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Abstract: Oncological diseases are one of the socially significant problems. The detection rate of cancer in the early stages is 

currently low. In this regard, the development of early cancer diagnosis systems is an important task. The use of artificial 

intelligence methods makes it possible to solve forecasting problems at a high level. In this study, an early cancer diagnosis system 

was built using the example of lung cancer. A questionnaire for the diagnosis of lung cancer was created according to the protocol 

for the diagnosis of the disease. The results of the questionnaire were processed using mesh learning methods. 8 methods were 

used. Based on the results of the interpretation of the models, it can be concluded that machine learning methods can predict the 

risk of cancer. 
Keywords: information system, prototype, artificial intelligence, intelligent analysis, intelligent systems, databases, neural 

networks 

 

1. Introduction 

Oncological diseases remain one of the most significant social and medical problems of our time. Despite the 

development of medicine, the detection rate of cancer in the early stages is still not high enough. In this regard, the 

development of early cancer diagnosis systems is an urgent and important task. 

The use of artificial intelligence methods makes it possible to effectively solve the problems of forecasting and 

analyzing medical data. As part of this study, an early cancer diagnosis system was developed using the example of 

lung cancer. For this purpose, a diagnostic questionnaire based on disease detection protocols was created. The results 

were processed using machine learning methods. The study used eight machine learning algorithms. Analysis and 

interpretation of the results showed that machine learning methods are able to effectively predict the risk of developing 

lung cancer. 

2. Materials and methods 

The methods of scientific analysis, classification, synthesis, and modeling are used in this study.  
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According to global cancer reports, lung cancer is consistently among the most common malignant tumors and 

remains the leading cause of cancer mortality in men and women [1]. A significant proportion of patients are detected 

in the late stages, when surgical treatment is no longer possible, and the five-year survival rate is extremely low [2]. 

Effective early diagnosis is a key tool for reducing mortality; it is based on screening using low—dose computed 

tomography (LDCT) [3,4]. 

The results of large-scale studies have shown that LDCT screening reduces mortality from lung cancer, but the 

interpretation of CT scans remains a difficult task.: high variability between radiologists, a large number of false 

positive nodes, the need to assess the dynamics and volumes of data exceeding the capabilities of an individual 

specialist [5]. 

With the development of deep learning methods over the past 5-7 years, a new class of expert systems based 

on neural networks has emerged that automatically analyze CT images, identify and segment nodes, assess the 

likelihood of malignancy, form quantitative risk indicators, and visualize areas of attention to enhance the 

interpretability of results [5-8]. A number of studies demonstrate that such systems achieve accuracy and ROC-AUC 

metrics comparable to the work of experienced radiologists, and in standardized experiments and clinical scenarios 

are able to surpass them in sensitivity and reproducibility [7,9]. 

1. Classification of neural network expert systems for lung cancer 

According to purpose and architecture, modern neural network systems for lung cancer diagnosis can be 

roughly divided into several main groups: 

1) CNN-oriented models are widely used to classify CT slices and bulk data (normal / benign/malignant nodes, 

cancer subtypes) [5-8].  

A separate class of CNN architectures is used for automatic detection and segmentation of pulmonary nodes, 

including 2D/3D U-Net, V-Net and their modifications [5, 6, 10]. 

2) Transformer-based models and CNN+Transformer hybrid architectures (Vision Transformer, Swin 

Transformer, DCSwinB), providing more efficient modeling of the global context of CT images [11]. 

3) Ensemble and multitasking models that implement simultaneous solutions to detection, segmentation, 

classification, and prediction tasks, including CNN ensembles, generative models, and multi-task learning approaches 

[12-15]. 

4) Explicable neural network models (Explicable AI) using Grad-CAM, Grad-CAM++, SHAP and other 

visualization methods to interpret decisions and increase trust on the part of clinicians [16-18]. 

5) Systematic review papers summarizing the clinical efficacy, limitations and prospects of using neural 

network expert systems in the diagnosis of lung cancer [5, 6, 8, 17, 18]. 

2. CNN-oriented methods 

2.1. Classification of pulmonary nodules and tumors on CT 

Works using 2D/3D CNN (often with transfer learning) show very high accuracy rates in the classification of 

pulmonary nodules. 

Bushara and Kumar proposed CNN with augmentation for classification of benign and malignant nodes on 

LIDC-IDRI. The model achieved an accuracy of about 95%, while the F1 measure and sensitivity/specificity indicators 

for the main classes were in the range of 0.93–0.96 [7]. Similarly, Jena and George combined morphological features 

with KNG-CNN, which made it possible to more confidently identify early nodes and improve classification quality 

compared to classical machine learning methods [19]. 

A comparison of convolutional neural networks with traditional machine learning algorithms is also presented 

in a number of papers. Thus, Ardila and co-authors have shown that a deep 3D CNN model trained on CT data is 
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superior to traditional ML approaches and demonstrates comparable, and in some cases higher sensitivity indicators 

compared to experienced radiologists when assessing the risk of pulmonary node malignancy[20].  

Salama and colleagues used generative models to artificially expand the dataset and then classify CNNs, which 

solved the problem of class imbalance and increased the stability of the system [21]. 

Models focused on multiclass classification are of particular interest. Shatnawi and co-authors proposed a 

pipeline based on improved CNN and pre-trained architectures (ConvNeXt, VGG16, ResNet50, InceptionV3, 

EfficientNetB0) for recognition of adenocarcinoma, large cell and squamous cell carcinoma, as well as normal lung 

[22]. The improved CNN model achieved 100% accuracy on the test sample, while the pre–trained networks showed 

76.9-99.0%, which highlights the potential of specialized architectures adapted to the domain task. 

2.2. Detection and segmentation of pulmonary nodes 

Node segmentation is a critical step, as it determines the assessment of volume and growth dynamics. Crasta 

and co-authors combined 3D-VNet for segmentation and 3D-ResNet for subsequent node classification [23]. On the 

LUNA16 set, the model demonstrated a Dice coefficient >0.95 for segmentation and high classification accuracy, 

surpassing earlier 3D CNN approaches. 

Mahajan and colleagues proposed a 3D-U-Net-based algorithm for automatic node detection and segmentation, 

comparing its operation with the interpretation of radiologists [10]. The authors have shown that the DL model 

achieves comparable sensitivity with higher reproducibility and analysis speed, which makes it promising for clinical 

use. 

Systematic reviews by Gao and co-authors [24], as well as Marinakis and co-authors [25], confirmed that 

modern 3D-U-Net/V–Net-like architectures consistently provide Dice ~0.85-0.95 and detection sensitivity >90% on 

various CT datasets with correct data preprocessing. 

3. Transformer-and attention-oriented approaches 

Classical CNNs perfectly capture local features, but are limited in modeling the global context. This stimulated 

the use of transformers and attention mechanisms. 

Faizi and co-authors proposed a hybrid DCSwinB architecture based on Swin Transformer and CNN branches 

for node classification on CT [11]. The model is trained on LUNA16 and its extension (LUNA16-K) with 10-fold 

cross-validation. DCSwinB demonstrates higher accuracy and AUC values compared to pure CNNs and the basic 

Swin Transformer, while the number of parameters and computational complexity are reduced by about 20-25%. 

Ur Rehman and colleagues have developed a specialized CNN with a dual attention mechanism (channel + 

spatial attention) for node detection [26]. On LUNA16, their model achieved sensitivity of ~94-95%, specificity >93%, 

F1 measures >95% and AUC of about 0.98, surpassing a number of state-of-the-art models. This shows that even 

without a "full" transformer, adding attention blocks to a CNN significantly improves quality with a moderate increase 

in costs. 

In another group of studies, attention mechanisms are integrated into 3D CNNs to classify node malignancy, 

which leads to a marked increase in accuracy compared to "pure" 3D CNNs [27,28]. The review by Liz-Lopez and 

co-authors summarizes these trends and shows that attention and transformers are becoming the dominant focus for 

future expert systems [8]. 

4. Hybrid, multitasking, and multimodal systems 

4.1. Hybrid CNN+Transformer and generative models 

In addition to the DCSwinB architecture [29], a number of authors propose hybrid architectures using CNNs 

for local features and transformers or generative models for modeling global distributions. 
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Salama and colleagues applied deep generative models for data synthesis followed by CNN classification [21]. 

This approach reduces the risk of overfitting and improves resilience with a limited amount of marked-up examples.  

Ma and co-authors have developed a fusion algorithm for classifying benign and malignant nodes based on the 

integration of CNN features and radiomics [13]. 

4.2. Multi-task learning (multi-task learning) 

Multi-task approaches train one network to simultaneously solve several tasks — detection, segmentation, 

classification, and even prediction of outcomes.  

Li and co-authors have shown that a multitasking architecture for node detection and classification provides 

higher AUC and stability compared to sequential models [15].  

Wang X. and the co-authors proposed a model that simultaneously predicts the presence of cancer and survival 

based on CT and clinical data, reaching AUC >0.9 for prognosis [14]. 

4.3. Multimodal systems (CT + PET + clinical data) 

Zhao and colleagues used deep learning based on PET/CT data to noninvasively distinguish between 

pathological subtypes of non-small cell lung cancer, demonstrating high AUC values and superiority over traditional 

clinical and radiological models [30].  

The reviews by Quanyang and co-authors [31], Huang and co-authors [32] emphasize the promise of 

multimodal hybrids (CT + PET/CT + clinic + Omiki) for more accurate risk stratification and personalization of 

treatment. 

5. Explicable AI in expert systems 

The introduction of AI into the clinic is impossible without transparency in decision-making. In this regard, 

Grad-CAM, Grad-CAM++, Score-CAM, SHAP, and other techniques are actively developing, allowing visualization 

of image areas that most influence prediction. 

LCxNet (Jozi and co—authors) is an illustrative example of a CNN framework with rich XAI functionality 

[16]. The model achieves an accuracy of up to 99% in the classification of CT images of the lungs, while Grad-CAM 

is used to build heat maps that demonstrate the model's attention to nodules rather than extraneous structures. The 

authors analyze the influence of different optimizers (AdamW, SGD, etc.) and show that choosing an optimizer can 

significantly change not only the metrics, but also the "style" of heat maps. 

A number of reviews and papers on XAI emphasize that Grad-CAM and SHAP values help doctors: 

1.Check whether the model is based on a node and not on an artifact.; 

2.Understand the causes of erroneous predictions; 

3.Assess the trust in systems in difficult cases [10,16,17,32]. 

Reviews by Wang L. [33], Abdullahi et al. [6], and Huang et al. [32] indicate that XAI modules are gradually 

becoming a mandatory component of clinically oriented expert systems. 

3. Results and discussion  

As part of this study, an early cancer diagnosis system was developed using the example of lung cancer. For 

this purpose, a diagnostic questionnaire based on disease detection protocols was created. The results were processed 

using machine learning methods. The study used eight machine learning algorithms. 

Uploading the received responses to the forecasting model.  
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At this stage, the responses received will be uploaded to the forecasting model. The resulting values will be 

loaded into a neural network model for training. 

Testing models 

1. Data preprocessing pipeline. To ensure the stability of the models and reproducibility of the results, a unified 

preprocessing pipeline was implemented using the ColumnTransformer architecture. The data conversion process was 

divided into two separate streams: 

• Numerical feature processing: The missing numeric values were filled in using the median strategy 

(SimpleImputer). For algorithms sensitive to data scaling (logistic regression, SVM, MLP), StandardScaler was used 

to normalize features. 

• Categorical feature processing: missing categorical values were filled in with the most common value. The 

One-Hot Encoding technique was used to convert categorical variables into a binary vector space suitable for machine 

learning algorithms. 

2. Experimental setup and validation strategy. The dataset was divided into training and test samples using 

stratified separation (stratify=y) in an 80/20 ratio. 

• Composition of the test sample: The validation sample consisted of 800 samples. 

• Class imbalance: The test sample revealed a significant imbalance: 42 negative cases (class 0) and only 2 

positive cases (class 1). This strongly influenced the estimation metrics, prioritizing ROC-AUC over standard 

accuracy. 

3. Model configurations. The following algorithms were configured and trained with certain hyperparameters: 

• Ensembles based on trees: RandomForestClassifier and ExtraTreesClassifier were trained with 400 evaluators. 

The gradient boosting frameworks (XGBoost, CatBoost) were configured with a learning step of 0.05. 

• Neural networks: The MLP classifier was built with two hidden layers (128 and 64 neurons) trained for up to 

500 iterations [34]. 

The results for 8 types of models are shown in Figures 1-8. 

A.1 Logistic Regression Output 

 

Figure 1. Logistic Regression Output 
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A.2 RandomForestClassifier Output 

 

Figure 2. RandomForestClassifier Output 

A.3 Support Vector Machine (SVM) Output 

 

Figure 3. Support Vector Machine (SVM) Output 

A.4 ExtraTrees Classifier Output 
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Figure 4. ExtraTrees Classifier Output 

A.5 XGBoost Classifier Output 

 

Figure 5. XGBoost Classifier Output 

A.6 CatBoost Classifier Output 
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Figure 6. CatBoost Classifier Output 

A.7 Gradient Boosting Classifier Output 

 

Figure 7. 23 Gradient Boosting Classifier Output 

A.8 MLP Classifier (Neural Network) Output 
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Figure 8. MLP Classifier (Neural Network) Output 

6. Performance analysis and results 

6.1 Comparative review  

The diagram below shows a comparison of the accuracy, specificity, and sensitivity of all trained models (Fig. 

9). 

 

Figure 9. Comparative Analysis of Accuracy, Specificity, and Sensitivity 

Quantitative indicators.  

Figure 10 provides a detailed description of the key performance indicators: accuracy, ROC-AUC score, and 

LogLoss. The best results were demonstrated by a model based on a neural network — MLP Classifier. It showed the 

highest value of the ROC-AUC metric (0.9405) with an accuracy of more than 93%. This suggests that the model 

confidently ranks patients by risk groups. The second place was shared by random Forest and SVM algorithms, which 

showed similar results. Despite the high rates, in order to implement the system in real practice, it is recommended to 

work additionally on balancing classes so that the model becomes even more sensitive to rare cases of the disease. 
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Figure 10. Simulation results 

The problem of class imbalance.  

As shown in the error matrix below, the model successfully identifies all negative samples (42/42), but fails to 

classify positive samples (0/2) with a default threshold value of 0.5. This confirms the need to calibrate the threshold 

value (lowering the threshold from 0.5 to ~0.29) to determine the minor class (Fig. 11). 

 

Figure 11. Confusion Matrix illustrating the class imbalance issue 

The experiment confirmed that the best results were demonstrated by a model based on a neural network — 

MLP Classifier. It showed the highest value of the ROC-AUC metric (0.9405) with an accuracy of more than 93%. 

This suggests that the model confidently ranks patients by risk groups. The second place was shared by random Forest 

and SVM algorithms, which showed similar results. 

The model calculates a value that shows the numerical value of the probability of exposure to lung cancer.  

 The architecture of the system is shown in the figure 12. 
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Figure 12. The architecture of the system 

The system consists of the following modules: "Questionnaire", "Server", "Mathematical module", 

"Application", "Expert-LPR", "Instrumental laboratory research", "Output module". 

In the "Questionnaire questionnaire" module, respondents undergo a questionnaire on the diagnosis of lung 

cancer according to the protocol for diagnosing this disease.  

The Server module stores data from the expert system: symptoms, diseases, diagnoses, and survey results.  

The Mathematical Module implements operations for building a neural network. 

In the "Application" module, the probability of exposure to lung cancer is predicted based on the selected 

models.  

In the "Expert-LPR" module, an oncologist evaluates the results obtained with a high risk of lung cancer.  

In the "Instrumental Laboratory studies" module, respondents who have received high results in assessing 

their susceptibility to lung cancer undergo ultrasound, computed tomography, and Cyfra 21 cancer marker analysis.  

In the "Withdrawal Module", in case of positive results of instrumental laboratory tests, the patient is 

registered with an oncological dispensary, in case of a negative result of instrumental laboratory tests, the patient is 

referred to another specialist to clarify the diagnosis. 

Oncological diseases are one of the key problems of modern medicine and society. Despite advances in 

healthcare, early cancer detection rates remain low. Therefore, the creation of systems aimed at early diagnosis of 

oncological diseases is of high practical importance and relevance. 

Modern artificial intelligence methods provide extensive opportunities for predicting and processing medical 

information. In this study, a system for early detection of lung cancer based on machine learning technologies has 

been developed. To implement the system, a diagnostic questionnaire was created in accordance with existing medical 

protocols for examining patients. The obtained personal data was processed using eight machine learning algorithms. 

The analysis of the results confirmed the effectiveness of using machine learning methods to predict the likelihood of 

developing lung cancer. 

7. Conclusion 
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Oncological diseases continue to be one of the most pressing medical and social problems. Despite the constant 

development of medical technologies, the level of cancer diagnosis in the early stages is still insufficient. In this regard, 

the development of intelligent systems designed for early detection of oncological diseases is of particular importance. 

The use of artificial intelligence technologies and machine learning methods can improve the efficiency of 

medical data analysis and the accuracy of disease prediction. As part of this study, a system for early diagnosis of lung 

cancer was created. The basis of the system is a special diagnostic questionnaire developed on the basis of medical 

protocols for examining patients. The data was processed and analyzed using eight machine learning algorithms. The 

results of the study showed that machine learning methods can be successfully used to assess the likelihood of 

developing lung cancer and identify risk groups in the early stages of the disease. 

Funding: This research was funded by the Science Committee of the Ministry of Science and Higher Education 

of the Republic of Kazakhstan (Grant No. AP23485656). 
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