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Abstract

Currently, significant efforts are being directed toward improving the socio-economic status
of the population and digitizing the activities of local neighborhood (mahalla) institutions. In
this context, the integration of machine learning methods with demographic data provides
an opportunity to develop intelligent decision support systems for local executive authorities.
Given that individual machine learning algorithms often encounter limitations when training
on complex demographic indicators, this study implements optimization through stacking en-
semble techniques. Based on nine primary parameters, XGBoost, regression algorithms, and
Artificial Neural Networks (ANN) were selected as base learners and integrated into a stacking
ensemble framework. The methodology involved preprocessing the database, constructing the
ensemble model, and utilizing Ridge Regression as the meta-learner, with model parameters
optimized via cross-validation. Experimental results demonstrate that the stacking ensemble
model significantly outperforms standalone models in terms of predictive accuracy and ro-
bustness. Specifically, the stacking ensemble achieved a 36.9% improvement in performance
compared to the standalone XGBoost model. This approach ensures high-precision forecasting
of demographic indicators, providing a reliable foundation for decision support systems within
executive government agencies.
Keywords: Stacking algorithms, ensemble model, population demographics, decision sup-
port, machine learning, XGBoost, Ridge regression, meta-learner, digitization of mahalla
activities
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1. Introduction

Demographic data are generated from
various sources and are subject to changes
due to various external factors. Demogra-
phy plays a leading role in decision-making
within self-government bodies (mahallas).
Population demography provides important
information on population growth dynam-
ics, employment, and the social environment.
Demographics of the population help mahal-
las better understand dynamic changes in the
region, reduce unemployment, and make deci-
sions on which areas to send social assistance.
The stacking ensemble model has the ability to
study and analyse high-level data, combining
several base learners, and is capable of predict-
ing the best decision. In this research work, al-
gorithms are developed to construct a Stacking
ensemble model using demographic data and
to assist with decision-making (YusupovF.X.
X. X., Ibragimov M. F., Babayazov S. P., 2024).

2. Building Stacking Ensemble Models
2.1 Foundations of Stacking Models
The stacking ensemble model is an en-

semble of hierarchical models. It first trains

a few base learners based on the test data

and collects their predictions in one place.

It then sends these prediction results as new

values along with their original values to the

meta learner, which then performs a more
in-depth analysis and prediction. In this way,
the stacking ensemble model can effectively
use the strengths of base learners and gener-
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alise their results. Compared to a single ma-
chine learning model, a stacking ensemble
model can reduce the error value of a single
model and improve the overall prediction
outcome. Because the data in population
demographics are nonlinear and complex
in nature, the stacking ensemble model can
identify these nonlinear and complex forms
very well (Yusupov F. X. X. X. et al., 2024).

2.2 Dataset Description

The dataset consists of 500 observations,
featuring 9 independent variables (‘x1’-'x9’)
and one target variable (‘Expert (%)’). The
‘ID’ column was excluded from the model as
it serves solely as an identifier (Table 1).

Table 1. Target variable and
key dataset haracteristics

Metric Value
Number of observations 500
Number of features 9
Target minimum 33.48
Target maximum 109.68
Target mean 72.19
Target standard deviation 10.36

Figure 1 illustrates the socio-demographic
indicators of the population across the select-
ed neighbourhoods for the study, along with
their respective statistical values (Ibragi-
movM.F., KhujaevO.K. and Rakhimbo-
evK.J., 2023).

Table 2. Table of demographic indicators obtained across neighborhoods (mahallas)

Id x1 x2 x3 x4 x5 x6 x7 x8 x9 E:;I;O(;rt
1 0.13 0.18 0.15 0.16 038 029 0.05. 026 0.21 78.45
2 0.27 019 027 026 054 037 0.06 034 0.23 76.55
3 0.2 026 031 035 053 0.04 004 0.07 0.16 68.15
4 0.36 031 024 041 0.3 0.26  0.38 0.4 0.3 83.9
5 0.32 0.23 0.34 0.4 0.43 0.0 0.05 0.12 0.27 53.34
6 022 0.15 023 024 028 0.17 0.14 0.2 0.14 75.95

500 0.07 0.14 0.07 0.12 0.3 035 0.04 0.19 0.05 89.16

In Figure 2, during the process of evalua-
tion, the data were divided into training and
testing sets in an 80/20 ratio. The standardi-
sation method (StandardScaler) was applied
to all models, which is particularly important
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for polynomial and neural network models
(IbragimovM., BabajanovB., SapayevS.,
Otaboyeva M., AlievO. and Rakhimberdi-
evS., 2025).
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Figure 2. Flowchart of the Stacking Ensemble model architecture
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2.3 Formula and steps

Input data set:
D={D,,D,,D;,....D,} (1)
and the output data:
Y={Y,Y,,Y,,....Y,} 2)

is formed in the following way, where D, is a set
of demographic and socio-economic indica-
tors from the “mahalla passport” (population
size, number of unemployed, entrepreneurial
employment, etc.), and Y, is the integral class
of the mahalla chairman’s activity calculated
based on these indicators (Ibragimov M., Ba-
bajanov B., Sapayev S., Otaboyeva M., Aliev O.
and Rakhimberdiev S., 2025).

Qualitative assessments are converted to
numerical form, lost values are recovered,
data are normalized and divided into train-
ing, validation and test sets (Ali, T. E. 2025).

Several base models are formulated based
on the input data (1). They are defined as fol-
lows:

b, (D;) =91 h, (D) =17, hy (D) =31 (3)

where h , h,, h,, .., h, —are base models, for
example, Random Forest, XG Boost, SVM, and
artificial neural network; Y™ — is the estima-
tion result of the m-th model for the -th object.

For each object (3), a new vector consisting
of the outputs of the base models is created:
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The formed Z. vector (4) is passed to the
meta-model of the stacking ensemble:

S ) 5@ sM)
Yizg(Zi,¢)=g(Yi Yi LY ,(p) (5)

where g — is the meta-learner, i.e., Logistic
Regression, Linear Regression, or another
top-level model; ¢ — are the parameters of
the meta-model.

Meta-model parameters (4) are deter-
mined by minimizing the following loss func-
tion:

q)* = argminiiZ::L(Yi,{(i) (6)

If the problem is considered as a multi-
class classification, then cross-entropy is tak-
en as the loss function (5):

As a result, a final assessment or integral
class (6) is obtained for each object (3):

T

7. =337 ™) )

As a result of this stage, the current state

of the mahalla chairman’s activities is as-
sessed in specific numerical values. Based on
the analysis of demographic and social indi-
cators, a numerical rating of the chairman’s
performance is calculated, which allows for
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the quantitative identification of weak and
priority areas and the formation of a final in-
tegral score that serves as the basis for mak-
ing management decisions (Yao, J., 2022).

2.4 Meta-learner preferences

The final stage of the stacking ensemble
approach involves the formation of a me-
ta-model (meta-learner) that generalizes the
predictions obtained from the underlying
models. In this study, the Ridge regression
method was selected as the meta-learner.
Ridge regression was selected to effective-
ly manage the high correlation between the
base models (Linear regression, Polynomial
regression, and XGBoost, MLP) and to pre-
vent overfitting. The metamodel was trained
with the prediction results in the test set of
the base models (Zhao, S., 2023).

3. Model Comparison
Population demographic data often in-
clude multimodal indicators, and each indi-
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cator influences the final result in a different,
non-linear way. Random Forest, XGBoost,
and an artificial neural network were de-
veloped for the stacking ensemble model as
base learning models, and this helps to un-
derstand the structure and characteristics of
complex data (Obaidat, M. A., 2022).

In this study, five different regression ap-
proaches were used to predict demograph-
ic indicators: linear regression, polynomial
regression, and XGBoost algorithms were
selected as the base models. Also, two differ-
ent ensemble learning methods were used to
further increase prediction accuracy: Voting
ensemble and Stacking ensemble. The study
was based on a dataset of 500 observations.
The following metrics were used for the as-
sessment: MAE (Mean Absolute Error),
RMSE (Root Mean Squared Error) and R2.
The smaller the MAE and RMSE, the lower
the model error; The larger the R?, the better
the model explains (Table 2).

Tabel 2. Comparative analysis of predictive accuracy indicators
for various regression and ensemble models

Model MAE MSE R2
Stacking ensemble 2.7810 3.8113 0.8655
Voting ensemble 2.8498 3.8686 0.8615
Polynomial regression 3.1296 4.2210 0.8351
Neural network 3.1613 4.5009 0.8125
Linear regression 3.7435 4.9209 0.7758

The results indicate that the best mod-
el is the Stacking ensemble, which achieved
an R?of 0.8655, an RMSE of 3.8113, and an
MAE of 2.7810. This demonstrates that the
ensemble approach provides a more stable
and accurate outcome compared to using the
base models individually.

4. Cross-Validation and
Model Evaluation

In this part, we compare the performance
of different models using 10-fold cross val-
idation. The KFold scheme (n_splits=10,
shuffle=True, random_state=42) was used
to assess the model’s reliability. In this case,
the dataset is divided into 10 equal or nearly
equal parts. In each iteration, 9 slices were
used for training and 1 slice for testing. This
process was repeated 10 times, and each time
a different slice served as a test set. The rea-

son for choosing 10-fold cross validation is
that it allows for a more stable assessment
of the model’s generalizability than a one-
time training/test split. Through this meth-
od, each object falls into the test set at least
once, and the evaluation result is less affect-
ed by random division. The MAE, RMSE, and
R? > metrics were used as evaluation crite-
ria. MAE is the mean absolute error, RMSE is
the root mean square error sensitive to large
errors, and R? (the coefficient of determina-
tion) shows how well the model explains the
target variance. Each model was constructed
in the form of a Pipeline. Within the pipeline,
StandardScaler was applied in the first stage
to bring all features to the same scale. This is
particularly important for polynomial regres-
sion, as features with large ranges can nega-
tively affect the optimization process.
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The XGBoost regressor has the ability to
capture complex, non-linear relationships
in tabular data. In the model architecture,
hidden layers in the form of (24,12) and the
ReLU activation function were utilized. On
this dataset, the XGBoost results were low-
er than those of the base regression models,
which is explained by the small size of the
dataset or the sensitivity of the parameters.

4.1 Results

The results of the 10-fold cross valida-
tion showed that the highest average R? value
belonged to the weighted ensemble model.
Therefore, combining several model predic-
tions slightly improved the quality of the re-
gression.

Polynomial regression came in second,
giving a significantly better result than lin-
ear regression. This means that there are not
only purely linear, but also quadratic or mu-
tual relationships between the target and the
features.

The XGBoost model demonstrated an av-
erage result. This indicator is lower than that
of linear and polynomial models. The main
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very complex structured data. The presence
of the XGBoost model within the ensemble
helped to increase overall accuracy. This as-
pect is also an important scientific conclu-
sion for the report.

4.2. Analysis

A comparison of regression models con-
structed using 10-fold cross-validation on
the given dataset revealed that the weighted
ensemble model delivered the best results.
Therefore, this model is recommended for
practical application.

To further improve model accuracy in fu-
ture research, it is advisable to employ feature
engineering, utilize gradient boosting algo-
rithms such as CatBoost, and perform a de-
tailed outlier analysis on the target variable.

This report provides a step-by-step
breakdown of all processes: data prepara-
tion, cross-validation, individual models, the
ensemble approach, and analysis based on
metrics.

Detailed statistical parameters of the
data used in the study are provided in Table
3 (Yao, J. 2022).

reasons for this are that this algorithm usual- Overall Results of 10-fold Cross-
ly works well with large volumes of data and  Validation
Table 3.
Model MAEstd T~MSE  pMmseEsta R R2 std
mean mean mean
Weighted 5 10037 0379148 414259 0540962 0.83108 0.028052
ensemble
Polynomial 44001 (077158 430682 0479376 0.81245 0.049167
Regression
Linear Re- g4 g0 0520469  5.02448  0.827705 0.75334 0.044238
gression
XGBoost  4.63093  0.540915  6.24507  0.761617 0.61125 0.089039

The study utilizes a 10-fold Cross Valida-
tion approach to evaluate and compare mod-
el performance through metrics such as R?,
MAE, and RMSE. Analysis of these results
indicates that the Weighted Ensemble model
achieves the highest level of accuracy, notably
surpassing the performance of individual base
models and other algorithmic configurations.

Additionally, while the polynomial re-
gression model also achieved a high result,
the ensemble approach ensured prediction
stability by combining the advantages of sev-
eral base models. In contrast, the XGBoost

algorithm recorded the lowest R? score for
this specific dataset. This situation confirms
how effective the selected weighted ensem-
ble model is at representing complex demo-
graphic dependencies.

The analysis shows that the Weighted
ensemble model registered the lowest error,
demonstrating the highest prediction ac-
curacy. In contrast, the XGBoost algorithm
was found to have the highest error for this
metric. These results are consistent with the
previous R? analyses, once again confirming
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the effectiveness of the ensemble approach in
handling demographic data.

Figure 3 presents the performance dy-
namics of the models used in the study across
the cross-validation folds. The graph indi-
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cates that the Weighted Ensemble and Poly-
nomial Regression models maintained high
stability across all folds, whereas XGBoost
exhibited the greatest fluctuation and a com-
paratively low accuracy.

Figure 3. dynamics across individual folds
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5. Practical Application of
the Obtained Results

Based on the obtained results, weimplement
the demographic data within intelligent deci-
sion support systems for executive authorities
using a framework we define as a decision tree.
In this approach, we integrated demographic
indicators with regional health improvement
data and Key Performance Indicator (KPI) sys-
tem results to reach a final decision.

6. Conclusion

Within the framework of this study,
a machine learning-based intelligent algo-
rithm was developed to digitize the analysis
and forecasting of demographic indicators
within local executive authorities. During
the data preprocessing stage, techniques for
systematic normalization, standardization,
and the imputation of missing values were
applied. To ensure model validation, the
dataset was partitioned into an 80/20 ratio
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and verified using a 10-fold cross-validation
method.

Various hierarchical algorithms, includ-
ing Linear and Polynomial Regression, Ran-
dom Forest, XGBoost, SVM, and MLP, were
tested to model demographic dynamics. To
maximize predictive accuracy, a Stacking
Ensemble methodology was implemented,
wherein the outputs of the base models were
analyzed as meta-features through Ridge Re-
gression (acting as the meta-model).

The Stacking Ensemble model demon-
strated superior accuracy compared to tra-
ditional models in identifying complex and
nonlinear relationships among demograph-
ic factors. The system proves robust against
‘noise’ and anomalous fluctuations in de-
mographic data, exhibiting a high degree of
generalization capability. Notably, the meta-
learner-based Stacking model significantly
outperformed individual models (improving
upon XGBoost by 36.9%).
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