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Summary. This study aims to compare the performance of four machine learn-
ing models in the Boston housing price prediction task, and explore whether 
GAN data augmentation can improve the prediction performance of the model. 
Experimental results indicate that on the original data set, The CatBoost model 
demonstrated superior predictive performance, with an MSE of 4.76, RMSE of 
2.18, MAE of 1.65, and R² of 0.94. However, no significant performance im-
provement was observed when GAN data augmentation was applied to these 
models. 

 
The real estate market is an important part of the national economy, and 

house price prediction has always been a hot topic of concern in academia and 
industry. The Boston house price dataset is a recognized classic benchmark da-
taset for house price prediction. The dataset comes from a real estate study in the 
1970s [1]. In recent years, with the rapid development of machine learning tech-
nology, various advanced models have been widely used in house price predic-
tion tasks and have achieved good results. 

This study aims to compare the performance of four mainstream machine 
learning models (random forest, XGBoost, gradient boosting, CatBoost) on the 
Boston house price prediction task, and explore whether the introduction of 
GAN data augmentation technology on this basis can further improve the pre-
diction accuracy of the model [2, 3, 4, 5]. GAN-based data augmentation gener-
ates synthetic samples that mimic the statistical characteristics of the original da-
taset, aiming to enhance model generalization capabilities [6]. 

The Boston house price dataset contains 506 samples, 13 features, and the 
target variable is the house price. During the model training phase, a grid search 
optimization is performed on the hyperparameters of four basic models and then, 
compared them with the version with GAN data augmentation. 

The Figure 1 below shows the comparison of the predicted values and ac-
tual values of each basic model on the test set. As can be seen from the figure, 
the predicted curve of the CatBoost model is closest to the actual value curve 
and has the best prediction performance. 
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Figure 1 – Comparison of actual and predicted values across models 

 
GAN data augmentation was then applied before training each model to 

evaluate its impact on prediction performance. 
 

Table 1 – Prediction performance metrics comparison of all models 
Model MSE RMSE MAE R² 
Random Forest 5.80 2.41 1.73 0.93 
Random Forest + GAN 8.39 2.90 2.19 0.90 
CatBoost 4.76 2.18 1.65 0.94 
CatBoost + GAN 4.76 2.18 1.68 0.94 
XGBoost 5.81 2.41 1.71 0.93 
XGBoost + GAN 7.07 2.66 1.90 0.92 
Gradient Boosting 5.02 2.24 1.77 0.94 
Gradient Boosting + GAN 6.41 2.53 1.96 0.92 

Optimal hyperparameters for the best performing model 'CatBoost': Depth: 4, Iterations:300, 
L2 Leaf Regularization:1, Learning Rate: 0.2 
 

Table 1 summarizes the prediction performance indicators of all models. It 
can be seen that the CatBoost model has an MSE of 4.76, an RMSE of 2.18, a 
MAE of 1.65, and an R² of 0.94, which is the best among the four basic models. 
After GAN data augmentation, the performance indicators of the other four 
models also failed to surpass the original version of CatBoost. 

In conclusion, this study assesses the performance of four machine learning 
models for predicting Boston housing prices, highlighting CatBoost’s superior 
fit and generalization over random forest, XGBoost, and gradient boosting. Alt-
hough GAN-based data augmentation was applied, it did not significantly en-
hance model performance.  

Future research may consider more scenarios driving machine learning 
models and alternative data augmentation techniques to further improve predic-
tion accuracy [7]. 
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Summary. The experience of modifying the basic course of algorithms and 
programming for schoolchildren is presented, based on the original course 
designed for the first level of higher education of the computer science and 
radio electronics profile. The presentation peculiarities for the basic 
constructions, data abstractions, and basic algorithms in Pyton language used 
for levelling of low indices of self-regulation and concentration are 
considered, as well as splitting the topics into sets of small time intervals for 
adapting to the ability of keeping the attention focus. The specifics of the used 
development tools distributed under free/libre licences within the framework of 
the course are considered. 
 

In recent years, there is a tendency to lower the age of entry into program-
ming. In contrast to the former approach with teaching 12-year-old children 
block programming in Scratch, the age of learners starts now from 10 years and 
less, which imposes new requirements to teaching materials for teenagers. The 
experience of adapting the curriculum "Algorithmisation and Programming in 
Python" of Brest State Technical University for teenagers is discussed below as 
a final stage of learning a bundle of three programming languages: Scratch, Lua, 
and Python. 

When adapting the course, we had to take into account that children of 13–
16 years old have significantly lower speed of writing, reading and the volume 
of perceived learning material than students, not taking into account the speed of 
typing. The cognitive and emotional characteristics of the learners, associated 
with the fact that they have not yet fully formed prefrontal cortex responsible for 
planning, decision-making and social behaviour, require special pedagogical ap-
proaches [1]. In addition to adaptation for children, the teaching of this course 
required adaptation for their parents who want their children to receive quality 
knowledge, and at the same time, the majority of them either have a connection 
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