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Abstract: Breast cancer remains a global health problem requiring effective diagnostic methods for early 

detection in order to achieve WHO’s ultimate goal of breast self-examination (BSE). A literature review 

indicates the urgency of improving diagnostic methods and identifies thermography as a promising, cost-

effective, and non-invasive and adjunctive and complementary detection method. This research explores the 

potential of using machine learning (ML) techniques, specifically Bayesian Networks (BN) combined with 

Convolutional Neural Networks (CNN) to improve breast cancer diagnosis at early stages. Explainable 

artificial intelligence (XAI) aims to clarify the reasoning behind any output of artificial neural networks based 

models. The proposed integration adds interpretability of the diagnosis, which is particularly significant for a 

medical diagnosis. We have constructed two diagnostic expert models. In research model A, combining 

thermal images after XAI process together with medical records, an accuracy of 84.07% has been achieved, 

while model B, that includes also CNN prediction, achieved an accuracy of 90.93%. These results demonstrate 

the potential of XAI to transform breast cancer diagnosis, increasing accuracy and reducing the risk of 

misdiagnosis 

Keywords: breast cancer; bayesian networks; convolutional neural network; explainable artificial 

intelligence; machine learning; thermography 

 

1. Introduction 

Cancer is characterized by irregular cell division in the body, which accelerates the formation of 

tumors [1]. It represents a major health problem worldwide, being the second leading cause of death 

in the world and causing approximately ten million deaths each year [2]. Over the past 10 years, 

cancer mortality rates have increased by almost 30%. Breast and lung cancers are among the most 

common types in the world. For women in particular, breast cancer poses a significant health risk 

because, according to statistics, one in eight women is at risk of developing it during her lifetime [3]. 

In 2020, the World Health Organization (WHO) stated that breast cancer was the most commonly 

diagnosed cancer with 2.3 million cases reported, resulting in the loss of 0.7 million lives [4], 

highlighting the critical nature of the problem. It is also expected that by 2025, the incidence of breast 

cancer will increase by 1.3 times among women over 30 years of age [5]. In some Asian countries, 

problems such as access to treatment, misdiagnosis, and long waiting periods in healthcare facilities 

hinder timely diagnosis and treatment of breast cancer [6]. Unfortunately, effective control of breast 

tumor growth remains a challenge [7]. 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
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According to the WHO, widespread adoption of breast self-examination (BSE) can be an 

effective means of combating breast cancer [8], which involves regularly examining breasts for 

lumpiness or tissue thickness [9]. With recent advances in technology, artificial intelligence (AI) may 

be a potentially useful tool for BSE. AI may offer a safer alternative beneficial for women who are at 

increased risk of breast cancer or have a family history of breast cancer [10]. 

Timely detection is imperative for precise diagnosis, given that breast cancer contributes to 

approximately 15% of cancer-related fatalities [11–13]. The early identification of breast tissue 

irregularities enhances prospects for survival as prompt interventions furnish crucial insights into 

the progression of cancer, thereby ameliorating overall survival rates [14]. Routine voluntary 

screening assumes pivotal importance in curtailing breast cancer mortality rates; however, the 

screening process must be economically viable, safe, and patient-friendly. Although an array of 

imaging modalities, encompassing mammography, ultrasound, magnetic resonance imaging (MRI), 

and thermography, are employed for diagnostic purposes, each is beset by constraints such as 

diminished sensitivity, exposure to radiation, discomfort, financial exigency, and a predisposition 

toward yielding false-positive outcomes [15]. Consequently, increased attention of researchers has 

been aimed at improving and facilitating methods for early detection of cancer [16]. 

The most widely used diagnostic method is mammography, which involves imaging and uses 

X-rays to detect abnormalities in the mammary glands [17–19]. As for ultrasound imaging, it uses 

acoustic waves and acts as an additional diagnostic tool, but its accuracy depends on the accuracy of 

the equipment, operator skill, and interpretation experience [15]. MRI is costly method for breast 

cancer detection, in addition women living in remote areas has limited access to it. 

Recent studies have highlighted the effectiveness of thermography as a primary screening 

method for detecting breast cancer. It offers a safe, cost-effective, and non-invasive operation method 

capable of detecting tumors at early stages compared to traditional methodologies [20]. As a valuable 

supplementary method, thermography identifies subtle temperature changes that signal developing 

abnormalities, providing a painless and radiation-free option suitable for women of all ages, 

particularly those with dense breast tissue or implants [21–27]. In addition, infrared (IR) cameras are 

relatively cheap, fast and simple equipment for rapid breast cancer screening [23]. Table 1 presents a 

comparison of above discussed imaging techniques for breast cancer. 

Table 1. Evaluation of current breast cancer detection methodologies. 

Methods Radiation Sensitivity 
Tumor 

size 
Advantage Disadvantage 

Mammog

raphy 
X-rays 84% ≤2 cm 

Simultaneou

s screening 

of bone, soft 

tissues, and 

blood vessels 

on a mass 

scale 

Preferentially 

chosen for 

individuals 

above 40 years 

old due to 

considerations 

regarding the 

impact of 

ionizing 

radiation 

Ultrasoun

d 

Sound 

waves 
82% 2 cm 

Affordable 

evaluation of 

breast lumps 

with safety 

consideratio

ns 

Low 

resolution 

Magnetic 

Resonanc
RF Waves 95% ≤2 cm 

Non-invasive 

and safe 

The 

reconstruction 

process 
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e Imaging  

(MRI) 

encounters an 

ill-posed 

problem 

Thermogr

aphy 

No 

radiation 
85% 1 cm 

Cost-

effective, 

non-invasive, 

and safe 

Limited in its 

ability to 

detect tumors 

located deeper 

within the 

body 

Computer 

Tomogra

phy (CT) 

Ionizing 

radiation 
81.2% 1 cm 

Non-

invasive, 

powerful to 

create clear 

images on 

the 

computer, 

does not 

depend on 

density of 

the breast 

X-ray 

exposure, 

expensive, 

limited 

accessibility 

This research aims to harness interpretable ML methodologies to enhance early detection of 

breast cancer, with objectives centered on improving accuracy and mitigating risks associated with 

misdiagnosis and radiation exposure. Leveraging XAI techniques, particularly focusing on 

thermography, allows for efficient processing of large datasets to identify patterns that significantly 

enhance algorithm effectiveness as dataset size increases [24]. To streamline radiologists' workload 

and cut costs, a proposed novel computer detection system is suggested for lesion classification and 

accurate identification. ML widely and effectively utilized across various domains, finds suitability 

in processing and predicting breast cancer data [25–27]. The integration of CNNs with Bayesian 

Network (BN) presenting advantages such as effective performance with large datasets, and 

minimized error rates and most importantly interpretability which is very important for a physician. 

This study's overarching aim is to optimize radiologists' workload by diminishing time, effort, and 

financial resources required for breast cancer diagnosis. 

2. Related Work 

While numerous studies leverage ML methods with mammograms, CT images, and 

ultrasounds, there is a notable lack of focus on ML with thermograms. As known, thermograms offer 

critical health information that, when properly analyzed, can significantly aid accurate pathology 

determination and diagnoses. 

Specialized NN, trained on extensive databases, can systematically process medical images, 

incorporating patients' complete medical histories to generate over 90% accurate diagnostic 

outcomes. Recent comprehensive reviews [21,25–29] on breast cancer detection using thermography 

highlight the advantages and drawbacks of screening methods, the potential of thermography in this 

domain, and the advancements in AI applications for diagnosing breast cancer. 

Research [30] aimed to comprehensively evaluate the predictive distribution of all classes using 

such classifiers as: naïve Bayes (NB), Bayesian networks (BN), and tree-augmented naïve Bayes 

(TAN). These classifiers were tested on three datasets: breast cancer, breast cancer Wisconsin, and 

breast tissue. The results indicated that the Bayesian networks (BN) algorithm achieved the best 

performance with an accuracy of 97.281%. 

Nicandro et al. [31] explored BN classifiers in diagnosing breast cancer using a combination of 

image-derived and physician-provided variables. Their study, with a dataset of 98 cases, showcased 

BN's accuracy, sensitivity, and specificity, with different classifiers presenting varying strengths. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 5 September 2024 doi:10.20944/preprints202409.0404.v1

https://doi.org/10.20944/preprints202409.0404.v1


 4 

 

Ekicia et al. [32] also proposed software for automatic breast cancer detection from 

thermograms, integrating CNN and Bayesian algorithms. Their study, conducted on a database of 

140 women, achieved a remarkable 98.95% accuracy. 

Study by the authors [33] utilized CNN to execute and prove the deep learning model based on 

thermograms. The presented algorithm was able to classify them as “Sick” and “Healthy”. The main 

result of the study was absence of image pre-processing by utilizing data augmentation technique 

which artificially increases the dataset size, helps the CNN better learn and differentiate in binary 

classification tasks. 

The authors also conducted research on integration of BN and CNN models [34], which showed 

that integration of two methods can improve the results of the system that is based only on one of the 

models. Such expert system is beneficial as it offers explainability, allowing physicians to understand 

the key factors influencing diagnostic decisions.  

Further research has investigated several transfer learning models. It shows that the transfer 

learning approach leads to better results compared to the baseline approach. Among the four transfer 

learning models, MobileNet achieves one of the best results with a 93.8% accuracy according to most 

metrics, moreover it demonstrated competitive results, even when compared to state-of-the-art 

transfer learning models [35]. 

The current research reports a further development of our methodology to achieve interpretable 

diagnosis with the use of XAI algorithms that enhance the integration of BNs with CNNs, for the 

breast cancer at early stages. 

3. Methodology 

3.1. Overview 

Developing an accurate medical expert model for diagnosing conditions requires substantial 

patient data. This dataset should encompass images as well as a variety of relevant factors, i.e.  age, 

weight and other medical history data. Using such a comprehensive dataset, our integrated CNN and 

BN network analyzes images and the relationships between these factors, expressed as conditional 

probabilities. Because ANNs and BNs operate based on statistical principles, the accuracy of their 

predictions relies heavily on the size of the dataset. Therefore, the research process involves several 

stages: 

● Initial acquisition and preprocessing of data 

● Compilation of the collected data 

● Deployment and utilization of CNN+BNs algorithm 

The overall methodology in key steps is the following. 1) thermal images as well as medical 

history data are collected 2) segmentation of thermal images is performed 3) CNN is trained with the 

thermal images and makes a diagnosis 4) XAI algorithms identify which are the critical parts of 

images 5) statistical and computational factors are evaluated from the critical parts of the thermal 

images  6) BN is trained with the factors and the medical records dataset and makes a diagnosis 5) 

if BN has similar to the CNN accuracy then the structure of BN reveals a full interpretable model of 

the decision of diagnosis 6) Finally, including the diagnosis of the CNN into the previous  BN and 

train it and running it again generates a very high accurate expert system for diagnosis. 

This section may be divided by subheadings. It should provide a concise and precise description 

of the experimental results, their interpretation, as well as the experimental conclusions that can be 

drawn. 

3.2. Initial Data Collection 

3.2.1. Patient’s Medical Information 

The research presented received certification from the Institutional Research Ethics Committee 

(IREC) of Nazarbayev University (identification number 294/17062020). Before undergoing 

thermographic imaging, patients are subjected to an introductory procedure and are required to 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 5 September 2024 doi:10.20944/preprints202409.0404.v1

https://doi.org/10.20944/preprints202409.0404.v1


 5 

 

provide their consent to participate in the research. Additionally, they are asked to complete 

questionnaires to provide us with medical information. 

3.2.2. Thermal Images 

Thermal images were obtained from two separate sources to form a combined dataset. The first 

dataset was obtained from a publicly available breast research database [36] managed by 

international researchers. The second data set of thermal images, collected locally as part of an 

ongoing project at Astana Multifunctional Medical Center [37], and was obtained with the approval 

and certification of the Institutional Research Ethics Committee (IREC) of Nazarbayev University 

(identification number 294/17062020) and the hospital itself. 

Local thermographic images (Figure 1) were captured using the IRTIS 2000ME and FLUKE 

TiS60+ thermal cameras (Figure 2). These infrared cameras are employed to measure the temperature 

distribution on the surface of the breast. Healthy breast tissue usually exhibits uniform temperature 

distribution, while areas affected by cancer may experience disturbances such as increased 

temperature due to increased blood flow near the tumor and metabolic activity. 

Healthy Sick 

(a)            (b) 

Figure 1. Thermographic images: (a) image of healthy patient, (b) omage of sick image. 

 

                  (a)               (b) 

Figure 2. Thermal imaging cameras: (a) IRTIS 2000ME, (b) FLUKE TiS60+. 

However, in thermograms, temperature points external to the body may influence the 

calculations. Therefore, the key steps of our proposed method are depicted in Figure 3. In the 

proposed method thermograms first preprocessed and then region of interest is segmented. 
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Figure 3. Diagram for detecting breast abnormalities using thermography. 

Temperature readings are extracted from the thermographic images and saved in Excel format, 

selected for ease of calculation (Figure 4). Within this Excel file, the recorded temperatures 

correspond to distinct pixels within the thermographic image. Notably, the red regions within the 

image represent areas exhibiting higher temperatures relative to the surrounding regions. It's worth 

mentioning that the maximum temperature for the red color is adjusted within the program to ensure 

accurate analysis. 

 

Figure 4. Transforming thermal images into an array of temperature values per pixel. 

3.3. Segmentation 

In the research Python code was designed to systematically navigate Excel files and eliminate 

cells with temperatures below a specified threshold (for example 29°C). Figures 5 and 6 show the 

Python code of the proposed model and its corresponding outcome, respectively. 
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Figure 5. Python code of the proposed model 

 

 

Figure 6. Result of the segmentation 
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3.4. Convolutional Neural Network Model 

The CNN model utilizes thermal images in JPEG format as input data and produces binary 

output (1 for positive, 0 for negative), as elaborated in [33,34]. 

CNNs process data reminiscent of the grid processing seen in the LeNet architecture. According 

to [33,34], CNN consists of five data processing layers: alignment and two output layers. During the 

training phase, the CNN adjusts its parameters based on the provided data set, gradually increasing 

its accuracy [33–35]. Moreover, transfer learning was used to adapt an existing model to the current 

task, speeding up the learning process. The dataset was divided into separate subsets for training, 

cross-validation, and testing. 

 

Figure 7. CNN architecture showing parameters at each level [33–35]. 

 

Figure 8. Scheme of transfer learning method for binary classification. 

To evaluate the models' performance eight metrics, including accuracy and precision, were used. 

The confusion matrix was useful in identifying areas where the model made errors. 
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3.5. Explainable Artificial Intelligence (XAI) Framework 

Explainable Artificial Intelligence (XAI) is a subset of machine learning (ML) focused on 

elucidating the processes by which ML models generate their outputs. Applying XAI to an ML model 

enhances its reliability, as the reasoning behind the model's inferences becomes traceable [38]. 

Artificial Neural networks (ANN) usually comprise numerous layers linked through complex, 

nonlinear relationships. Even if all these layers and their interconnections were examined, it would 

be nearly impossible to fully understand how the ANN arrived at its decision. Consequently, deep 

learning is frequently regarded as a 'black box.' Given the high stakes involved in medical decision-

making, it is unsurprising that medical professionals have expressed concerns about the opaque 

nature of deep learning, which currently represents the leading technology in medical image analysis 

[39–42]. 

There has been a demand for methods to demystify the 'black box' nature of deep learning. These 

methods are typically known as interpretable deep learning or explainable artificial intelligence (XAI) 

[38,46]. Given the high stakes in medical decision-making, it is not surprising that medical 

professionals have expressed concerns about the opaque nature of deep learning, which is currently 

the leading technology in medical image analysis [39–41,44]. 

LIME, which stands for Local Interpretable Model-Agnostic Explanations, is an algorithm 

designed to faithfully explain the predictions of any classifier or regressor by locally approximating 

it with an interpretable model. LIME offers local explanations by substituting a complex model with 

simpler ones in specific regions. For instance, it can approximate a CNN with a linear model by 

altering the input data, and then the output of the complex model changes. LIME uses the simpler 

model to map the relationship between the modified input data and the output changes. The 

similarity of the altered input to the original input is used as a weight, ensuring that explanations 

from the simple models with significantly altered inputs have less influence on the final explanation 

[45,46]. 

First of all, the digit classifier was built by installing tensorflow specifically employing Keras, 

which is installed in tensorflow. The Keras frontend simplifies the complexity of lower-level training 

processes, making it an excellent tool for quickly building models. 

Keras includes the MNIST dataset in its distribution, which can be accessed using the load_data() 

method from the MNIST module. This method provides two tuples containing the training and 

testing data organized for supervised learning. In the code snippet, 'x' and 'y' are used to represent 

the images and their corresponding target labels, respectively. 

The images returned by the method are 1-D numpy arrays, each with a size of 784. These images 

are converted from uint8 to float32 and reshaped into 2-D matrices of size 28x28. Since the images 

are grayscale, their pixel values range from 0 to 255. To simplify the training process, the pixel values 

are normalized by dividing by 255.0, which scales them between 0 and 1. This normalization step is 

crucial because large values can complicate the training process. 

Then, a basic CNN model was developed that processes a 3-D image by passing it through 

Conv2D layers with 16 filters, each sized 3x3 and using the ReLU activation function. These layers 

learn the weights and biases of the convolution filters, essentially functioning as the "eyes" of the 

model to generate feature maps. These feature maps are then sent to the MaxPooling2D layer, which 

uses a default 2x2 max filter to reduce the dimensionality of the feature maps while preserving 

important features to some extent. 

The basic CNN model is trained for 2 epochs with a batch size of 32 through model.fit(), and a 

validation set, which was set aside earlier while loading MNIST data, is used. In this context, "epochs" 

denotes the total number of times the model sees the entire training data, whereas "batch_size" refers 

to the number of records processed to compute the loss for one forward and backward training 

iteration. 

With the model ready, LIME for Explainable AI (XAI) could be applied. The lime_image module 

from the LIME package is explored to create a LimeImageExplainer object. This object has an 

explain_instance() method that takes 3-D image data and a predictor function, such as model.predict, 

and provides an explanation based on the predictions made by the function. 
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The explanation object features a get_image_and_mask() method, which, given the predicted 

labels for the 3-D image data, returns a tuple of (image, mask). Here, the image is a 3-D numpy array 

and the mask is a 2-D numpy array that can be used with skimage.segmentation.mark_boundaries 

to show the features in the image that influenced the prediction. 

The results of the applied algorithm will be more thoroughly presented and discussed in Result 

and Discussion section of the paper. 

3.6. Informational Nodes for the Diagnosis 

After XAI algorithms isolating the critical region of interest (ROI) (each breast separately) is 

isolated from the image files. At this stage, temperature data of both healthy and tumor-affected 

breasts, stored in spreadsheet format, are used to calculate various statistical/computational 

parameters. Each temperature value within the spreadsheet cell corresponds to a singular pixel from 

the thermal image. It is worth noting that based on available medical information, a determination is 

made between a healthy and an affected breast. In cases where there is no tumor, for calculations the 

left breast is considered affected, and the right breast is considered healthy. Temperature values are 

measured in degrees Celsius. Below is a complete list of parameters used for these calculations. 

1. Maximum Temperature 

2. Minimum Temperature 

3. Temperature Range (Maximum minus Minimum Temperature) 

4. Mean 

5. Median 

6. Standard deviation 

7. Variance 

8. Deviation from the Mean (Maximum minus Mean Temperature) 

9. Deviation from the Maximum Temperature of the Healthy Breast (Maximum minus 

Maximum Temperature of the Healthy Breast) 

10. Deviation from the Minimum Temperature of the Healthy Breast (Maximum minus 

Minimum Temperature of the Healthy Breast) 

11. Deviation from the Mean Temperature of the Healthy Breast (Maximum minus Mean 

Temperature of the Healthy Breast) 

12. Deviation between Mean Temperatures (Mean minus Mean Temperature of the Healthy 

Breast) 

13. Distance between Points of Maximum and Minimum Temperature: 

𝐷 = √(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑙𝑒𝑓𝑡 𝑜𝑟 𝑟𝑖𝑔ℎ𝑡)2 + (𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑢𝑝 𝑜𝑟 𝑑𝑜𝑤𝑛)2 

14. A = Number of Pixels near the Maximum with Temperature Greater than 

[𝑚𝑒𝑎𝑛 + 0.5 × (𝑚𝑎𝑥𝑖𝑚𝑢𝑚 − 𝑚𝑒𝑎𝑛)] 

15. B = Number of pixels of the entire area 

16. C = Number of All Pixels with Temperature Greater than 

[𝑚𝑒𝑎𝑛 + 0.5 × (𝑚𝑎𝑥𝑖𝑚𝑢𝑚 − 𝑚𝑒𝑎𝑛)] 

17. Ratio of A to B (A/B) 

18. Ratio of C to B (C/B) 

The calculated factors, along with the initially gathered patient information, are merged into a 

unified file format compatible with the software requirements. 

3.7. Bayesian Network (BN) Model  

A Bayesian network (BN), also known as a belief network or probabilistic directed acyclic 

graphical model, is defined mathematically as a Graph Structure and more specifically a directed 

Acyclic Graph (DAG), G = (V, E) where V is a set of vertices (nodes) representing random variables 

and E is a set of directed edges (arcs) representing conditional dependencies between the variables. 

Each node 𝑋𝑖  in the network is associated with a conditional probability distribution 

𝑃(𝑋𝑖|{𝑃𝑎𝑟𝑒𝑛𝑡𝑠}(𝑋𝐼)) where are the parent nodes of  𝑋𝑖 in the graph G. 
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The main property of a BN is a theorem that simplifies the calculation of the joint probability 

distribution. Let 𝑋 = {𝑋1, 𝑋2, . . . 𝑋𝑛} be a set of n random variables represented by the nodes in the 

DAG, G. Then the joint probability (𝑋1, 𝑋2, . . . 𝑋𝑛) of the set of random variables X can be factorized 

as: 

𝑃(𝑋1, 𝑋2, . . . , 𝑋𝑛) = ∏ 𝑃(𝑋1|{𝑃𝑎𝑟𝑒𝑛𝑡𝑠}(𝑋𝑖))

𝑛

𝑖=1

 

Furthermore, each node 𝑋𝑖  is conditionally independent of its non-descendants given its 

parents. This is expressed as: 
𝑃(𝑋𝑖|{𝑁𝑜𝑛_𝐷𝑒𝑠𝑐𝑒𝑛𝑑𝑎𝑛𝑡𝑠}(𝑋𝑖), {𝑃𝑎𝑟𝑒𝑛𝑡𝑠}(𝑋𝑖)) = 𝑃(𝑋𝑖|{𝑃𝑎𝑟𝑒𝑛𝑡𝑠}(𝑋𝑖)) 

Thus, BNs provide an efficient way to represent the joint probability distribution by exploiting 

conditional independencies.  Inference in Bayesian networks involves computing the posterior 

distribution of a set of query variables given evidence about some other variables. By defining the 

structure and the conditional probability distributions for each node, we can model complex 

probabilistic relationships using Bayesian networks. 

The BN models that we have constructed include as informational nodes all previously 

mentioned factors presented in subsection 2.6 as well as historical medical record data. Finally, we 

can also include as an additional factor, the diagnosis from the pure CNN model if we want.  

Within the compiled data file, the diagnosis variable is integrated, where a value of 1 signifies a 

positive diagnosis and 0 denotes a negative one. The file is then inputted into the software 

(BayesiaLab 11.2.1 [47]), categorizing different parameters as either continuous or discrete (Figure 9).  

 

Figure 9. Definition of Variables (Continuous/Discrete). 

The final diagnosis decision is specifically designated as a target variable of the whole BN. 

Subsequently, the software computes freequencies between the provided parameters and the target 

variable, presenting the outcomes as conditional probabilities. Using this, the connections between 

nodes were established during training finalizing the acyclic graph (DAG). 
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Figure 10. The link (relationship) between nodes through training in DAG. 

Supervised learning, including Augmented Naive Bayes, was used to get results, and our 

findings were validated using K-fold analysis. In BayesiaLab, K-fold cross validation is a method 

used to evaluate the performance of Bayesian network models. It involves dividing the data set into 

K subsets (or folds), where one subset is used as the test set and the remaining K-1 subsets are used 

to train the model. 

4. Results and Discussion 

4.1. Data Compilation Results 

The compiled dataset consisted of 364 images, of which 153 thermal images were categorized as 

“sick” and 211 thermal images were categorized as “healthy” according to the physician's diagnosis. 

Table 2. Information about the dataset. 

 Healthy Sick Total 

Information gathered from a publicly accessible database [36] 166 100 266 

Medical Center Astana [37] 45 53 98 

Total 211 153 364 

Images from a total of 364 thermograms have been further processed with XAI algorithms and 

the factors together with patient’s medical history data were prepared for integration into Bayesialab 

11.2.1 [47].  

We have constructed two models. Model A suffices to discover all influential factors that drive 

the diagnosis from a CNN. It provides full explainability to our expert model. Model B is the final 

expert model that gives the best possible diagnosis. 

4.2. Results of Convolutional Neural Network with XAI 

XAI in this case depicted areas that contributed most when classifying images and giving them 

probabilities of classes Sick and Healthy. LIME library that is used to analyze images and CNN 
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models have highlighted areas of thermal images of breast that can clearly show areas that do show 

movement in development of cancerous tissues. explainable parts of images are shown in Figure 11 

with their respective diagnosis and classification results.  

The XAI algorithm identifies the critical ROI, meaning the part of thermogram that is critical to 

the decision making. The model identifies in most of the cases breast regions for sick cases and the 

XAI doesn't identify in most cases one particular thermogram region for healthy cases. 

 

Figure 11. Highlighted areas of image by XAI library that shows parts which contributed for CNN to 

make decision. 

4.3. Bayesian Network Results - Model A 

Model A integrates medical record information and the factors from the thermal images that 

have been evaluated from critical parts of images with the help of XAI algorithm.  Model B just 

includes also diagnostic data from a CNN model.  

The combined dataset was used to train the network and evaluate its performance. The results 

of both models were developed and analyzed using BayesiaLab 11.2.1 software, specifically using a 

supervised learning approach, the Tree Augmented Naive Bayes. Additionally, the K-fold 

verification method did not reveal any noticeable shortcomings of the BN models, and this indicates 

their reliability. 

In Figure 12, the nodes showed different influences and were assessed using mutual information 

assessment. The model displayed robustness and reliability with a dataset of 364 patients, resulting 

in high accuracy. 

 

 

Figure 12. Model A and Factors Influencing the Tumor Target Variable. 

The influential factors identified were in line with data process from both unsupervised and 

supervised learning, as shown in Table 3. 

Table 3. Influence on tumor in model A. 
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An important measure from Table 4 is the Gini index, which reflects the equilibrium between 

positive and negative values of the target variable across the dataset. This equilibrium is crucial for 

the model to discern between the two conditions successfully and make precise predictions in both 

instances. An ideal Gini index, representing perfect balance, is set at 50%. In our case, the value 

registers at 43.04895%, which is relatively proximate to the optimal equilibrium. 

Table 4. Performance Summary of Model A. 

Target: Tumor 

Gini Index 43.04895% 

Relative Gini Index 86.0979% 

Lift index 1.62245 

Relative Lift Index 95.31725% 

ROC Index 93.049% 

Calibration Index  89.19985% 

Table 5 shows very good results for a XAI expert model, particularly highlighting the rates of 

true positives (79.5%) and true negatives (87.68%). Only 58 patients out of 364 were misclassified by 

the model. The model performance shown in Figure 13 below is depicted using a receiver operating 

characteristic (ROC) curve. The overall accuracy of the model stands at 84.07%, as shown in Table 6. 

Table 5. Model A Confusion Table 

Occurrences 

Value 0 (211) 1 (153) 
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0 (203) 178 25 

1 (161) 33 128 

Reliability 

Value 0 (211) 1 (153) 

0 (203) 87.6847% 12.3153% 

1 (161) 20.4969% 79.5031% 

Precision 

Value 0 (211) 1 (153) 

0 (203) 84.3602% 16.3399% 

1 (161) 15.6398% 83.6601% 

Table 6. Overall Accuracy of Model A 

Classification Statistics 

Overall Precision 84.0659% 

Mean Precision 84.0102% 

Overall Reliability 84.2457% 

Mean Reliability 83.5939% 

 

 

Figure 13. ROC Curve for Model A and Model B. 

4.4. Bayesian Network with Convolutional Neural Network Results – Model B 

Model B is similar to the previous model but integrates also predictions from a CNN model. The 

final directed acyclic graph (DAG) is presented in Figure 14. Including additional information 

improves performance and strengthens the model's robustness. The CNN model effectively 

differentiated between healthy and diseased samples, achieving an accuracy rate of 88%. Following 

this classification, the outcomes were integrated into the dataset for Model B. 
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Figure 14. Model B and Factors Influencing the Tumor Target Variable. 

The influential factors identified were in line with data gathered from both unsupervised and 

supervised learning, as shown in Table below.  

Table 7. Influence on tumor in model B. 
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The results are reflected in Tables 8–10, and Figure 13. Table 10 illustrates the significant 

improvement in model performance after integrating the CNN variable, resulting in fewer incorrect 

predictions. Of the 364 cases, only 33 were inaccurately diagnosed, resulting in an overall accuracy 

of 90.9341%. The Gini index has increased to 46.9272% due to the addition of the CNN node. In 

addition, the ROC index increased from 93.049% to 96.9272%. 

Table 8. Performance Summary of Model B. 

Target: Tumor 

Gini Index 46.9272% 

Relative Gini Index 93.8544% 

Lift index 1.67005 

Relative Lift Index 98.02405% 

ROC Index 96.9272% 

Calibration Index 88.3618% 

Table 9. Model B Confusion Table. 

Occurrences 

Value 0 (211) 1 (153) 

0 (203) 195 17 

1 (161) 16 136 

Reliability 

Value 0 (211) 1 (153) 

0 (203) 91.9811% 8.0189% 

1 (161) 10.5263% 89.4737% 

Precision 

Value 0 (211) 1 (153) 

0 (203) 92.4171% 11.1111% 

1 (161) 7.5829% 88.8889% 

Table 10. Overall Accuracy of Model B. 

Classification Statistics 

Overall Precision 90.9341% 

Mean Precision 90.6530% 

Overall Reliability 90.9272% 

Mean Reliability 90.7274% 

4.5. Comparative Assessment 

This section compares the performance of Model B with previous research studies that also used 

thermal imaging. Data was collected from various research papers using thermal imaging technology 

to give an idea of how Model B compares. This analysis aims to understand how well Model B 

performs compared to existing approaches using thermal imaging. Table 11 shows a summary of the 

results. 

Table 11. Model B results compared to previous studies. 

# Results 
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Baffa et al. [48] 95% 

Torres-Galván et al. [49] 92.3% 

Zhang et al. [50] 93.83% 

Farooq et al. [51] 80% 

Nicandro et al. [31] 76.10% 

Ekicia et al. [32] 98.95% 

Model B 90.9341% 

The table's comparative analysis presented Model B's performance within the context of studies 

focused on thermal imaging. Notably, Model B exhibits competitive accuracy with a performance of 

90.9341%, which closely matches the results of several previous studies. It is worth noting that some 

of these previous studies may have used smaller datasets than ours, which could potentially affect 

the accuracy of their results. Moreover, our use of XAI integration of CNNs and BNs provides a clear 

advantage. 

Model B in the present study has somewhat lower accuracy compared with model B of reference 

[35]. The reason is that we have enlarged the dataset including different sets of images with some of 

them of missing medical records. However, the aim of the paper is to demonstrate the efficiency of 

the proposed XAI methodology. It is well known that one can always achieve higher accuracy with 

better training based on larger and of good quality datasets. 

 These comparisons provide valuable information to both researchers and practitioners, guiding 

future developments in thermal imaging applications and highlighting ways to optimize XAI expert 

models’ performance in real-world scenarios. 

5. Conclusion 

Breast cancer continues to represent a major global health problem, highlighting the need for 

advanced diagnostic techniques to improve survival rates through early detection. This study 

extensively explored machine learning techniques, specifically Bayesian Networks (BNs), combined 

with Convolutional Neural Networks (CNNs) to improve intepretable early detection of breast 

cancer. The literature review highlights the growing burden of breast cancer and the limitations of 

current diagnostic methods, stimulating the study of innovative approaches. Thermography has 

emerged as a cost-effective and non-invasive alternative for detection. 

XAI offers transparent and interpretable decision-making processes, promoting trust and 

collaboration between humans and artificial intelligence systems in several application domains. In 

the present study we have used XAI algorithms to identify the critical parts of thermal images and 

consequently we have integrated CNN and BN to build a highly accurate expert model for diagnosis.  

The methodology included diverse datasets, facilitating the development of robust Bayesian 

network models for accurate breast cancer diagnosis. Using thermal images and medical records, 

Model A achieved an accuracy of 84.07%, while Model B, combining CNN predictions, achieved a 

90.9341% accuracy. Model A has a similar performance with a sole CNN model and therefore we can 

trust it as a practically acceptable model that is fully readable by a physician. From Model A we can 

easily read the interpretation of the diagnosis. We can observe which factors are dominant as well 

their interactions. These results highlight the potential of machine learning methods to transform 

breast cancer diagnosis, improving accuracy and reducing the risk of misdiagnosis. 

Moreover, the study models demonstrated competitiveness with other peer-reviewed literature 

articles, confirming their effectiveness and relevance. Both models performed well despite the 

relatively small dataset size, as confirmed by k-fold cross-validation. Future research will focus on 

increasing the size of the network training dataset and improving the Gini index to ensure a more 

balanced dataset and thereby improve performance. 

In conclusion, this study contributes to advancing interpretable machine learning in healthcare 

by introducing innovative approaches to breast cancer detection. Successful integration of 

thermography, CNN, and Bayesian networks promises to improve outcomes and quality of patient 

care in the fight against breast cancer. Given that thermography has been cleared by the FDA only as 
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an adjunctive tool, meaning it should only be use alongside a primary diagnostic test like 

mammography, not as a standalone screening or diagnostic tool, continued research and validation 

are thus critical to exploit these methodologies' potential. 
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