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BASED ON DEMOGRAPHIC DATA

Abstract. The article is devoted to the study of the application of machine learning
algorithms for the classification of regions of Kazakhstan using demographic data for 2024. The
study considers the Decision Tree, Random Forest and k-Nearest Neighbors (KNN) algorithms.
They demonstrate high efficiency in solving this problem. Data preprocessing included the
calculation of the urban population ratio (urban_ratio), which was used to construct the binary
target variable. All three evaluated algorithms demonstrated high performance under the reported
experimental settings. The observed differences between the models were limited, with Decision
Tree, Random Forest, and KNN showing comparably strong results across the tested partitions.
The results indicate the potential of machine learning methods for territorial classification based
on demographic indicators; however, the findings should be interpreted with regard to the selected
feature set and target construction. In addition, K-means clustering and principal component
analysis identified three distinct demographic profiles among the districts, providing a clearer
understanding of regional differences.

Keywords: machine learning, classification, demographics, urbanization, Principal
Component Analysis, clustering.

Introduction.

Urbanization is the defining global trend of the 21st century. It has transformed the
demographic landscape, economic structures, and social dynamics. Therefore, intelligently
classifying territories into urban and rural types is a critical task.

Traditional methods of territorial classification often rely on national or administrative
definitions, and differences between such definitions can hinder the comparability of urban and
rural indicators across countries [1]. In Kazakhstan, this issue is particularly important because
regional disparities have widened and economic activity has become increasingly concentrated in
major urban centers, while other regions continue to lag behind [2,3,4].

Kazakhstan is a vast country with diverse regional development models. Reliable
identification of urban and rural areas will enable the implementation of targeted regional
development strategies. The advent of machine learning (ML) offers a powerful alternative to
traditional approaches. It enables the analysis of large sets of demographic data to identify complex
patterns and build predictive models with minimal human bias [5].

Recent studies confirm that machine learning can be effectively applied to demographic and
population-related data. Delaporte et al. [6] demonstrated the usefulness of machine learning for
modelling demographic processes in longitudinal data, while Szaszi et al. [7] used machine
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learning to examine relationships between demographic characteristics and social behavior across
countries. Dominguez-Catena et al. [8] focused on demographic bias in datasets and its
implications for model quality. However, these studies address migrant fertility, international
behavioral patterns, and dataset bias rather than district-level territorial classification in
Kazakhstan. Thus, the recent literature supports the feasibility of machine learning for
demographic analysis, but still leaves an open gap regarding region-specific urban-rural
classification based on official subnational demographic data.

This study investigates the application of several classical machine learning algorithms to
the task of binary classification of Kazakhstan’s districts into urban and rural categories based on
official demographic data for 2024. The aim of this study is to evaluate and compare the
performance, robustness, and consistency of three popular supervised classifiers. These algorithms
were selected because of their proven effectiveness in classification tasks, interpretability, and
complementary operational principles. The methodological approach involved demographic
feature engineering and the construction of a binary urban—rural target variable based on the share
of the urban population. The supervised models were then evaluated using the selected
demographic predictors. A series of experiments was conducted to evaluate each algorithm. The
results of this work suggest the potential of machine learning for this classification task.

The results of this research may inform decision support systems for government and
research institutions in Kazakhstan.

Materials and research methods.

To address the classification problem, the following methodology was developed. Data
collection and preprocessing: The dataset consisted of 227 territorial units of Kazakhstan for 2024,
obtained from the publicly available Kazakhstan Population by Gender and Locality 2024 dataset
[9], while the data processing and modeling pipeline was implemented in the accompanying
repository [10]. Each observation included demographic indicators by sex and place of residence,
such as total population, male and female population, urban and rural population, and their sex-
specific distributions. During preprocessing, hyphen placeholders in several urban and rural
population fields were recoded as zeros, and numeric variables were converted to integer format.
As a result, the final analytical sample contained 227 observations with complete values in the
variables used for modeling. A binary target variable was then created: a territory was classified
as urban (1) if the share of the urban population was above 50%, and as rural (0) otherwise. The
variable urban_ratio was used only to create this target variable and was not included as an input
predictor in the supervised classification stage. The supervised classifiers were trained using four
demographic predictors: male population, female population, urban population, and rural
population. Thus, the target construction step was kept separate from the predictor set used for
model training. The resulting class distribution was 74 urban and 153 rural observations, indicating
class imbalance. Three supervised learning algorithms were used for classification: Decision Tree,
Random Forest, and k-Nearest Neighbors (KNN).

The Decision Tree classifier was trained with default hyperparameters and random_state =
0. The Random Forest model was trained with n_estimators = 100 and random_state = 0. The
KNN classifier was evaluated with n_neighbors = 5; feature scaling was applied before KNN
training using StandardScaler. No systematic hyperparameter search, such as grid search or
random search, was performed; instead, the models were evaluated using a fixed experimental
setup.

In addition, model robustness was assessed using 5-fold stratified cross-validation. For the
KNN model, feature scaling was incorporated within the cross-validation pipeline to ensure correct
evaluation across folds.

Figure 1 presents the overall workflow of the study.

The block diagram illustrates the overall methodology of the study, outlining the sequential
stages of the data processing and modeling pipeline. The process begins with data collection and
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preprocessing, which includes calculating the key feature — the proportion of the urban population
(urban_ratio). The subsequent stage involves the formation of the binary target variable for
classification. The data is then split into training and testing sets, followed by the training of three
classifiers: Decision Tree, Random Forest, and k-Nearest Neighbors (KNN). The final stage
evaluates the model using Accuracy, Precision, Recall, and F1-score.

Y

4,-<7

Figure 1 — Process block diagram

For cluster analysis, K-means was applied to the standardized urban population and
rural_population variables. The number of clusters was assessed using the elbow method by
comparing within-cluster sum of squares for k = 1 to k = 10. Based on the observed inflection
point, k = 3 was selected for the final clustering solution. The clusters were then visualized in a
two-dimensional space using Principal Component Analysis (PCA).

Results and their discussion.
The study provided a detailed performance evaluation of three machine learning algorithms.

The results of all experiments are summarized in Table 1.

Table 1 — Summary table of results

Algorithm | Iteration | Features | Targets | Train/ Test | Accuracy | Precision | Recall | F1
(%)
Decision 1 4 2 70/30 0.942 0.909 0.909 | 0.909
Tree
Decision 2 4 2 80/20 0.891 0.800 0.800 | 0.828
Tree
Decision 3 4 2 60/40 0.978 0.933 0.933 | 0.966
Tree
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Decision 4 4 2 75/25 0.965 0.947 0.947 | 0.947
Tree
Decision 5 4 2 85/15 0.943 0.818 0.818 | 0.900
Tree
KNN 1 4 2 70/30 0.913 0.727 0.727 | 0.842
KNN 2 4 2 80/20 0.913 0.933 0.933 | 0.875
KNN 3 4 2 60/40 0.967 0.933 0.933 | 0.949
KNN 4 4 2 75/25 0.982 1.000 1.000 | 0.974
KNN 5 4 2 85/15 0914 0.727 0.727 | 0.842
Random 1 4 2 70/30 0.942 0.864 0.864 | 0.905
Forest
Random 2 4 2 80/20 0.891 0.800 0.800 | 0.828
Forest
Random 3 4 2 60/40 0.978 0.967 0.967 | 0.967
Forest
Random 4 4 2 75/25 1.000 1.000 1.000 | 1.000
Forest
Random 5 4 2 85/15 0.886 0.636 0.636 | 0.778
Forest

The table was compiled by the authors themselves.

In addition to the repeated train—test partition experiments, 5-fold stratified cross-validation
was performed to assess the robustness of the evaluated classifiers. The cross-validation results
are summarized in Table 2.

Table 2 — 5-fold stratified cross-validation results of the evaluated classifiers

Model CV folds Accuracy Precision Recall F1-score
(mean £ std) | (mean) (mean) (mean)
Decision Tree 5 0.952+£0.025 | 0.922 0.931 0.925
Random Forest 5 0.960 + 0.033 0.945 0.931 0.938
KNN 5 0.969 £0.023 | 0.988 0.917 0.948

The table was compiled by the authors themselves.

The cross-validation results indicate that all three classifiers maintained comparably strong
performance across folds. These findings provide additional evidence of robustness under repeated
resampling; however, they do not replace external validation on an independent test set.

The results are averaged and visualized for a clear performance comparison as shown in

Figure 2.
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Comparison of the accuracy of classification algorithms
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Figure 2 — Comparative analysis of the accuracy of algorithms

Accuracy (mean * standard deviation)

According to the bar chart summarizing the results across multiple train—test partitions, all
three classifiers showed similarly high accuracy, without a clearly dominant model across all
experiments.

Figure 3 presents the distribution of model performance across the evaluated train-test
partitions and illustrates the comparative stability of the algorithms.
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Figure 3 — Boxplot graphic of comparison

The boxplot compares the stability of the Decision Tree, Random Forest, and KNN
algorithms. To evaluate the performance of classification algorithms, four commonly used metrics
were applied. These metrics represent the counts of correct and incorrect predictions.

Figure 4 illustrates the trend of the average urban ratio and serves as the basis for the
exploratory scenario analysis for 2025-2035.
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subplot(2, 3, 3)
plot(yearly summary.index, yearly summary['Avg Urban_ R
marker="0', color="gr n', linewidth=2)
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Figure 4 — Average urban ratio trend

This study does not present a formalized forecasting model for 2025-2035. Instead, this part
should be interpreted as exploratory scenario analysis based on the 2024 demographic baseline
and assumed annual changes in male population, female population, urban population, and rural
population; the resulting projected feature values were then evaluated with the trained Random
Forest classifier. Therefore, the projected trajectories are intended to illustrate possible
classification outcomes under the adopted demographic assumptions rather than to serve as precise
long-term forecasts. The resulting scenario trajectories are shown in Figure 5.
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Figure 5 — Future predictions

This figure presents the projected urbanization trend for 2025-2035 under the adopted
demographic growth assumptions. The trajectory should be interpreted as an exploratory scenario
based on assumed changes in the input demographic variables rather than as a formal forecast.

A correlation heatmap is presented in Figure 6. It calculates the correlation matrix using
methods such as Pearson’s correlation coefficient and visualizes it using a color-coded heatmap.
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Model Comparison Heatmap
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Figure 6 — Comparison Heatmap

Figure 6 presents correlations among the key demographic variables. From the perspective
of regional development, these relationships indicate which demographic indicators tend to vary
together and therefore may not represent fully independent planning signals. This is relevant for
demographic policy because it helps identify potentially redundant indicators and supports the
selection of complementary variables for territorial monitoring and decision support. We
implemented a multidimensional performance comparison of the three machine learning
algorithms across multiple evaluation metrics (Figure 7).
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Precision —— Random Forest

Recall Accuracy
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Figure 7 — Radar Chart of Performance Comparison

The radar chart provides a multidimensional comparison of the three machine learning
algorithms across four evaluation metrics. From an applied perspective, this figure indicates that
the three models have broadly similar performance profiles under the reported experimental
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settings. Therefore, model selection should consider not only marginal metric differences but also
interpretability, stability, and ease of implementation.
The confusion matrix of the Decision Tree is shown in Figure 8.
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Figure 8 — Confusion matrix visualization

The confusion matrix shows the correct and incorrect predictions for the reported
experiment. However, further external validation is needed before making claims about reliability
or practical use.

The elbow method was used to identify the optimal number of clusters for the demographic
segmentation of Kazakhstan’s districts. The plot shows the relationship between the number of
clusters and within-cluster variance, where the “elbow” marks the point at which adding more
clusters gives smaller gains. The clear bend at k = 3 supports the choice of three demographic
clusters and balances model complexity with meaningful district grouping. This approach provides
a data-based basis for cluster selection in the following territorial analysis.

This implementation uses the elbow method to determine the optimal number of clusters for
demographic segmentation. The algorithm first creates an empty list, wess (Within-Cluster Sum
of Squares), to store variance values for different cluster settings. It then tests cluster numbers from
1 to 10 by applying K-means to the standardized demographic data (X scaled) for each K. The
inertia_attribute represents the sum of squared distances from each point to its nearest cluster
center and is used as a measure of cluster compactness (Figure 9).
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Figure 9 — Demographic Clustering

The Principal Component Analysis visualization provided an intuitive view of demographic
patterns. This approach keeps the original scale and meaning of the demographic variables, which
makes the results easier for domain experts to interpret. The algorithm uses the same qualitative
colormap (cmap = ‘Setl’) as in the previous visualizations, and semi-transparent points are used
to reduce overplotting. The axis labels refer directly to the original demographic metrics, and a
subtle grid improves readability while keeping the figure clear.

This visualization complements the Principal Component Analysis (PCA) representation by
showing cluster separation in terms of directly measurable population characteristics (Figure 10).
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Figure 10 — District Clustering by Urban-Rural Population Composition

This visualization presents cluster assignments in the original feature space, directly
mapping urban versus rural population distributions. The scatter plot demonstrates how districts
naturally group based on their demographic composition, with clear separation between urban-
concentrated, rural-dominant, and transitional districts. This visualization suggests that population
distribution characteristics may provide a useful basis for territorial classification in the context of
Kazakhstan.

The analysis of the results shows that all algorithms demonstrated high classification quality
(average Accuracy > 0.90). Overall, the three models produced comparable results across the
evaluated experimental settings. However, these results should be interpreted cautiously given the
dataset structure and the target construction procedure. In particular, the perfect Random Forest
result observed in the 75/25 split should be treated as a partition-specific outcome rather than as
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conclusive evidence of overall superiority. The variation across the evaluated train-test partitions
provides only a preliminary indication of stability, since the effect of training-set size was not
examined through a formal learning-curve or subsampling analysis. The KNN algorithm showed
good, but slightly more variable results than the other models, which may be related to its
sensitivity to feature scaling and neighborhood selection.

The competitive performance of the Random Forest algorithm is consistent with its well-
established theoretical advantages as an ensemble method. By averaging multiple decision trees
trained on bootstrapped samples, Random Forest can reduce variance relative to a single decision
tree [5]. In the present study, Random Forest should therefore be interpreted as a strong competing
model rather than as a definitively superior classifier across all evaluation settings.

In addition to the classification task, unsupervised learning methods were used to identify
internal demographic structure among the districts. The application of K-means clustering,
optimized via the elbow method, segmented the districts into three distinct groups, which were
subsequently visualized using PCA. The resulting grouping urban-centric, rural-centric, and
mixed-composition districts suggests that the demographic structure of Kazakhstan’s territories
extends beyond a simple binary distinction. From a policy perspective, this result may support
more differentiated regional development measures, as transitional districts may require different
planning priorities from strongly urban or strongly rural territories.

The KNN algorithm’s slightly lower and more variable performance can be attributed to its
sensitivity to the feature scale and the curse of dimensionality. Despite scaling the features, the
model’s performance is highly dependent on the optimal choice of k (number of neighbors), which
was fixed at k = 5 for this experiment. A more rigorous hyperparameter tuning could potentially
improve its results.

The high performance of the models suggests that the selected demographic variables
contain substantial information relevant to the binary urban—rural labeling task. At the same time,
the close relationship between the target definition and demographic composition should be
regarded as a methodological limitation. Although urban_ratio was excluded from the predictors,
the remaining demographic features are still closely related to the target construction; therefore,
the observed performance should be interpreted with caution.

Limitations of the research. This study has several limitations. First, the analysis relied on a
single-year dataset, restricting the model's ability to capture temporal dynamics and
generalizability. Second, although 5-fold stratified cross-validation was used as a robustness
check, the study did not include an independent external test set, leaving the generalizability of the
findings unconfirmed. Future studies should incorporate broader temporal coverage and
independent external validation.

Conclusion.

This study demonstrated the applicability of machine learning methods to the binary urban—
rural classification task using the selected demographic dataset. Based on demographic data, a
classifier was built and tested that showed high performance under the reported experimental
settings.

All evaluated models demonstrated high performance in the reported experiments. However,
the differences between Decision Tree, Random Forest, and KNN were limited, and the split-
specific perfect result obtained by Random Forest should not be interpreted as sufficient evidence
of clear overall superiority. Further validation on expanded datasets and independent test data is
needed before making strong comparative conclusions. Additionally, the study used unsupervised
learning methods to uncover hidden demographic structures. The identification of three distinct
clusters can facilitate targeted policy-making.

Future studies should include economic and infrastructure indicators and also examine more
advanced modeling approaches.
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JAEMOTI'PAOUAJIBIK JEPEKTEPT'E HET'I3JAEJITEH KASAKCTAH
AYMAKTAPDBIH KIKTEYI'E APHAJI'AH MAIINHAJIBIK OKbITY

Anoamna. Byn maxana 2024 scvinewr 0emozpaguansviy 0epekmep Hezizinoe Kasaxcman
ayo0anoapvii Jicikmey YuliH MAUWUHATLIK OKbIMY aleOpUmMMOepin Koa0anyobl 3epmmeyee
apHanean. 3epmmey 6APLICLIHOA WEWIM A2auibl, Ke30eUCOK OPMAH JicaHe k-dcakvin Kepuiiiep
(KNN) ancopummoepi xapacmuipoliovl. Onapoviy 0y Minoemmi weutyoei #oeapvl muimoinici
Kepceminoi. [lepexmepoi anodbin ana eHoeyee Kauia XaiKblHblY YaeciH ecenmey (urban_ratio) KipOi.
Ocvl ecenmey He2i3iHOe OUHAPABLIK MAKCAMMbl AUHLIMATLL KYpuliovl. bapnvlk yuw areopumm
YCHIHBLIZAH OKCNEPUMEHMMIK — JHCagoauiapoa xco2apvl OHIMOINIiK  kepcemmi. Moodenvoep
apacblHOazvl AUbIPMAWBLILIKIMAP WUAMALbL 000bL. Weuim agaubl, Ke30eucox opman sHcane KNN
meKxcepineen 0oaimoepoe CanbiCmulpManvl Kywimi dcakmapwin  Kepcemmi. Homuowcenep
oemozpauanvly Kepcemxiuimepee He2izoeleeH AyMAaKmulK HCIKmey YuliH MAUUHATbIK OKbIIY
a0icmepiniy aneyemin kepcemedi. [JeceHmeH, 0napobl MayOANEaAH MYMKIHOIKMED HCUBIHMBIZbIH
JHCOHE MaKcammuvl AUHbIMANLIHGL KYPY 20ICIiH ecKepe omuvlpuln myciHilipy kepek. K-means
KAacmepaey JHcaHe Hezizel KOMNOHEeHMMI Manday COHbIMeH Kamap ayoanHoap apacelHoa yul mypii
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demoepapusnviy npodureoi aHblIkmaosl, OY AUMAKMbIK AUbIPMAUUBLIBIKMAPObL AHBIK MYCIHY2e
MYMKIHOIK OepOi.

Tyiin ce30ep: mawuHanvlk OKbIMYy, icikmey, oOemozpagus, ypoawuzayus, Hezizel
KOMNOHeHmmepoi manoay, Kiacmepiey.

MAIIIMHHOE OBYUYEHUE JIJISI KJIACCU®UKAIIMA TEPPUTOPUIA
KA3AXCTAHA ITIO JEMOI'PA®OUYECKHUM JAHHBIM

Annomayun. Cmamovs noceéaueHa U3VYEHUI0 NPUMEHEHUSl AN20PUMMO8 MAWUHHO20
0byyenus ona knaccugpuxkayuu peeuonos Kazaxcmana c ucnonvzosanuem oemoecpaghuueckux
oannvix 3a 2024 200. B uccredosanuu paccmampu8aromcs aicopummsl Oepeéa peuleHuil,
caydatinozo neca u k-onuxcatiwux cocedeu (KNN). Onu Oemoncmpupyrom  8blCOKVIO
aghghexmuenocms 6 pewrenuu oannol 3aoayu. I[Ipedsapumenvras oopabomrka OAHHbLIX BKIIOUALA
pacuem 0onu 20poockozo Hacenenus (urban_ratio). Ha e2o ocnose b6vina nocmpoena 6unapHas
yenesas. nepemeHnuas. Bce mpu paccmompenHble  ancOpummvl  NOKA3AIU  BbICOKYIO
NPOU3800UMENbHOCMb 8 NPEeOCMABIeHHbIX IKCNEePUMEHMANbHbIX YCaosuax. Paznuuua medcoy
MoOenamu  OblIU  HE3HAYUMENbHbIMU: — 0epego  peuwleHuti, cayyaunviti jaec u KNN
NPOOEMOHCMPUPOBATU ~ CONOCMABUMO  CUNbHbIE — PEe3YIbmamvl  HA — NPOMECMUPOBAHHBIX
pazduenusx. Pesynomamul ykasviearom HA NOMEHYUAl Memoo08 MAWUHHO20 00yueHus O
MepPUMOPUAIbHOU Klaccuukayuu Ha ocHoge oemozpaguueckux nokazamenei. OOHAKO ux
cedyem uHmepnpemuposamy ¢ y4emom 8bloOpanHo20 Habopa NPU3HAKO8 U Cnocoda NOCMpPOEHUs
yenesoti nepementou. Takace c NOMOWBIO KIACMEPUIAYUU MEMOOOM K-CPeOHUX U AHAU3 2TIAGHBIX
KOMNOHEHMO8 6blAGUIU MPU DA3IUYHLIX OeMozpaghuyeckux npoguis cpedu panoHos, umo
obecneuusaem 6o/ee uemKkoe NOHUMAHUE PEeCUOHATIbHBIX PA3TUYULL.

Knrouesvie cnosa: mawunnoe obyuenue, kiaccugpuxayus, oemozpaghus, ypbauuzayus,
AHANU3 2TIABHBIX KOMNOHEHM, KIACMepu3ayusl.
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