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ABSTRACT   

Modern biomedical engineering is characterized by the rapid growth of data volumes that require processing and analysis 

to support clinical decision-making. Information technology plays a key role in ensuring the high-performance 

processing of these large datasets, contributing to the increased accuracy and speed of clinical diagnoses, as well as more 

effective subsequent patient treatment. This article aims to review current approaches and technologies used for 

biomedical data processing and to rethink the approach to using big data in decision support systems. Special attention is 

given to machine learning methods that enhance data analysis efficiency. The data processing approach proposed in this 

article allows for an 10-12% increase in the accuracy of spinal pathology classification, confirming its feasibility in 

medical practice. 

Keywords: big data, biomedical engineering, intelligent decision support systems, machine learning, pathology 

classification, high performance 

 

1. INTRODUCTION  

Begin the Introduction two lines below the Keywords. The manuscript should not have headers, footers, or page 

numbers. It should be in a one-column format. References should be listed at the end of the manuscript and numbered 

consecutively in the order of their citation in the text. In-text citations can use superscript or bracketed reference numbers 

The contemporary advancement of computing technology is characterized by a continuous increase in its capabilities, 

leading to an exponential growth in the volume of data that can be processed. Notably, the enhancement in computer 

system performance allows for the storage and analysis of large biomedical data sets with unprecedented speed and 

accuracy1. This, in turn, compels researchers to constantly seek new methods and models for information processing, 

adapting information technologies to meet new requirements and opportunities. 

Over the past decade, neural networks have gained significant prominence, particularly for processing visual 

information. Neural networks, with their ability to learn and adapt to complex data structures, have become a crucial tool 

in the scientific community, finding extensive practical applications2. Consequently, most companies and researchers are 

focused on modifying neural network architectures, tuning hyperparameters, and improving the quality of input data. 

These approaches significantly enhance the accuracy, speed, and quality of data processing, which is critical for 

information technologies. 

Currently, there is an extensive body of scientific literature exploring various aspects of neural network optimization. 
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Researchers are developing new architectures, refining training methods, and experimenting with different data sets to 

achieve better results3. Meanwhile, classical information processing methods, which were widely used previously, have 

fallen behind the competition with newer technologies and have taken a back seat. 

This article aims to demonstrate how the symbiosis of classical information processing methods and modern 

technologies, particularly neural networks, can improve data analysis results in computer-based decision support 

systems. Applying this approach allows for combining the advantages of both methods, ensuring more efficient 

information processing and enhancing the accuracy of pathology classification using a single data set. The research 

findings confirm the feasibility of such approaches for achieving better results in intelligent decision support systems. 

2. ALGORITHM FOR AN AUTOMATED SPINAL DISEASE CLASSIFICATION SYSTEM  

Modern methods for processing large medical databases increasingly utilize neural network techniques, which 

demonstrate high efficiency in identifying complex interrelationships within the data. An essential stage in the 

development of such systems is the thorough analysis and preparation of input data. It is crucial to cleanse the data of 

anomalies and irrelevant information that could negatively impact the analysis results. 

A successful implementation example can be the architecture of a convolutional neural network (CNN), which is trained 

on well-prepared large datasets4. In this case, training the model involves optimizing the weight coefficients to minimize 

the discrepancy between the model's predictions and the actual class labels. The training process concludes with testing 

the model on new data to evaluate its accuracy and effectiveness. 

In this algorithm, key factors include the choice of neural network architecture, the configuration of training parameters, 

and the quality of the input data. 

 

Figure 1. Diagram of the Creation of an Automated High-Performance System for Processing Large Volumes of Biomedical 

Data for Disease Classification Based on Neural Networks 

For image classification, a convolutional neural network (CNN) can be utilized, which consists of several types of layers. 

The convolutional layer applies filters to perform convolution operations, allowing the scanning of the input image and 

generating activation maps that contain all detected features. The pooling layer is used to downsample the features after 

the convolutional layer, applying either maximum or average pooling. The fully connected layer processes the flattened 

input, where each input is connected to all neurons, allowing the connection of hidden layers to the output layer and 

optimizing class scores. The combination of these layers in a CNN provides effective feature extraction, downsampling, 

and classification of image features, enhancing the accuracy of classification. 
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Figure 2. Modification of the Fully Connected Layer in the Output of a Convolutional Neural Network (CNN) 

Model training is conducted based on a pre-defined dataset, which includes images with corresponding labels, using an 

iterative approach. The use of the Adam optimizer and the CrossEntropyLoss function allows for efficient updating of 

the model's weights. The testing process involves processing images from the test dataset to obtain predictions about 

patients' health conditions, enabling the assessment of the model's accuracy. 

In the context of this study, special attention was given to the extraction of texture features5 from the images contained in 

the dataset. This approach involved collecting a large number of texture features, contributing to a comprehensive 

description of the images' geometric characteristics. The extraction of features such as the coefficient of asymmetry and 

the area of asymmetry, among others6,7, provided the capability to accurately classify and analyze images for 

pathological changes. 

The application of neural networks, combined with texture feature analysis data, allowed for efficient handling of large 

data volumes. This synergy of methods facilitated a deep analysis of the data and the identification of more complex, 

indirect dependencies that are crucial for pathology identification. The neural network architecture, developed based on 

the extracted features, ensured the model's ability to timely and accurately recognize key disease indicators. This was 

made possible through a detailed process of training and texture feature analysis. 

3. RESULTS OF EXPERIMENTAL MEASUREMENTS AND CLASSIFICATIONS OF SPINAL 

PATHOLOGIES IN AN AUTOMATED SYSTEM 

The methodology of conducting experimental research is crucial for any scientific investigation, as it underpins the 

validity and reliability of the obtained results. In this study, the methodology focused on evaluating the effectiveness and 

reliability of the developed methods and tools, as well as the final model of the proposed approach. The validation of the 

developed methods on fundamentally different large data sets, both graphical and statistical, is essential for confirming 

their universality and the reliability of the results8,9,10. 

In this context, the application of the technology to graphical data, encompassing series of images, requires the analysis 

of complex visual relationships and patterns. This includes object recognition, texture processing, and the analysis of 

colors and shapes. On the other hand, statistical data, which in this study consist of numerical records-tables with 24 

previously extracted quantitative data points for each image, such as autocorrelation, contrast, entropy, and the 

coefficient of asymmetry5 and others, were also used. Conducting experiments on such diverse data sets allows not only 

to test the universality of the developed methods but also to ensure their reliability under different conditions and for 

different types of data11,12. 

The initial stage of the research involved data processing using a convolutional neural network (CNN), aimed at 

extracting important characteristics from thermographic images of the human back for spinal pathology classification. 

This process entailed several key steps, each contributing to the preparation and processing of data for subsequent deep 

learning. The Pandas library was used for data loading and manipulation, providing a wide range of functionality for 

reading data from various file formats, including dataset imports. For image preparation for further analysis, the Pillow 

(PIL) library was used, allowing for opening, manipulating, and saving images. In this study, the Pillow library was 

applied to convert images to RGB format, necessary for the correct operation of convolutional neural networks that 

require images in a standard color format13,14. 
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The process of splitting data into training and test sets included the use of the train_test_split function from the Scikit-

learn library, which allows for automatic data distribution according to specified proportions. In the study, indices were 

used to split the dataset, with the first 90% of the data assigned to the training set, and the remaining 10% to the test set. 

This approach is a certain standard that ensures balanced model training and its adequate evaluation on new data. 

Applying transformations to images before network training helped to increase the effectiveness of training by reducing 

the risk of overfitting and enhancing the model's robustness to input data variations. The study used standard 

transformations from the Torchvision library, including converting images to tensors and their normalization, which is a 

standard practice in deep learning12,15. 

The developed CNN model, SimpleCNN, a classic example of a convolutional neural network, included several 

convolutional layers and fully connected layers, allowing for effective image processing. The first convolutional layer 

used 16 filters of size 5x5 with padding 2, followed by a pooling layer that reduced the dimensionality of the input data. 

The second convolutional layer, also with 32 filters, further reduced the dimensionality, preparing the data for the fully 

connected layers, which transformed the feature vector into final classification labels. 

The model was trained on the training data set using the Adam optimizer and CrossEntropyLoss function, ensuring error 

minimization during classification. The training was conducted over 20 epochs, with continuous monitoring and control 

of losses to prevent network overfitting. After training, the model was evaluated on the test data set, where classification 

accuracy was measured by comparing predicted labels with actual ones. 

 

Figure 3. Loss Monitoring During Convolutional Neural Network Training 

The results obtained from the CNN model were used as input data for the proposed architecture (Fig. 2). This data, 

containing information about the probabilities of spinal disease, was further processed and stored, serving as the basis for 

training a more complex diagnostic model. 

Constant loss monitoring during the training of the convolutional neural network was conducted to minimize losses, 

which indicate how well the model is learning to recognize patterns from the training dataset9,12. 

Loss monitoring during neural network training performed several functions. Firstly, it allowed for the assessment of 

how effectively the model was adapting to the data it was working with. A high level of loss at the beginning of training 

is common, but ideally, this level should decrease over time, indicating the model's increasing ability to process and 

classify input data accurately. Additionally, loss monitoring played a role in determining the optimal number of training 

epochs since too many epochs can lead to overfitting, where the model performs well on the training set but poorly on 

new, unseen data. This is problematic as an overfitted model loses its ability to generalize, which is unacceptable for the 

study. 
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To address overfitting, early stopping methods are typically used, where training is halted as soon as the loss on the 

training dataset stops decreasing or starts to increase. This method significantly reduces the risk of overfitting without 

sacrificing model performance7. However, this is not always the case. In this study, a slightly modified approach was 

used, which included constructing a loss diagram to find the extrema of the functions. This allowed us to determine the 

optimal number of training epochs for our study. 

To ensure well-founded conclusions regarding the effectiveness of the proposed spinal disease classification technology, 

deep learning algorithms were evaluated through detailed comparison with results obtained from a classical 

convolutional neural network (CNN). The primary aim of this comparison was to identify the advantages of the proposed 

model in accurately recognizing spinal pathologies in medical thermographic images. 

The classical convolutional network used as a baseline for comparison allowed for the assessment of the developed 

model's ability to autonomously identify diagnostically significant features without direct researcher intervention. 

Comparing the results of the two approaches provided valuable information on the relative effectiveness of the new 

model in the context of real-world data. 

This comparison established that the proposed deep learning method could perform a more thorough and comprehensive 

analysis of medical images to identify spinal pathologies. This is achieved by integrating additional informative features 

and techniques that enhance classification accuracy and reduce the likelihood of erroneous diagnoses. Thus, the 

comparison highlighted the advantages of using this deep neural network method in medical diagnostics. 

The results of processing a series of images with the classical neural network showed a gradual decrease in average loss 

with each training epoch, indicating the effectiveness of the training process. The initial loss of 0.695 in the first epoch 

indicated significant discrepancies between the model's predictions and the actual labels. However, after further training 

iterations, this loss value significantly decreased, reaching a minimum of 0.0586 in the twentieth epoch. This substantial 

reduction in loss indicates that the model better adapted to the data and improved its classification ability. 

Despite the positive training dynamics, the model's accuracy on the test set was 70.59%, which may indicate certain 

limitations of the classical convolutional neural network in analyzing such data. The test set loss of 1.237, though higher 

than the training loss, still underscores the model's ability to generalize to new data, albeit with some errors. 

 

    

а)      b) 

Figure 4.  Loss Change Graph During Neural Network Training: a) Classical CNN; b) Proposed technique 

The results of processing a series of images with the proposed method showed significant improvement in classification 

accuracy. At the initial stage of training the neural network, an accuracy of 68.26% with losses of 0.6241 was achieved, 

indicating effective recognition of features differentiating health conditions based on images. Over the subsequent 

epochs, there was a trend of decreasing losses and increasing accuracy, highlighting the model's ability to adapt and 

optimize its internal parameters for better data classification. During training, the model demonstrated its deep learning 

capabilities, with a gradual reduction in losses, emphasizing its potential in identifying complex patterns in the data. 

The results of processing a series of images with the proposed method showed that the application of deep learning had a 

significant impact on classification accuracy. Throughout the 20 epochs of model training, there was a continuous 

decrease in losses, indicating effective learning and the model's ability to adapt to the data. At the final testing stage, the 
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classification accuracy was approximately 82.35%, with losses of 0.8819, indicating the model's high capability to 

differentiate between healthy and diseased patients based on their thermographic images. 

Comparing these results with those of the classical convolutional neural network, where the accuracy on the test set was 

approximately 70.59% with losses of 1.2370, highlights an improvement of 11.76% in accuracy achieved through the 

implementation of the new method. Given these data, it can be concluded that the new deep learning method is a 

promising tool for improving the accuracy of diagnostic systems, particularly in the classification of spinal diseases. 

In the detailed analysis of the data obtained in the study, additional attention was given to examining the probabilities of 

classifying individual images. The analysis showed that in the majority of cases where the network made correct 

predictions about the presence or absence of spinal diseases, it demonstrated higher (in percentage terms) confidence in 

its answers. On the other hand, when the network made errors, the probabilities provided were lower, indicating less 

confidence in these responses. This dynamic suggested the potential for further training, and consequently, a projected 

increase in model accuracy in the future. 

This analysis is evidence that the application of deep learning can not only provide high classification accuracy but also 

significant prospects for improving the efficiency of diagnostic systems in medicine. 

Speed Evaluation of Methods. The total classification time for a single image using the classical convolutional neural 

network was 0.0182 seconds, while the developed deep neural network performed the classification in 0.0207 seconds. 

This means that the proposed method increases the classification time by only 0.0025 seconds, which is an entirely 

acceptable increase for the operator. At the same time, using the proposed method allowed for an increase in 

classification accuracy by 11.76%. This improvement is significant and demonstrates that the slight increase in 

classification time is entirely justified by the substantial increase in accuracy. This makes the developed deep learning 

method an effective tool for improving the quality of medical diagnostics. 

4. CONCLUSIONS 

The process of validating the technology on various data sets revealed its universality and reliability. Specifically, it was 

demonstrated that the methods effectively process both graphical and statistical data, recognizing complex visual 

relationships and numerical indicators. The experiments confirmed the validity of the theoretical assumptions that 

formed the basis of the proposed technology, and showed that this technique can achieve high accuracy in prediction and 

classification when working with different types of data. Therefore, the developed technical solutions are effective for 

practical application. Based on the analysis of the experimental results, the conclusions highlight that the proposed 

technology can serve as a reliable foundation for further scientific research and the development of new technical 

solutions in the field of big data processing 
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