance makes the model suitable for real-world clinical applications.
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1. Introduction

With the increasing need of efficient healthcare services around the world due to modern lifestyles that cause serious
diseases, the healthcare domain has become more challenging with increasingly complex clinical cases[1, 2, 3].
This requires healthcare professional to continually update their medical knowledge, to connect to each other, and
to adopt the latest practices and technologies to effectively address the needs of their patients [4, 5, 6].
Making efficient medical decisions is considered the most important process that can improve healthcare quality.
Therefore, errors in this critical process must be avoided [7]. The lack of physician experience in generating relevant
medical decisions or validating probabilities is the main obstacles that affects healthcare quality [8]. The lack of
accessible patient information and poor communication between medical staff also present serious challenges [9].
Therefore, trying to integrate and profit from what the information technologies (IT) field has reached can greatly
enhance medical healthcare. Nowadays, many powerful tools have been developed by IT engineers that can
enhance communication between healthcare professionals and patients and make it more user-friendly [10, 11].
Additionally, they also present modern artificial intelligence (AI) approaches that identify patterns within large
amounts of any data types. These approaches are very promising for detecting abnormalities in medical imaging,
which can be challenging for human analysis [12].
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Machine learning (ML) and deep learning (DL) are subfields of artificial intelligence that have seen significant
growth in various domains, especially in the medical field. A large number of research studies aim to adopt new
ML and DL technologies to support medical decision-making. The detection of cancerous cells in medical imaging
is one of the major research areas in AI that has attracted considerable interest in recent years [13].
With over 200 different types of cancer identified, colorectal cancer, which is the focus of our study, is the third
most common type of cancer and the second leading cause of death due to cancer. The continuous increase of
this cancer type is largely related to the modern lifestyle, which is characterized by reduced physical effort and
unhealthy diets based on fast food and processed products. In addition, smoking and alcohol consumption are
major risk factors contributing to the spread and severity of this cancer type. Since colorectal cancer often shows
no symptoms in its initial stages, early diagnosis is considered one of the most important factors in reducing its
mortality rate [14, 15, 16, 17].
Histopathology is one of the most common diagnostic methods for colorectal cancer. The preparation process
involves cutting tissue samples into extremely thin layers, and then staining them with specific chemicals that
highlight cellular components (nuclei in blue and cytoplasm in pink). These samples are then examined under a
light or electron microscope and can be stored in numerical image form [18, 19]. These images can be used to train
machine learning and deep learning algorithms for later automated detection of tumor cells and reduce workload
of specialized doctors [20].
In the AI field, the focus on proposing increasingly efficient techniques has led to the development of complex
machine learning and deep learning models that are generally incomprehensible, even to AI experts. These models
are often considered black boxes that are difficult to interpret for the majority of users. This lack of transparency
leads to grow-ing concerns about their deployment in critical fields such as medicine, where doctors need to clearly
understand the decision-making processes of these algorithms [21]. Consequently, despite significant efforts by
researchers to create promising AI algorithms for enhancing medical decisions, these advances remain theoretical
proposals in scientific literature, with very limited real-world application in clinical settings. To address this
challenge, the first necessary step is the integration of these AI techniques into physicians’ actual clinical routines
[22, 23]. These AI-integrated solutions must be as transparent as possible by taking advantage of advancements
in the field of Explainable AI (XAI) to generate human-understandable explanations for the decision-making
processes of ML and DL models [24, 25].
Therefore, our objective in this work is to integrate modern AI techniques into the clinical setting through
a deep learning web-based application for medical decision-making with a focus on colon cancer detection.
We turned to web technology for its simple accessibility from any internet-connected device (smartphones and
computers), which provides an immediately deployable solution for real clinical practice. This web application
serves a dual purpose. Primarily, it enables efficient instantaneous interaction between medical professionals for
discussing clinical cases encountered in their clinical setting, in order to reach the most relevant medical decision.
Furthermore, this application also provides an effective deep learning-based tool for colon cancer detection. This
smart tool adopts a Vision Transformer deep learning model (ViT), which is the transformer model version adapted
for computer vision [26].
Transformer models were first proposed in the field of natural language processing (NLP), where they have
achieved great success thanks to their high performance based on the attention mechanism [26, 27]. Compared
to recurrent neural networks (RNNs), which process data sequentially and convolutional neural networks (CNNs),
which employ local filters, the attention mechanism enables the model to simultaneously analyze the relationships
between all elements in a sequence [27, 28, 29]. This strategy enhances the ability to capture long-distance
dependencies and produces rich contextual representations [30]. Models such as BERT and OpenAI’s GPT-2 and
GPT-3, which rely on this approach, have revolutionized the field of natural language processing [31].
To ensure high usability of the proposed application in clinical settings, an Explain-able AI (XAI) solution was
developed for our ViT model to provide clear and hu-man-understandable explanations of its medical decision-
making. The XAI approach adopted in this work is Local Interpretable Model-Agnostic Explanations (LIME),
which offers a visual explanation of the complex model’s predictions by highlighting regions that strongly influence
the prediction results. This is achieved by masking regions of the image and observing the corresponding impact
on the model’s output to identify the most critical areas for the decision [32].
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The ViT model integrated into our application was rigorously evaluated to demonstrate its robustness. The
experimental results demonstrate that our model is characterized by its high predictive accuracy, even on external
unseen data. Furthermore, a comparative analysis with recently proposed deep learning models highlights the
competitive performance of our model. These results confirm its strong generalization capability and high reliability
to support medical decision-making in clinical settings. The primary contributions of this study are as follows :

• Design and development of an interactive web application that enables physicians to share clinical cases and
conduct teamwork discussion-based medical decision-making.

• Integrate an efficient Vision Transformer (ViT) model for colon cancer detection.
• Incorporate the XAI method LIME in order to provide physicians with visual and interpretable explanations

of ViT model predictions.
• Conduct rigorous validation of the model based on a merged dataset (LC25000 + DigestPath) and an unseen

external dataset to promote the reliability of predictions in real-world clinical settings.
• Present an innovative combination enabling physicians’ expertise sharing and explainable ViT-based

predictions to enhance medical decision-making.

The rest of this paper is organized as follows: section 2 is devoted to related work. Section 3 presents the proposed
architecture of the intelligent web application. Sections 4 and 5 explain in detail the adopted ViT deep learning
model and the XAI LIME method, respectively. Section 6 describes the developed application. Section 7 presents
and dis-cusses the prediction performance of the ViT model. Section 8 provides the conclusion of this work.

2. Related Work

In this section, we highlight recent work interested in the development of intelligent web applications for medical
decision-making. We focus on the types of machine learning and deep learning models integrated into these
applications, as well as their prediction performance and reliability in clinical settings. Furthermore, a summary
comparison of these works is presented in Table 1, providing a concise overview of their key characteristics.

In [33], the authors propose a medical web application with mobile compatibility. This application supports
medical functions such as appointment scheduling and an intelligent deep learning system for brain cancer and
diabetic retinopathy detection. The work presented in this paper focuses on the application’s functionalities and
does not provide detailed experimental evaluation results of the deep learning models, which affects the reliability
of adopting this application in real-world clinical settings.

[34] presents an improved version of the same application, with enhancements especially in the user interface
intuitiveness and the number of diseases taken into account by the intelligent system. In this version, keratoconus,
breast cancer, and pneumonia have been introduced for deep learning-based detection.

The web application presented in [35] offers a chatbot tool for medical diagnosis. This tool integrates two
models for medical image detection: pneumonia via chest X-rays and ocular pathologies via optical coherence
tomography scans. Additionally, the application includes a model capable of extracting physiological parameters
for diabetes prediction through the analysis of text-based conversations between the chatbot and the user. Despite
the cloud services (OpenAI, Teachable Machine) adopted by this application, which avoid expensive infrastructure,
there are concerns regarding the confidentiality of patient data analyzed through these services.

In [36], a comparison between various machine learning models is conducted to determine their performance in
diabetes prediction on multiple datasets. The results of this study demonstrate that the Support Vector Machine
(SVM) algorithm achieved the highest accuracy, particularly on the Pima Indians Diabetes Dataset (PIDD). For
this reason, SVM was deployed in the Flask-based web application that takes clinical parameters as input and
returns an instant prediction (positive/negative) for diabetes diagnosis.
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In [37], the authors have conducted a comparative study between several machine learning models to determine
the best performing one for stroke prediction. Compared to K Nearest Neighbors (KNN), Logistic Regression
(LR), Support Vector Machine (SVM), Naive Bayes (NB), and eXtreme Gradient Boosting (XGB), this study
found that Random Forest is the most efficient model, with an accuracy of 90.36%. Therefore, Random Forest
was selected for integration into the web application for stroke prediction. This application has also employed
Explainable AI (XAI) techniques, such as SHAP and LIME, which provide doctors with a clear explanation of the
prediction process.

The smart web application proposed in [38] is intended for prostate cancer detection using the EfficientNet-B1
deep learning model. Based on input biopsy images, the output result of this model presents the severity grade
of this type of cancer, where Grade 1 corresponds to a less aggressive cancer and Grade 5 to a highly dangerous
form. This study focused more on the usability evaluation of the application rather than the efficiency of the deep
learning model, which is important for the reliability of this application in real clinical settings.

[39] presents a web application for the prediction of COVID-19. Based on the COVID-19 symptoms and
presence dataset, different machine learning models were evaluated to determine the most relevant one to be
integrated into the application. The dataset used includes 20 binary symptom inputs (0 = symptom absent, 1
= symptom pre-sent) and 1 binary result output (COVID-19 = presence/absence). This study showed that RF,
SVM, KNN, and ANN achieved the best prediction results with an equal accuracy of 98.84%. The source code of
the application, available in the GitHub repository, demonstrates that SVM is the model integrated into the web
application.

The web application presented in [40] is based on a sequential convolutional neural network (Seq-CNN)
proposed for skin cancer detection. The model of this application takes dermatoscopic images as input and returns
one of the seven types of skin lesions de-fined in the HAM10000 dataset. The experimental study demonstrated
that this application achieves a detection accuracy of 96.25%. Furthermore, the application was evaluated through
a user satisfaction survey conducted with 150 participants. The results showed that 76% rated their overall
satisfaction as 5 (Very Satisfied).

In [41], the authors proposed a simple intelligent web application for heart disease prediction. To obtain an
effective web application in a real clinical setting, a comparison between several machine learning models was
conducted to determine the most suitable one for heart disease prediction. This study was performed on two
numerical datasets (CHSLB and Cleveland), and KNN was identified as the most effective model, achieving an
accuracy of 100% on the CHSLB dataset and 97.83% on the Cleveland dataset. These results demonstrate that
KNN is the most appropriate model for this smart web application.

Another web application was developed for the prediction of heart disease in [42]. An analysis of several
datasets in this context was carried out to identify the 13 most significant features for heart disease prediction
from 75 initial features. Compared to other intelligent web applications that conduct comparative studies of
several ML algorithms to determine the most appropriate one, this application integrates multiple ML models and
simultaneously presents the prediction results of all the considered models.

The application presented in [43] focuses on the diagnosis of Kawasaki disease. To achieve this objective,
a dataset of 3,650 samples was analyzed, with the goal of reducing the number of features from 43 to 10 by
selecting the most important ones using Shapley Additive Explanations (SHAP). A comparative study among 10
machine learning algorithms was carried out to determine the most relevant one to be integrated into the pro-posed
application. This analysis revealed that XGBoost is the best-performing model, with an accuracy of 93.81%.

In [44], a smart web application based on Azure Machine Learning Studio was developed for the early prediction
of diabetes. Among several tested machine learning models (logistic regression, neural networks, SVM, etc.),

Stat., Optim. Inf. Comput. Vol. 14, December 2025



M. A. FERRADJI, A. MERABET, F. ZETOUTOU, S. BALBAL 3451

Decision Forest (DF), which achieved an accuracy of 81.2%, was selected for its excellent performance to be
integrated into the smart web tool. The performance evaluation of the considered machine learning (ML) models
is based on the Pima Indians Diabetes Dataset (PIDD), which includes 768 samples with 8 inputs and a binary
output result, allowing prediction of whether the patient is diabetic or not.

Table 1. Summary of intelligent web applications for medical decision-making

Reference Disease(s) Model(s) XAI Method Model accuracy
(Mustapha et al.,
2023) [33]

Brain Cancer,
Diabetic
Retinopathy

CNN None Not mentioned

(Driss et al., 2024)
[34]

Keratoconus,
Breast Cancer,
Pneumonia

CNN None Keratoconus: 98.74%,
Breast Cancer: 86.25%,
Pneumonia: 96.02%

(Pires, 2024) [35] Pneumonia,
Ocular Diseases,
Diabetes

CNN + OpenAI LLMs
(GPT) (for routing & NLP);
Shallow NN + OpenAI
LLMs (GPT) (for routing &
NLP)

None Not mentioned

(Ahmed et al., 2021)
[36]

Diabetes SVM None 78.125%

(Mridha et al., 2023)
[37]

Stroke Random Forest SHAP, LIME 90.36%

(Singh et al., 2023)
[38]

Prostate Cancer CNN (EfficientNet-B1) None Accuracy not mentioned;
Quadratic weighted kappa:
0.862 (95% CI:
0.840–0.884)

(Villavicencio et al.,
2022) [39]

COVID-19 SVM None 98.84%

(Siddique et al.,
2024) [40]

Skin Cancer Sequential CNN
(Seq-CNN)

None 96.25%

(Absar et al., 2022)
[41]

Coronary Heart
Disease (CHD)

KNN None CHSLB dataset: 100%;
Cleveland dataset: 97.83%

(Rahman, 2022) [42] Heart Disease KNN, XgBoost, LR, SVM,
AdaBoost, DT, Naive
Bayes, RF

None DT: 99%, RF: 99%,
XgBoost: 95%, KNN: 89%,
SVM: 85%, LR: 85%,
AdaBoost: 83%, Naive
Bayes: 82%

(Duan et al., 2025)
[43]

Kawasaki Disease
(KD)

XGBoost SHAP 93.81%

(Raheem &
Al-Qurabat, 2022)
[44]

Diabetes Decision Forest None 81.2%

3. Proposed Architecture of the Explainable Vision Transformer-Based Web Application

As presented in Figure 1, the architecture of the proposed system aims to enhance medical decision-making by
allowing doctors to support their diagnostic decisions either by sharing medical cases with other experienced
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doctors or by using the deep learning system for medical image-based diagnosis. Therefore, the proposed web
application can be divided into two main phases: patient data collection phase and medical decision-making phase.

3.1. Patient Data Collection Phase

The first phase is devoted to patient data gathering, where the doctor can add patients and generate their personal
healthcare records. This data includes the patient’s personal information, the reason for the clinical consultation as
described by the doctor, as well as complementary data. The collected data can later be used to create new medical
datasets or to enrich existing ones.

Figure 1. The proposed architecture of the web application

3.2. Medical Decision-Making Phase

The second phase is intended for medical decision-making. In simple cases, the doc-tor can directly provide the
final decision. For more complex situations, they may employ one or both of the following methods to reach an
effective decision.

3.2.1. Explainable Vision Transformer-Based Medical Decision-Making: This medical decision-making method
involves the use of the proposed explainable vision transformer system, which is focused on colon cancer detection.
This system employs a ViT deep learning model for colon cancer detection, along with a LIME explainable model
that aims to promote the doctor’s confidence in the system’s results by providing clear explanations of how it
achieves its predictions. A detailed description of the ViT deep learning model and the LIME XAI method, which
covers their architectures and components, is provided in the next sections
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3.2.2. Physicians Discussion-Based Medical Decision-Making: The physician who encounters a complex or
ambiguous clinical case can share it with selected colleagues. The physician initiating the case is considered the
team leader, responsible for coordinating the discussion and guiding the team’s work. Each invited physician has
access to the patient’s medical records and can provide observations, comments, and diagnostic ideas.
During the group discussion, physicians are strongly encouraged to engage in a structured exchange of ideas and
interpretations. In this collaborative process, based on the available information and their medical expertise, the
participating physicians collectively propose a list of possible diagnoses. This step is considered a brainstorming
session, allowing the team to generate a limited set of potential solutions that will later be analyzed [45]. The
early formulation of this list helps structure the clinical problem by focusing on a restricted number of plausible
hypotheses. This strategy makes medical decision-making more efficient and reduces physicians’ memory overload
[46]. Once all possible diagnoses have been generated, the team carefully discusses and evaluates each of them.
Through this process, the less likely hypotheses are progressively removed, leading the team toward the most
relevant final diagnosis.
This structured, discussion-based approach is recognized as a best practice for effective teamwork and collective
medical decision-making. By promoting knowledge sharing and consensus building among physicians, this method
enhances diagnostic accuracy, supports interprofessional collaboration, and reduces the likelihood of individual
bias or diagnostic error. Such an approach is widely acknowledged in modern healthcare environments as a key
factor for improving patient safety and decision-making quality [47].
When there is disagreement between the AI system and the physicians’ decision, the application does not override
human expertise. Otherwise, the XAI method provides clear explanations of the model’s predictions, which helps
the medical team understand the model’s thinking and decide whether to revise or confirm their diagnosis. In this
way, the AI serves as a helpful tool to support, not replace, physicians’ decision-making.

4. Fundamentals of Vision Transformers

Vision transformers are a type of deep learning model designed for the computer vision process. They were inspired
by the success of transformer models used in NLP by applying a self-attention mechanism to understand the
relationships between different parts of an image. Compared to CNNs, which hierarchically analyze the image
to extract low-level features such as edges and textures, and then high-level structures such as objects, ViTs
can directly capture the global context by establishing semantic links between all regions of the image from the
beginning. As presented in figure 2, vision transformers split the image into small square regions, called patches,
which correspond to the words of a sentence in NLP transformers. These 2D patches are flattened into linear
embedding vectors that are processed by the transformer encoder to analyze the global dependencies within the
image. The output of the transformer encoder is passed into small multi-layer perceptron for the final prediction or
classification [26, 30].
Formally, each input image χ ∈ RH×W×C is divided into N patches xp ∈ R(P×P×C)

Where :
H, W, and C represent the height, width, and number of channels of the input image, respectively.

The patch size is p× p, and the number of patches is: N = H×W
P 2 . These patches are then flattened into vectors

of size P 2 · C, and then passed through a linear embedding layer which transforms them into new vectors of size
D.

A special classification token [CLS] is added to the beginning of the sequence of patches, and will be used for the
final prediction. Positional embeddings are added to the vectors to preserve the position information of the patches
in the image. Therefore, the input sequence of the transformer encoder is: z0 ∈ R(N+1)×D and will be processed
by a series of L layers.

Each transformer layer begins with a normalization operation:

z′l−1 = Norm(zl−1) (1)
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Figure 2. The architecture of vision transformer based on [26]

This normalization is followed by a Multi-Head Self-Attention (MSA) mechanism that allows each token to interact
with all other tokens in the sequence. For each attention head i among the h heads:

headi = Attention(Qi,Ki, Vi) = softmax
(
QiK

T
i√

dk

)
Vi (2)

where:
Qi = z′l−1W

Q
i , Ki = z′l−1W

K
i , Vi = z′l−1W

V
i

WQ
i ∈ RD×dk , WK

i ∈ RD×dk , WV
i ∈ RD×dv

Qi ∈ RN×dk , Ki ∈ RN×dk , Vi ∈ RN×dv

dk = dv = D
h

The output of the MSA is obtained by concatenating the h heads:

MSA(z′l−1) = Concat(head1, . . . , headh)W
O (3)

where:
WO ∈ Rhdv×D

This output is combined with the original via a residual connection:

z′′l = MSA(z′l−1) + zl−1 (4)

The vector z′′l is then passed through another normalization operation, the result of which serves as input to
the Multi-Layer Perceptron (MLP) block. This block is composed of two fully connected layers with a GELU
activation function. Similar to the MSA block, the MLP block also employs a residual connection, which leads to
the following expression:

zl = MLP(Norm(z′′l )) + z′′l (5)
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At the output of the last block, we obtain the final representation: ZL ∈ R(N+1)×D The [CLS] token, located at
the first position z0L, is then used for the final prediction:

y = MLPPredict(z
0
L) (6)

5. The Local Interpretable Model-Agnostic Explanations (LIME) Method

XAI methods can be categorized according to four main criteria. The first depends on the agnosticism of the model,
which allows the distinction between model-agnostic methods applicable to all DL and ML models, and model-
specific methods designed for a particular type of model. The second criterion corresponds to the scope, which
allows the distinction between local scope methods that provide an explanation for a particular prediction, and
global scope methods that explain the general behavior of the model. The third criterion concerns the type of data,
where some approaches are adapted to images, others to textual, tabular, or even graphical data. The last criterion
depends on the type of explanation: some methods provide a visual representation of the relationships between
dataset variables, others are based on the identification of the most influential features in the output results, and still
others rely on simplified models (called surrogates) that provide a local approximation of complex models [21].
Local Interpretable Model-Agnostic Explanations (LIME), as the name suggests, is a method for explaining the
predictions of any machine learning (ML) or deep learning (DL) model, regardless of the data type (images,
text, tabular, graphs). It relies on generating a surrogate model that approximates the complex model around a
particular prediction in order to produce a human-understandable explanation of the results. The main idea behind
this approach is to generate perturbed input data around a specific instance. These generated data are then used to
train a simple local surrogate model to provide an interpretable explanation of the prediction process [32, 48].
Formally, Lime can be considered as a mathematical optimization problem. The objective is to find a simple model
g ∈ G that maximizes the fidelity to the complex model f in the neighborhood while keeping the interpretability as
simple as possible.

ε(x) = argmin
g∈G

L(f, g, πx) + Ω(g)

where:
x ∈ Rdim is the predicted instance that we want to explain,
f : Rdim → R is the complex model being explained,
g is the surrogate model used to approximate f in the vicinity of x,
G is the family of possible interpretable models,
πx is the local neighborhood of x,
Ω(g) is the complexity measure of the surrogate model g.

To explain the local behavior of the complex model f , the LIME method generates a set of samples by randomly
modifying the features of the instance to be explained x. These perturbations allow to create a new dataset Z of
samples reflecting the neighborhood of x. These new samples are then weighted by the function πx(zi), zi ∈ Z,
which favors the samples closest to x:

πx(z) = exp

(
−D(x, z)2

σ2

)
(8)

Then, LIME selects a surrogate model g from the class G by minimizing the following weighted linear regression
objective:

L(f, g, πx) =
∑

z,z′∈Z

πx(z)
(
f(z)− g(z′)

)2
(9)

where:
z is a perturbed version of x, used to explore the behavior of model f

Stat., Optim. Inf. Comput. Vol. 14, December 2025



3456 AN EXPLAINABLE VISION TRANSFORMER-BASED WEB APPLICATION FOR MEDICAL DECISION-MAKING

z′ is a simplified version (binary representation) of z, intended for model g
D(x, z) is a distance function
σ is a parameter that controls the size of the neighborhood around x.

6. The Developed Explainable Vision Transformer-Based Web Application

The proposed application was developed using modern web technologies. The front-end interface employs ReactJS,
which is considered a widely utilized open-source JavaScript library for building user interfaces [49]. The back-
end development is based on the Django framework (Python), which follows a Model-View-Template (MVT)
architecture [50]. Django’s strengths are mainly due to its Object-Relational Mapper (ORM), which enables
efficient manipulation of relational databases [51]. In addition, the Django REST Framework (DRF) provides
powerful tools for building robust and scalable APIs that facilitate data exchange between front-end and back-end
systems [52].
The Vision Transformer (ViT) model was developed and trained separately using deep learning libraries such as
TensorFlow and Keras. After training, the model was serialized as a .pkl file and integrated into the web application.
The developed LIME explainer function then uses this pre-trained model to generate human-understandable
explanations for ViT model predictions. On the server side, this function produces a visual explanation by
identifying the pixel regions that most significantly contribute to the prediction.

Figure 3. The doctor’s personal dashboard

As shown in Figure 3, the physician’s personal dashboard is accessible via standard username and password
authentication. This interface provides an overview of the application’s main data and features. The sidebar (Figure
3-A) offers navigation links to key application components. Statistical cards (Figure 3-B) display general metrics,
including the number of physicians, patients, and clinical cases handled by the concerned doctor. A pie chart (Figure
3-C) visually represents the distribution of diagnostic predictions, including colon cancer and other diseases under
study, such as brain cancer. Finally, the dashboard lists the most recent clinical cases (Figure 3-D) and the latest
cases shared with other physicians (Figure 3-E).

To initiate the decision-making process for a new clinical case, the doctor must first create the medical record of
the concerned patient. This record includes the patient’s personal information, medical history, and complementary
data. Such data may include medical images (e.g., a histopathological image of colon tissue) or textual PDF
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Figure 4. Shared clinical case for group decision-making

Figure 5. Smart tool for colon cancer case prediction

documents. Once the new patient is added to the patient list, the doctor can share the clinical case (Figure 4)
with other selected colleagues to achieve effective collective decision-making. The involved doctors can then
discuss their different opinions and comments on the clinical case. A group voting tool enables them to collectively
determine the most appropriate decision based on shared knowledge and complementary expertise.
The doctor can also use the smart medical decision tool for colon cancer prediction. In this option, the doctor must
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Figure 6. Prediction explanation using the integrated LIME method for (a) colon cancer and (b) non-cancerous tissue

upload a histopathological image of colon tissue, which will be processed by the integrated ViT model. The tool
then displays the prediction result (Figure 5) and offers the doctor the possibility of obtaining an explanation of
the prediction based on the integrated LIME method. In this case (Figure 6), the original histopathological image
is displayed along with an annotated image with red-outlined regions highlighting the pixel areas that significantly
contribute to the prediction. This solution provides the doctor with transparency regarding the prediction process
of the vision transformer (ViT) model. Such visibility strengthens doctors’ confidence in the medical decisions
proposed by our smart system and promotes its integration into routine clinical practice.

7. Experimental Results

This section presents a comprehensive evaluation of our web application, covering both user acceptance and
technical performance. The evaluation begins with a technology acceptance analysis based on the TAM model,
followed by rigorous validation of the ViT model’s performance and a quantitative analysis of LIME explanations.

7.1. Technology Acceptance and Usability Assessment:

To assess the potential adoption and success of the proposed environment, this study was based on the Technology
Acceptance Model (TAM) framework, originally developed by Davis in 1989 [53]. A survey instrument was
adapted from this model to measure user acceptance. Our target population consisted of 50 students from the
faculty of medicine. This group was selected as it represents future medical experts who are primary candidates
to benefit effectively from smart Information and Communication Technology (ICT) applications in the medical
field.
The questionnaire was designed with 20 items, categorized into four key TAM constructs:

• Perceived Ease of Use (PEOU): The degree to which a person believes that using the system would be free
of effort.

• Perceived Usefulness (PU): The degree to which a person believes that using the system would enhance their
job performance.

• Attitude Toward Using (ATU): The individual’s positive or negative feelings about using the system.
• Behavioral Intention to Use (BI): The degree to which a person has formulated conscious plans to use or not

use the system.
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All items were rated on a 5-point Likert scale, ranging from 1 (Strongly Disagree) to 5 (Strongly Agree). Example
items include: ”Overall, I find this app easy to use” (PEOU), ”I find this application useful in daily clinical practice”
(PU), ”Using this application seems beneficial to me for practice” (ATU), and ”I plan to use this app regularly
for medical diagnosis in the future” (BI). The internal consistency and reliability of the items for each subscale
were assessed using Cronbach’s alpha. The analysis demonstrated strong reliability, with scores exceeding the
minimum acceptable threshold of 0.7 [54, 55]: PEOU (α = 0.766), PU (α = 0.836), ATU (α = 0.851), and BI
(α = 0.788). This confirms the questionnaire’s robustness as a measurement tool. The comprehensive results of the
user perception evaluation are detailed in Table 2.

Table 2. Perceptions of the smart web application (5-point Likert scale: 1 represented “strongly disagree” and 5 represented
“strongly agree”) (n = 50).

Construct Avg Std Cronbach’s alpha
Perceived ease of use 4.2067 0.6774 0.766
Perceived usefulness 4.1600 0.3672 0.836
Attitude toward using 3.9240 0.5052 0.851
Behavioral intention to use 4.3000 0.4881 0.788

As shown in Table 2, participants demonstrated a positive acceptance of the smart web application. Analysis
of the four TAM subscales revealed high scores on the Likert scale, particularly for Behavioral Intention (Avg
= 4.30) and Perceived Ease of Use (Avg = 4.2067). The internal consistency of the subscales was confirmed by
Cronbach’s alpha coefficients, which ranged from 0.77 to 0.85. All values exceeded the recommended threshold
of 0.70, thus validating the questionnaire’s reliability. The high score for Behavioral Intention suggests a high
probability of the smart application’s adoption. The strong scores for Perceived Ease of Use (Avg = 4.21) and
Perceived Usefulness (Avg = 4.16) demonstrate that the application meets essential criteria for usability. The
moderate score for Attitude (Avg = 3.92) may reflect an adaptation period required for its adoption. Although
the present evaluation focused on assessing user acceptance through the Technology Acceptance Model (TAM),
a future usability study is planned to complement these findings. This study will specifically involve practicing
physicians to analyze how they interact with both the AI diagnostic tool and the collaborative discussion module.
The objective will be to evaluate the impact of the system on diagnostic workflow, team communication efficiency,
and decision-making time. Quantitative indicators such as task completion time, number of discussion iterations,
and consensus rate will be combined with qualitative feedback collected through standardized usability instruments
such as the System Usability Scale (SUS) [56] and the NASA Task Load Index (NASA-TLX) [57]. The outcomes of
this evaluation will guide future optimization of the the smart web application’s design and improve its integration
into real clinical workflows.

7.2. ViT Model Performance Evaluation

This study adopts the LC25000 dataset [58], which consists of 25,000 lung tissue and colon tissue images with
a resolution of 768 × 768 pixels, presented in the RGB color space. These images provide an equal distribution
across five classes, serving as indicators of the presence or absence of colon and lung cancer, with 5000 images per
class. There are three classes concerning lung cancer : Lung adenocarcinomas, Lung squamous cell carcinomas,
and Benign lung tissues and two concerning colon cancer: Colon adenocarcinomas, Benign colonic tissues. Our
work focuses on 10 000 colon tissue images, which are predivided into 9000 images for training and validation and
1000 images for testing.
Despite the large use of the LC25000 dataset in recent research on lung and colon cancer, it’s important to note that
it is primarily composed of a small base set of only 1,250 images. These images are equitably distributed across
the five classes, with 250 original images for each one. The final size of this dataset (25,000 images) is achieved
through extensive data augmentation using rotations and flips. This fundamental characteristic can affect the ability
of models trained on this dataset to generalize their performance in real-world clinical settings. This limitation is
particularly critical for heavier and more complex architectures, such as the vision transformer (ViT), which are
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at high risk of overfitting when trained on the LC25000 colon cancer images. To overcome this challenge, we
expanded the dataset by adding 10,000 images from the DigestPath dataset [59], with 5,000 additional images for
each class (colon adenocarcinomas, benign colonic tissues). To ensure an in-depth evaluation of the generalization
capability of the ViT model, a further test on unseen data was conducted using a subset of 1,200 images (600
per class) from a third independent dataset, EBHI-Seg [60]. Therefore, the data distribution across the training,
validation, and test sets is detailed in Table 3.

Table 3. Distribution of images across training, validation, and test sets

Dataset Total images used Training Validation Test
Size Percentage Size Percentage Size Percentage

LC25000 10000 7200 72% 1800 18% 1000 10%
DigestPath 10000 8000 80% 1000 10% 1000 10%
Total (Development Set) 20000 15200 76% 2800 14% 2000 10%
EBHI-Seg (External Test) 1200 / / / / 1200 100%

The ViT model performance is evaluated based on the most common metrics in deep learning (DL) and
machine learning (ML). Therefore, we use accuracy, which evaluates the model’s overall performance in correctly
predicting the class of all images. Precision defines the proportion of colon cancer cases correctly identified among
all cases predicted as colon cancer. Recall defines the proportion of colon cancer cases correctly identified among
all true cases of colon cancer. The F1-score provides a balance between precision and recall by calculating their
harmonic mean. The AUC-ROC (Area Under the ROC Curve) evaluates the model’s ability to distinguish between
colon cancer cases and non-colon cancer cases.
Figure 7 shows the evolution of the accuracy curves during the 20 training epochs. We observe that the training
accuracy and the validation accuracy increase consistently to very high values, close to 1.0. This demonstrates that
the model has an efficient learning capacity. The small and stable gap between these curves, without observable
divergence, indicates the absence of overfitting. This performance demonstrates that our model has a strong
generalization capacity on unseen data.

Figure 7. Model performance: accuracy and loss curves

Moreover, Figure 7 illustrates the evolution of the training and validation loss curves. These curves demonstrate
a rapid reduction in the loss function value, which stabilizes at approximately 0.12 after only a few epochs. The
parallel convergence of the two curves towards very low values confirms the effectiveness of the training process
and the ability of the model to make predictions with a high level of confidence and low error.
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Figure 8. Confusion matrix and ROC curve for the LC25000 test set

On the LC25000 dataset, the confusion matrix (Figure 8) shows that the model correctly classified all 500 cases
of colon adenocarcinoma and all 500 cases of normal tissue. The ROC curve (Figure 8) passes through the upper
left corner, with an area under the curve (AUC) of 1.00, indicating perfect performance and ideal separability
between the two classes. This means the model achieved a perfect true positive rate and true negative rate, with no
false positives or false negatives on this specific dataset.
On the merged LC25000 and DigesPath dataset (Figure 9), the model maintains a high AUC of 0.988. The
corresponding confusion matrix (Figure 9) shows high performance with 942 true positives and 956 true negatives
from 2000 test images, reflecting excellent prediction accuracy.

Figure 9. Confusion matrix and ROC curve for the merged LC25000 and DigestPath test set

The most critical evaluation for the ViT model generalization is performed on external dataset. As presented
in (Figure 10), the test on the EBHI-Seg dataset achieved an AUC of 0.976. The confusion matrix for this test
(Figure 10) shows 552 true positives and 554 true negatives from the 1200 images used, which demonstrates strong
performance on this unseen external dataset.
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Based on the employed metrics, Table 4 demonstrates that the ViT model achieved perfect performance across
accuracy, precision, recall, and F1-score on the LC25000 dataset. On the more challenging merged dataset, the
model also demonstrated excellent and balanced performance, achieving 94.90% across all metrics, which indicates
reliable prediction without any preference toward a specific class. Furthermore, the EBHI-Seg dataset test results
confirm the strong generalization capability of the ViT model, with an accuracy of 92.17%. This represents a key
indicator of the model’s reliability for real-world clinical settings.

Figure 10. Confusion matrix and ROC curve for the external EBHI-Seg test set

Table 4. Performance metrics of the ViT model on the LC25000, merged, and external test datasets

Dataset Accuracy Precision Recall F1-Score
LC25000 100% 100% 100% 100%
LC25000 + DigestPath 94.90% 94.91% 94.90% 94.90%
EBHI-Seg (External Test) 92.17% 92.17% 92.17% 92.17%

The comparative analysis presented in Table 5 demonstrates that although the proposed ViT model has a larger
architectural size (327.3 MB), it achieves an effective balance of speed, accuracy, and generalization that is essential
for clinical practice. Its inference time of 0.016 seconds per image remains highly competitive, being only a
little slower than SWIN transformer (0.011 s) and comparable to CNN-based models (0.013 s), which enables
rapid diagnostic outcomes. This practical efficiency is further supported by its superior predictive robustness, as
confirmed by McNemar’s test. While all models, including our ViT, achieved perfect accuracy on the LC25000
dataset with no significant differences (p = 1.0), their performance varied considerably on the unseen EBHI-Seg
dataset. In this challenging scenario, our model achieved a high accuracy of 92.17%, clearly outperforming SWIN
transformer (83.30%), CNN (50.30%), and MobileNetV2 (53%). McNemar’s test verified that these performance
differences are statistically significant (p = 0.000), confirming the model’s strong potential for effective integration
into real-world clinical workflows.
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Table 5. Performance comparison of ViT versus SWIN, CNN, and MobileNetV2 on LC25000 and EBHI-Seg datasets using
McNemar’s test (p < 0.05).

Model Size (MB) Inference time (sec/img) LC25000 EBHI-Seg

Accuracy P value Significance (p < 0.05) Accuracy P value Significance (p < 0.05)

Proposed ViT 327.3 0.016 100% - - 92.17% - -
SWIN 105 0.011 99.7% 1.0 No 83.30% 0.000 Yes
CNN 8.5 0.013 100% 1.0 No 50.30% 0.000 Yes
MobilNetV2 8.5 0.013 100% 1.0 No 53% 0.000 Yes

To quantitatively evaluate the reliability of the LIME explanations, we performed a feature removal test on
35 randomly selected histopathological images. On average, the highlighted regions covered 31.56% of the
image area, while the mean confidence drop reached 53.89% after these regions were masked. This substantial
decline in model confidence demonstrates that the areas identified by LIME correspond to features that the
Vision Transformer heavily relies on for classification. Moreover, the moderate proportion of the highlighted area
indicates that the explanations remain spatially concentrated rather than dispersed, providing interpretable and
localized visual insights. Overall, these findings confirm the relevance and consistency of LIME explanations in
identifying diagnostically meaningful regions in colon cancer histopathology images.
In this study, we adopted LIME as the primary explainability method due to its model-agnostic design and
clinician-friendly visualization through superpixel perturbations. Nonetheless, several transformer-oriented XAI
approaches have recently emerged. For example, gradient-based extensions of Grad-CAM have been adapted for
Vision Transformers [61], enabling class-specific attribution maps by computing gradients with respect to attention
blocks or heads. Similarly, Attention Rollout proposed by Abnar and Zuidema [62] quantifies the cumulative
attention flow across layers, providing a global visualization of how input patches influence the [CLS] token
representation. While these methods may produce more accurate representations of the model’s internal reasoning,
they typically require architectural modifications and are less intuitive for clinical users. We prioritized LIME for
its ease of interpretation and integration, though combining it with Grad-CAM or Attention Rollout presents a
promising direction for future enhancements.
Table 6 presents the results of the comparative analysis we conducted to position our work within recent research
focused on colon cancer detection. This table uses the LC25000 dataset as a common reference point to enable an
equitable comparison.

Table 6. Performance metrics of deep learning models on the LC25000 dataset for colon cancer detection

Reference Model XAI Accuracy Precision Recall F1-Score
(Mangal et al., 2020) [63] CNN None 96.61% - - -
(Sakr et al., 2022) [64] CNN None 99.50% 99% 100% 99.49%
(Bukhari et al., 2020) [65] RESNET-50 None 93.91% 95.74% 96.77% 96.26%
(Mohamed et al., 2024) [66] FMO-CNN None 97.65% 93.89% 94.87% 96.76%
(Shahadat et al., 2024) [67] CNN None 100% 100% 100% 100%
(Opee et al., 2025) [68] CNN Grad-CAM, LIME 99.40% 99.00% 99.00% 99.00%
(Giammarco et al., 2024) [69] CNN (MobileNet) Grad-CAM 99.9% 99.9% 99.9% 99.9%
Proposed model ViT LIME 100% 100% 100% 100%

Compared to the CNN models presented in this study, our ViT model demonstrates that the transformer
architecture, even if conceptually different from CNNs, is not only competitive but can also outperform them in
colon cancer prediction. This superior performance reflects the ability of attention mechanisms, which characterize
the ViT model, to capture the global context and long-distance dependencies that may be missed by traditional
CNN approaches.
While the majority of models presented in these studies show good prediction performance, ranging from 96.61%
to 100%, their evaluation based only on the LC25000 dataset limits the generalizability of the results and affects
their reliability in clinical settings. On the other hand, our study provides a more comprehensive evaluation that
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confirms strong reliability by including results on the merged dataset and, most significantly, an external test on
unseen data from the EBHI-Seg dataset.
Furthermore, the models presented in [63, 64, 65, 66, 67] are considered black boxes. As indicated previously,
confidence in and understanding of the decision-making process are critically important in the medical field, and
the lack of transparency in these models represents a major obstacle to their clinical adoption.
The works presented in [68] and [69] use the XAI Grad-CAM method, which applies only to CNN architectures.
This approach is efficient and visual but remains limited to the convolutional layers of the CNN. The integration of
LIME in [68] reflects a desire to provide a second interpretable approach that offers a different form of explanation
based on superpixels. Our model, on the other hand, uses only the LIME method. This choice is strategic and
particularly judicious for a ViT model. In contrast to Grad-CAM, LIME is a model-agnostic method that works
with any type of architecture (CNN, ViT, etc.). This flexibility is crucial for a non-convolutional model like ViT.
It should be noted that the ViT model is generally heavier and more complex than lightweight CNN architectures.
However, integrating it into a web application overcomes this problem. In this case, the doctor uses the web
interface of our application without taking hardware constraints into account, and the computing power is managed
server-side.

7.3. Limitations and Future Directions

Despite the promising performance of our Vision Transformer model, this study has limitations related to training
data diversity. The publicly available datasets used lack comprehensive demographic and technical metadata,
potentially restricting the model’s generalizability to broader clinical populations and settings. Additionally, the
ViT architecture’s computational complexity may challenge deployment on resource-constrained devices. While
our web-based application effectively avoids this limitation by handling computation server-side, future work
should explore lightweight transformer variants. Regarding the explainability component, while LIME successfully
identifies regions that influence the model’s predictions, this technical validation requires complementary
evaluation by pathologists to assess the clinical relevance of the highlighted areas.
Future work will focus on three main directions: validating the model on multi-center datasets specifically collected
for this purpose with standardized patient information; investigating optimized and computationally efficient
architectures, including lightweight transformer variants such as MobileViT, to ensure reliable performance across
diverse clinical environments; and conducting a user study with pathologists to evaluate the clinical relevance,
interpretability, and reliability of LIME explanations in real diagnostic contexts.

8. Conclusion

This work presents an intelligent web application dedicated to medical decision-making with a focus on colon
cancer. Unlike the majority of studies, which are limited to theoretical proposals of complex black-box models, our
approach provides not only a powerful vision transformer (ViT) model but also an operational solution centered on
the physician as the end user. This solution bridges the gap between advances in artificial intelligence research for
the medical field and their effective adoption in real clinical settings.
Rigorous validation of our ViT model on multiple datasets demonstrates its exceptional performance not only on
the LC25000 dataset but also on a merged dataset (LC25000 + DigestPath) and on external unseen data from
the EBHI-Seg dataset. These results confirm its strong predictive reliability in real clinical settings. Furthermore,
the comparative analyses highlight the remarkable competitive position of our approach among recent CNN
architectures for colon cancer detection.
To enhance the interpretability and clinical reliability of the vision transformer model’s predictions, our approach
provides clear and intuitive visual explanations using the LIME (XAI) method. A quantitative evaluation of the
LIME explanations confirmed that the highlighted regions are critically important for the model’s predictions, as
masking these areas led to a substantial decrease in model confidence. This reinforces the clinical relevance and
credibility of the explanations provided.
In addition, a technology acceptance assessment based on the TAM framework revealed positive feedback from
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users, with high scores in perceived ease of use and a strong behavioral intention to use the system. This confirms
that the application is not only accurate and interpretable but also user-friendly and likely to be adopted in real
clinical environments.
Furthermore, the deployment of our XAI-based deep learning model in a web application makes it immediately
usable and removes hardware constraints for clinicians by centralizing computing power on the server side.
Therefore, the strength of this research lies in three major advantages: the ease of sharing clinical cases and
exchanging medical expertise, the reliable predictive performance provided by the vision transformer model, and
the transparency of decisions ensured by the use of the model-agnostic explanatory method LIME.
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