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 The Bazhenov formation in the West Siberian oil and gas province is of interest to researchers not only as a potential industrial 
development object. but also in connection with forecasting oil content and assessing the risks of exploratory drilling. The results
of a study aimed at developing machine learning models to assess the relationships between the geochemical parameters of the
Bazhenov formation and data obtained from well logging are presented. 
Modern machine learning methods provide powerful tools for data analysis and forecasting. Geological data is often
characterized by a large number of parameters and complex relationships that can be difficult for humans to understand. In this 
context. the application of machine learning methods provides researchers with new tools. 
This work focuses on the Boosted Trees model. which demonstrated better results compared to other regression methods. having 
the lowest error (MAE and MSE) and the highest coefficient of determination (R2). Boosted Trees models provided accurate and 
stable prediction results. which were confirmed by visual analysis. 
As a result of the work. using machine learning methods. geochemical parameters were calculated. including S1. S2 and Tmax.which was previously difficult. This increased the accuracy of the geochemical parameters assessment in wells. which 
contributed to the improvement of models for the rock properties distribution along the well section. and in the future will lead 
to an increase in the detail of the parameters distribution over the area. 
It also emphasizes the importance of careful data preprocessing and selecting the best models and learning methods. Despite its 
technical challenges. machine learning provides researchers with a powerful tool to more accurately analyze and interpret
geodata and make operational decisions based on this data.
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 Баженовская свита в Западно-Сибирской нефтегазоносной провинции представляет интерес для исследователей не 
только как потенциально промышленный объект разработки. но и в связи с прогнозированием нефтеносности и оценкой 
рисков поискового бурения. Представлены результаты исследования. нацеленного на разработку моделей машинного 
обучения для оценки зависимостей между геохимическими параметрами Баженовской свиты и данными. полученными в 
результате геофизических исследований скважин. 
Современные методы машинного обучения предоставляют собой мощные инструменты для анализа данных и 
прогнозирования. Геологические данные часто характеризуются большим числом параметров и сложными взаимосвязями.
которые могут быть труднопонимаемыми для человека. В этом контексте применение методов машинного обучения
обеспечивает исследователям новые инструменты. 
В данной работе уделено внимание модели Boosted Trees. которая продемонстрировала лучшие результаты по 
сравнению с другими методами регрессии. обладая наименьшей ошибкой (MAE и MSE) и наивысшим коэффициентом 
детерминации (R2). Модели Boosted Trees обеспечивают точные и стабильные результаты прогнозирования. что было 
подтверждено визуальным анализом. 
В результате проведенной работы благодаря применению методов машинного обучения был проведен расчет
геохимических параметров. включая S1. S2 и Tmax. что ранее было затруднительно. Это повысило точность оценки геохимических параметров в скважинах. что способствовало улучшению моделей распределения свойств пород по 
разрезу скважин. а в дальнейшем приведет к повышению детальности картины распределения параметров по площади. 
Также подчеркивается важность тщательной предобработки данных. выбора наилучших моделей и методов обучения. 
Несмотря на технические сложности. машинное обучение предоставляет исследователям мощный инструмент для более
точного анализа и интерпретации геоданных. а также для принятия производственных решений на основе этих данных.
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Introduction 
 

This work is part of an integrated study of Jurassic 
deposits in the northern part of the Surgut arch aimed 
at examining and evaluating the geochemical and 
source rock properties of the Bazhenov Formation 
regarding its influence on the oil-bearing potential of 
the Vasyugan Formation [1–5]. 

In this study, the aime is to develop models to 
assess the dependencies between the geochemical 
parameters of the Bazhenov Formation rocks and the 
data obtained from logging. For this purpose, various 
methods of machine learning (МL) were used in the 
research [6–15]. 

Currently, modern machine learning methods 
provide powerful tools for data analysis and forecast, 
and their application is also relevant in solving 
geological problems. In this field, standard practice 
involves working with large data volumes, complex 
interrelationships between geological parameters and 
the heterogeneity of geological formations. In this 
context, the use of machine learning methods is a new 
tool that significantly improves the analysis processes 
and model development based on geodata. The major 
advantage of machine learning application in geological 
research is its ability to automate and optimize data 
analysis. Geological data is often characterized by a 
multitude of parameters, and their interrelationships 
can be complex for humans to understand. Machine 
learning models, through more advanced algorithms for 
identifying correlation relationships and discriminant 
features, can increase the reliability of forecasts and 
data assessment models. These models can be used to 
forecast various parameters, such as the quality and 
composition of rocks, the distribution of mineral 
resources, hydrogeological characteristics, and for other 
purposes. 

In this study, geochemical properties of rocks were 
taken as the major parameters for establishing 
dependencies. These data were obtained using the Rock-
Eval pyrolysis method, which determines the content 
and composition of organic matter in rocks. The high 
cost does not allow core sampling in a large number of 
wells, which increases the value of the collected core 
material. In contrast, the relatively low cost and high 
information content of geophysical surveys have allowed 
a large share of the well stock to be characterized by a 
relatively unified set of studies, facilitating comparison 
of the geophysical rock properties from different wells. 
Establishing dependencies between geochemical and 
geophysical properties will enable a qualitative and 
quantitative assessment of the studied rock properties, as 
well as expand the number of wells where geochemical 
properties can be assessed. 
 

Object of Study. Research methods 
 

The Bazhenov Formation is widely regarded as the 
main hydrocarbon-generating formation of the West 
Siberian petroleum province. The deposits were 
predominantly formed in deep-water marine 
sedimentation conditions and are widespread across the 
territory of Western Siberia. In this study, the main 
characteristics of the rocks obtained through the Rock-
Eval pyrolysis method were studied. The pyrolysis 

method is based on the thermal decomposition of core 
samples, and the recorded chromatogram analysis 
allows for obtaining data such as the content of free 
hydrocarbons (S1), residual generation potential (S2), 
total organic carbon (TOC), and the temperature of 
maximum hydrocarbon yield during cracking (Tmax). 
The obtained characteristics enable conclusions to be 
drawn about the oil generation productivity of the rock, 
its maturity and the amount of dispersed organic 
matter. Also, assessment of rock's hydrocarbon 
potential has been realized [16–19]. 

The issues of interpreting well logging data in 
unconventional reservoirs, including the challenges of 
assessing geochemical properties based on geophysical 
research data, have been covered in a large number of 
studies, particularly in works [19–35].  

The dependencies were identified with parameters 
obtained from geophysical well surveys. The standard 
set of well logging measurements used as predictor 
variables in most wells included: GK (gamma logging), 
NKT (thermal neutron logging), BK (resistivity 
logging), IK (induction logging), as well as derived 
parameters from these measurements (lnBK, lnIK, 
GK/NKT, ln[GK/NKT]). 

Obtaining "core-well logging" dependencies will 
allow for more accurate averaging of geochemical 
data in wells with geochemical studies, assessment of 
rock properties in wells lacking core data, and model 
construction of property distribution across the area 
based on well data. 

The analysis was carried out using a database of 
1,217 studied samples taken from wells in the 
territory of the Surgut and Vartovsk arches, which 
were linked to intervals of the Bazhenov Formation or 
stratigraphically similar deposits. 

The methods used to search for dependencies in the 
work included the multiple linear regression method, as 
well as three machine learning methods: the support 
vector machine (SVM), neural networks, and the 
boosted trees method. Detailed characteristics and 
distinctive features of different methods are presented 
in numerous papers, particularly in works [36–44]. 

A distinctive feature of "core-well logging" 
dependencies is the different vertical resolution of the 
methods used. Pyrolytic studies of core samples are 
conducted with a diameter of about 1 cm, which 
increases the resolution of the method but can also 
lead to anomalously low or high values that are not 
representative of the entire interval of sediments. In 
contrast, well-logging has a greater discretization step, 
where there is only one cut per 10 cm measurement. 
To level out this difference, the geochemical research 
data were smoothed using a sliding window method 
within a ± 1 m interval. This approach allowed for 
identifing a relatively high-frequency trend in the 
changes of geochemical properties and reducing the 
number of anomalous values. 

Next, the geophysical data was standardized, for 
which the normalization method described in the 
work of D.E. Shira [45] was used. 

According to this method, the normalization process 
can be performed using the following equation: 
 

  
 

       

log min
norm min max min

max min
.V WV R R R W W    
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Table 1 
Statistical characteristics of parameters 

 

Variable Arithmetic mean Minimum Maximum Standard 
deviation Asymmetry Excess 

S1r, mg HC/g. 3.2968 0.0000 12.45 2.6387 0.50229 -0.5573 
S2, mg HC/g. 28.5440 0.0100 148.57 26.1681 0.68483 -0.1650 

Tmax, °С 436.8596 403.0000 458.00 6.8586 -1.96788 5.1094 
TOC, % 5.9896 0.0900 24.23 4.9310 0.67065 -0.2007 

BK, Ohm 265.6223 0.7220 10600.70 630.8205 8.44372 104.7258 
IK, mSm 76.1296 0.1000 2018.85 126.3915 7.08556 77.8917 

GK, mkrRG/h 23.0309 2.2610 111.80 16.6028 1.04645 0.5909 
NKT, eV 4.2373 1.1670 16.39 2.2635 1.49880 2.2558 

lnBK 4.1817 -0.3257 9.27 1.7960 0.08127 -1.0821 
lnIK 3.5168 -2.3026 7.61 1.3844 -0.38762 0.5261 

GK/NKT, 
mcRG/h∙eV 8.0811 0.1836 53.44 8.2495 1.79523 3.8280 

lnGK/NKT 1.5474 -1.6947 3.98 1.1257 -0.27131 -0.6440 
 

In the equation above, the normalized value of the 
curve (Vnorm) is calculated from the unnormalized 
curve value (Vlog), the minimum and maximum values 
from the reference curve (Rmin and Rmax), as well as the 
minimum and maximum values from the curve that 
needs to be normalized (Wmin and Wmax). Typically, the 
5th and 95th percentiles are used instead of the 
minimum and maximum values. This reduces the 
influence of data outliers (anomalies) that could lead 
to incorrect results. However, careless application of 
such methods may exclude some important data from 
the analysis that reflects the actual properties of the 
rocks. 

After performing the procedures of averaging and 
normalizing the data, a training sample of 2109 values 
was obtained. The statistical characteristics of the 
parameters are presented in Table 1. 

Choosing the optimal ratio between training and 
testing samples in machine learning issues is an 
important aspect of model-building methodology that 
requires logical justification. This choice lies at the 
center of balancing two key aspects: maximizing the 
generalization ability of models trained on data and 
ensuring a reliable evaluation of their performance on 
independent data. 

In this research work, a ratio of 70 % training data 
to 30 % testing data was decided to be applied in the 
context of training machine learning models. Firstly, 
having 70 % of the training data provides the models 
with a substantial amount of information to learn the 
major patterns in the data. At the same time, 30 % of 
the data is reserved for testing purposes and 
subsequent performance evaluation of the models. 

This approach helps to balance the training process 
and model assessment, which helps to avoid 
overfitting, as models adapt too closely to the training 
data and fail to generalize adequately to new data.  

Considering the accepted ratio between the 
training and testing samples, experimental training of 
various machine learning models was conducted, 

followed by their performance assessment on the test 
data. The results obtained indicate that the chosen 
70/30 ratio was optimal for this task and provided the 
best practical results. 

The optimal ratio between training and testing 
samples may vary depending on the data characteristics 
and the specific task. Nonetheless, in this work, the 
choice of this ratio is justified by achieving high 
performance of machine learning models while 
ensuring an optimal assessment of their performance.  

The comparison and analysis of the developed 
models were conducted using standard methods, 
including visual analysis of cross-plots and graphs 
comparing actual and calculated data, correlation 
coefficient assessment, as well as a quantitative 
assessment of metrics used for analyzing the reliability 
of machine learning regression models. Specifically, 
the metrics considered were Mean Absolute Error 
(MAE), Mean Absolute Percentage Error (MAPE), 
Mean Squared Error (MSE), and R². 

The MAE metric (Mean Absolute Error) is a way 
to measure how much a model or forecast deviates 
from the actual data. It measures the average 
absolute difference between the predictions and the 
actual values. In other words, MAE shows on average 
how much the model is wrong, simply by summing 
all the absolute differences and averaging them, its 
formula is: 
 

   


 
1

1, .
N

true pred
i i

i
MAE y y y f xN  

 
MAPE (Mean Absolute Percentage Error) is a 

metric used to assess the accuracy of forecasts or 
models. It measures the percentage error of the 
predictions compared to the actual values of the data, 
its formula is: 
 

   



 

1

1, .
N
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MAPE y y N y  



PERM JOURNAL OF PETROLEUM AND MINING ENGINEERING 
 

НЕДРОПОЛЬЗОВАНИЕ 144 

Table 2 
Best independent variable for continuous dependence 

 

Parameter 
S1 S2 TOC Tmax 

F-value p-value F-value p-value F-value p-value F-value p-value 
IK 128.565 < 10–6 93.6135 < 10–6 70.0153 < 10–6 87.0745 < 10–6 
BK 94.7325 < 10–6 81.4088 < 10–6 64.8119 < 10–6 79.9992 < 10–6 
GK 88.6548 < 10–6 150.454 < 10–6 115.153 < 10–6 68.8253 < 10–6 

GK/NKT 90.0042 < 10–6 184.877 < 10–6 141.035 < 10–6 58.5804 < 10–6 
lnGK/NKT 61.9647 < 10–6 124.936 < 10–6 102.278 < 10–6 45.8759 < 10–6 

NKT 49.1096 < 10–6 96.9236 < 10–6 88.2218 < 10–6 39.3733 < 10–6 
lnIK 1.51223 0.15865 1.73305 0.09718 0.75432 0.62586 0.63281 0.72908 
lnBK 1.76144 0.10343 1.63941 0.13251 1.54953 0.15834 0.18478 0.98111 

 
MSE, or Mean Squared Error, is a metric used to 

measure how close predicted values are to actual 
values in regression tasks. In other words, it measures 
the average of the squared differences between 
predicted and actual values, its formula is: 
 

    


 
2

1

1 ,,
N

true pred
i i

i
MSE y y y f xN  

 
R² metric (or coefficient of determination) is a 

statistical measure that helps assess how well a model 
(such as linear regression) fits the data. It measures 
the proportion of variance (spread) in the dependent 
variable that the model explains. In other words, R² 
shows how close the model's predictions are to the 
actual data. Its formula, is: 
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Research results 
 
To perform the task of foreastig the values of 

dependent variables (S1, S2, ТОС, Тmax) based on 
independent variables (BK, IK, GK, NKT, lnBK, lnIK, 
GK/NKT, ln(GK/NKT)), the software product from 
StatSoft was chosen." 

During the first iteration, after loading the training 
sample, feature selection was performed using the 
Feature Selection method. In this iteration, the criteria 
such as the F-value and p-value were calculated for 
each independent variable and each dependent 
variable in various learning methods. These criteria 
served for identifying the most significant variables, 
while variables with low statistical significance were 
excluded from further analysis. 

Results of the analysis are presented in Table 2, 
which lists the F-values and p-values for each variable. 
The analysis of the table, made it possible to draw the 
following conclusions: 

 significant variables: from the p-value analysis, the 
variables IK, BK, GK/NKT, GK, GK/NKT and NKT are 
identified, which have p-values significantly below 0.05 
This indicates a statistically significant relationship 
between these variables and the dependent variables; 

 insignificant variables: variables lnBK and lnIK 
have higher p-values, indicating a lack of statistically 
significant association with the dependent variable, 
making their inclusion in the models unjustified; 

 F-test values: The F-test values for IK and BK are 
higher compared to other variables, indicating a 
stronger relationship between them and the dependent 
variable. 

To achieve optimal performance and results in the 
data analysis task, the following initial model settings 
were chosen: 

Boosted Trees: 
– minimum number of elements in a node to stop 

splitting: 79; 
– minimum size of child node to stop splitting: 1; 
– maximum tree depth: 32 levels; 
– maximum number of nodes in a tree: 15. 
These parameters help control the tree structure 

and prevent overfitting. 
Neural Network (MLP): 
– minimum number of neurons in the hidden layer: 3; 
– the maximum number of neurons in the hidden 

layer: 64; 
– Number of trained neural networks: 500. 
These settings help to experiment with different 

network architectures and save the best result. 
SVM: kernel type: RBF (radial basis function). 
Using the RBF kernel allows working with 

nonlinear data and improves the ability of SVM to 
separate complex data. 

These initial parameters are selected considering 
the specific characteristics of the task and will allow 
our models to analyze the data effectively." 

Next, dependency models for the parameters S1, S2, 
Тmax и ТОС were built using the selected machine 
learning methods, as well as multiple linear regression. 
Table 3 presents the correlation coefficient values for 
pairs of actual and calculated values.  
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Table 3 
Correlation coefficients of ML models 

 
Method S1 S2 S1+S2 Tmax TOC 

Boosted trees 0.819315 0.815852 0.823565 0.802799 0.825891 
Neural Network 0.735394 0.774090 0.785101 0.542445 0.752758 

SVM 0.681148 0.699781 0.719783 0.528209 0,666530 
Multiple regression 0.730231 0.769166 0.781709 0.490886 0.742394 

 
Table 4 

 

Comparison of predictive models' correlation, using linear regression and Boosted Trees methods 
 

Linear Regression / 
Machine learning ML_S1 ML_S2 ML_S1+S2 ML_Tmax ML_TOC 

RegrssS1 0.926029 0.919872 0.928922 0.562976 0.863218 
RegrssS2 0.902885 0.955211 0.957815 0.524011 0.905242 

RegrssS1+S2 0.905664 0.955484 0.958337 0.528347 0.905805 
RegrssТmax 0.826240 0.776076 0.788178 0.634128 0.733300 
RegrssТОС 0.881811 0.950323 0.950109 0.516769 0.914215 

 
The analysis of all three models for predicting the 

variables allows us to draw the following general 
conclusions: 

1. Boosted Trees Model: 
• for predicting target variables, this model 

demonstrated excellent results with low mean square 
error and high correlation on the training sample; 

• the importance of independent variables is 
diferrent for S2 and Tmax, but in both cases the model 
showed their statistical significance; 

• The Boosted Trees model is the best of those 
considered for both target variables. 

2. Neural network (MLP): 
• The neural network demonstrated good correlation 

with the target variables, although the mean square 
error and correlation were lower, compared to the 
Boosted Trees model; 

• after additional hyperparameter tuning an increase 
in the model performance was achieved. 

3. SVM (Support Vector Machine) model: 
• The SVM model showed low correlation with target 

variables, mean square error was also higher than the 
Boosted Trees model and neural network; 

• This model has the lowest correlation coefficient 
and the highest standard error among all the models 
considered. 

For all target variables, the Boosted Trees model is 
the best because it has the optimal combination of low 
error and high correlation. The neural network can be 
used if an alternative model is required, but it will 
require additional tuning. The SVM model may be less 
preferable due to higher mean square error and low 
correlation. To make a final choice of model, it is also 
necessary to evaluate their performance on a test 
sample. 

The results' analysis showed that among the 
regression models obtained by machine learning 
methods, the Boosted Trees model stands out with the 
highest correlation coefficient values. The lowest 
correlation coefficient was achieved by the Support 

Vector Machine (SVM), which is a natural result, since 
this method operates best in classification tasks, not 
regression. The multiple linear regression and neural 
network methods showed approximately the same 
average result, which is also a natural result, given the 
general similarity in the methodology for developing 
dependency models. 

Regarding the multiple linear regression method, 
the results of the Boosted Trees model show an 
increased correlation coefficient. Consequently, further 
comparative analysis was carried out between the 
results of these models. 

Correlation analysis of the models developed using 
the Boosted Trees and multiple linear regression 
methods, showed a fairly high linear relationship 
between the parameters. The correlation matrix is given 
in Table 4, cross-plots of dependencies for the 
calculated values of the S1, S2, Tmax and ТОС parameters 
are shown in Fig. 1. 

The analysis of the correlation matrix and 
dependence graphs of forecast results obtained 
through linear regression and the Boosted Trees 
method showed that the relationship between the 
parameters is linear with a high correlation 
coefficient. The most significant difference in results 
was observed when predicting the parameter Tmax, 
where the Boosted Trees method demonstrated greater 
forecast accuracy compared to linear regression. 
Additionally, the graph showing the relationship 
between parameters calculated by different methods 
does not exhibit a clear linear connection. 

Next, a visual comparison of the forecast results for 
geochemical parameters obtained by different methods 
with experimental data was conducted (Fig. 2). The 
Boosted Trees method was chosen as the method with 
the highest correlation and the linear regression 
method as the most common for solving similar 
problems. 

The visual analysis of the comparison between 
synthetic parameter curves and laboratory research  
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Fig. 1. Comparison Graphs of estimated values using linear regression methods 
and Boosted Trees for parameters: a – S1; b – S2; c – Tmax; d – TOC 

 

                                                      
                                                                                a                                                                     b                            

 
Fig. 2. Comparison of experimental data from geochemical studies 

with a synthetic curve of parameters: a – S1 and S2; b – TOC 
 

Table 5 
Quantitative metrics for assessing model reliability 

 

Parameter Metric/Method MAE (less – better) MAPE (less – more) MSE (less – better) R2(bigger – better)

S1 

SVM 1.601 56.44% 2.564 0.464
Neural network 1.342 51.98% 1.801 0.541
Boosted trees 1.125 50.20% 1.265 0.671

Linear regression 1.362 58.07% 1.854 0.533

S2 

SVM 21.561 54.93% 464.860 0.490
Neural network 11.423 102.13% 130.480 0.599
Boosted trees 10.179 38.68% 103.612 0.666

Linear regression 11.383 61.30% 129.571 0.591

Tmax 

SVM 6.342 1.46% 40.220 0.279
Neural network 3.967 0.91% 15.735 0.294
Boosted trees 2.872 0.66% 8.249 0.644

Linear regression 4.587 0.61% 21.045 0.239

TOC 

SVM 3.690 50.76% 13.620 0.444
Neural network 2.318 44.42% 5.375 0.567
Boosted trees 1.967 54.24% 3.870 0.682

Linear regression 2.206 50.76% 4.868 0.551
 

N o t e : * – cells that characterize the model as more accurate are marked in green, and cells that characterize the model as less accurate are 
marked in red. 
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Fig. 3. Comparison of crossplots of estimated pairs and experimental values 
for linear regression models and Boosted Trees parameters: a – S1; b – S2; c – Tmax; d – TOC 

 
results showed that both models adequately capture the 
trend in the changes of geochemical properties. 
However, the visual differences between the predicting 
models are insufficient to draw conclusions about the 
superiority of one over the other. Due to the lack of 
visual differentiation between the models, standard 
metrics were calculated and compared. The results of 
the metric comparison are presented in Table 5. 

Considering the presented metrics (MAE, MAPE, 
MSE, and R²) for all four parameters (S1, S2, Tmax and 
TOC), a general conclusion can be drawn that Boosted 
Trees is the best machine learning model among all 
the methods considered. 

The Boosted Trees model is defined in the following 
ways: 

1. Prediction Accuracy: Boosted Trees have the 
lowest MAE and MSE values, which means they 
predict values closer to the actual data and have 
smaller errors in absolute and squared values. 

2. Percentage Errors: Boosted Trees method also 
shows the lowest MAPE values, which indicates the 
lowest percentage errors in predictions. This means 
that the predictions generated by Boosted Trees are 
the least distorted in relative terms. 

3. Ability to explain variability: Boosted Trees 
show the highest R2 values for all parameters, which 
indicates their superior ability to explain variability in 
the data. 

Consequently, Boosted Trees method is the best 
choice for this task, providing the most accurate and 
reliable predictions with the lowest errors in both 
absolute values and percentage terms, as well as having 
the highest ability to explain variability in the data.  

A comparative visual analysis of the correlation 
fields, presented in Fig. 3, also showed an increase in 
the prediction accuracy of the model developed using 
the Boosted Trees method, which also confirms the 
conclusions obtained from the comparison of 
numerical metrics for assessing the prediction models. 

Conclusion 
 
The study conducted an analysis of various 

regression methods, among which the Boosted Trees 
model stands out as the leader. This model 
demonstrates the best results among all the tested 
methods, with the lowest errors (MAE and MSE) and 
the highest coefficient of determination (R²). Boosted 
Trees provide accurate and stable forecasting results, 
supported by visual analysis. The research shows that 
the Boosted Trees model is more effective and 
accurate than the linear regression method for 
establishing the "core – well-logging" relationship for 
geochemical data. 

By using alternative regression methods based on 
machine learning algorithms, geochemical parameters 
were calculated, including S1, S2 and Tmax, which 
could not be performed earlier. The use of machine 
learning methods has improved the accuracy of 
assesing the geochemical parameters across well 
section, which will lead to increased accuracy of 
models for the distribution of rock properties over 
an area.  

Machine learning methods in geology have great 
potential for applications in regression tasks, 
discrimination, and making various predictions based 
on the identified patterns. However, this requires 
careful data preprocessing, selection of the best 
models and training methods, and careful 
verification of the results. Despite these technical 
challenges, the use of machine learning in geology 
opens up new prospects for scientists and 
researchers, allowing for more accurate data analysis 
and interpretation, as well as for production 
decisions based on this data. 

The geochemical properties assessment of rocks in 
this formation significantly contributes to forecasting 
hydrocarbon potential, as well as assessing the 
prospects of underexplored areas and deep horizons. 
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The results of the studies will be used for further 
reservoir identification and their classification into 
two types according to methodological recommendations 

for calculating oil reserves in the deposits of the 
Bazhenov horizon in the Western Siberian oil and gas 
province. 
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