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 This study aims to develop and validate a hybrid analytical framework for 

evaluating the influence of socio-economic factors on regional development. 

The framework combines correlation analysis, principal component analysis 

(PCA), and fuzzy inference modeling into a unified approach, applied to 2023 

data from the city of Taraz, Kazakhstan, covering 16 socio-economic 

indicators across demographic, economic, social, and industrial domains. The 

findings reveal that investments in fixed assets (r=0.8963 and q=0.000010), 

average monthly salary (r=0.8907 and q=0.000010), and retail trade (r=0.8885 

and q=0.000010) exert the strongest positive influence, while migration 

balance and manufacturing show weak or negative effects. The results 

demonstrate that the hybrid model offers more comprehensive insights 

compared to single-method approaches, validating its effectiveness in 

capturing complex and uncertain dependencies. Practically, the model 

provides policymakers with a robust decision-support tool for identifying 

priority areas, designing targeted strategies, and ensuring sustainable regional 

growth, with adaptability to other regions and datasets. 
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1. INTRODUCTION 

Hybrid data analysis models provide a powerful tool for studying and forecasting complex processes 

in various fields, especially in socio-economic research [1]-[3]. They combine several analysis methods, such 

as correlation analysis, principal component analysis (PCA) and fuzzy logic. This combination allows taking 

into account many factors and their interactions. In modern conditions, when the processes under study are 

becoming increasingly multifaceted and dynamic, hybrid models [4]-[6] are becoming indispensable for 

obtaining accurate and reliable conclusions. The objective of the study is to assess the influence of various 

socio-economic factors on key processes occurring in the region. For example, such indicators as population, 

employment, investment and crime rates [7], [8] have different impacts on economic and social processes. 

https://creativecommons.org/licenses/by-sa/4.0/
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However, their impact is not always direct and is subject to other factors. Traditional analysis methods, as a 

matter of fact, cannot fully take into account such complex dependencies, which implies that a mixed approach 

allows for the estimation of such interactions with greater precision based on quantitative and qualitative data 

processing. One of the significant advantages of hybrid models is that they have the ability to address nonlinear 

interdependencies among variables, which is essential in studying social and economic systems. In most cases, 

standard techniques such as linear regression cannot adequately address complex and multivariate 

interdependencies. In such situations, fuzzy logic methods become indispensable, as they model the 

uncertainties and ambiguities [9]-[11] that are often found in real data. 

The aim of this study is to create a hybrid model that can take into account all these aspects and allow 

for the analysis of factors influencing social and economic processes. Based on the stated objectives, the 

research seeks to answer the following questions: Which socio-economic factors have the most significant 

positive or negative impact on regional development processes? How effectively can the proposed hybrid 

model—combining correlation analysis, PCA, and fuzzy logic—identify and quantify these impacts compared 

to traditional analysis methods? Can the hybrid model be adapted for different regions to provide accurate 

predictions for decision-making in socio-economic planning? 

In line with these research questions, the study tests the following hypotheses: H1: the hybrid model 

allows for more accurate identification of significant socio-economic factors influencing regional development 

than single-method approaches. H2: investments in fixed assets, population size, and education-related 

indicators have a stronger positive influence on economic and social processes compared to other factors. H3: 

certain factors, such as high birth rates or specific industry outputs, may exert a negative influence on socio-

economic processes despite their apparent importance. 

In this work, we used correlation analysis to determine the dependencies between factors [12], [13] 

and processes, PCA to reduce the dimensionality of data [14], [15], and fuzzy logic [16]-[18] to model uncertain 

and complex relationships [19]. These methods were combined into a single model, which provided a complete 

picture of the influence of factors on socio-economic processes. Research by Tian et al. [20] presents a hybrid 

gray artificial neural network model for forecasting the volume of waste electrical and electronic equipment 

(WEEE) in 31 regions of China, and also conducted a socio-economic analysis of seven types of WEEE. The 

model showed the smallest errors compared with other methods and was the most suitable for forecasting some 

types of equipment in urban areas. The forecast indicates an increase in WEEE volumes by 2025, which 

requires the creation of additional recycling centers. The article highlights the importance of effective 

monitoring and collection systems for WEEE management. 

Research by Kumar [21] discusses the application of hybrid machine learning models to predict CO2 

emissions based on energy and socioeconomic data from 1960 to 2018. The proposed model, which combines 

PCA and machine learning, showed higher accuracy and efficiency compared to other methods, such as linear 

regression, random forest, RNN, and LSTM. The model achieved minimal error values and computation time. 

The study can help in developing measures to reduce and manage carbon emissions for decision-making at the 

policy and government levels. Research by Qian et al. [22] presents a systematic review of studies examining 

the relationship between area-level socioeconomic factors and suicide using spatial analysis methods. Of the 

58 included studies, more than half used methods that take into account spatial effects, such as Bayesian and 

regression models. The results showed that areas with high unemployment, low income, and low education 

levels have a higher risk of suicide. The study confirms that area-level socio-economic factors are associated 

with suicide risk, regardless of whether spatial methods were used. Based Kumar et al. [23], an improvement 

of the classical JAYA algorithm using the fractional order concept is proposed to improve the efficiency of 

renewable technologies. An intelligent system for assessing the impact of solar unpredictability, biomass 

planning, and optimizing techno-economic decisions is presented using a novel metaheuristic algorithm FO-

JAYA. Solutions for village electrification in Eastern India using hybrid renewable energy sources are 

investigated. The results show that the proposed algorithm reduces the energy cost compared to other methods, 

demonstrating better performance. 

The research is applicable in the sense that modern social and economic processes are characterized 

by a complex interdependence of their determinants which can change under the influence of internal and 

external factors. For example, demographic processes can be caused by migration, birth and death rates, 

economic status, and even access to employment and social services. At the same time, the impact of these 

factors is not linear and direct in numerous instances, which creates difficulties for quantitative modeling by 

traditional means. The use of fuzzy logic allows [24], [25] to model uncertainties and fuzzy boundaries, 

especially in situations where the data is incomplete or accurate, or when the influence of factors is 

multifaceted. The use of a hybrid model, including correlation analysis, the PCA and fuzzy models, provides 

a more complete and accurate picture of the analyzed processes based on a variety of data from various sources. 

This, in turn, allows us to develop more effective strategies for regional development, taking into account the 

influence of social, economic and production factors. 

 



                ISSN: 2302-9285 

Bulletin of Electr Eng & Inf, Vol. 15, No. 2, April 2026: 1866-1878 

1868 

2. METHOD 

For deep data analysis and identification of relationships between socio-economic factors and 

processes occurring in the region, both traditional statistical methods and modern computational approaches 

can be used [26], [27]. Among them are machine learning methods and deep data analysis [28]. In this study, 

various methods were employed, each playing a distinct role in the overall model. These methods enabled 

quantitative assessment, data dimensionality reduction, and accounting for uncertainties in the information. In 

Figure 1, the algorithm is a hybrid model for analyzing the influence of factors on processes in the economy, 

demography, and other areas. It includes several stages of data processing, from their standardization to the 

construction of a fuzzy logic model. The model combines dimensionality reduction methods (PCA) with fuzzy 

logic rules to assess the influence of each factor on specific processes. 

 

 

 
 

Figure 1. Hybrid model for analyzing the influence of factors on processes 
 

 

a. Step 1. Loading data. The loaded data represents a variety of factors reflecting various aspects of the 

processes. Included for analysis are demographic processes, such as population size, birth rate and 

migration balance; economic processes, including labor force, average monthly wage and investment in 

fixed capital; social processes, such as employment, registered crimes, number of marriages and cost of 

living; business and trade processes, including the number of schools, legal entities and retail trade; and 

industrial processes, such as industrial production, mining and manufacturing. 

b. Step 2. Data standardization. The data is normalized using the StandardScaler algorithm so that each factor 

has a zero mean and a unit standard deviation (1): 

 

𝑧𝑖𝑗 =
𝑥𝑖𝑗−𝜇𝑖𝑗

𝜎𝑖𝑗
 (1) 

 

where 𝑥𝑖𝑗  is value of the factor, 𝜇𝑖𝑗 is average value of the factor, and 𝜎𝑖𝑗 is standard deviation of the factor. 

c. Step 3. Calculating process indices. For each process, an average index is calculated based on the corresponding 

factors. This simplifies the analysis, allowing you to work with processes as separate entities (2): 

 

𝑃𝑝𝑟𝑜𝑐 =
1

𝑛𝑝𝑟𝑜𝑐
∑ 𝑧𝑖𝑗𝑖∈𝑝𝑟𝑜𝑐  (2) 

 

where 𝑃𝑝𝑟𝑜𝑐 is process index for year 𝑗, 𝑛𝑝𝑟𝑜𝑐 is number of factors in the process, and 𝑧𝑖𝑗  is standardized value 

of factor 𝑖 in year 𝑗. 

d. Step 4. Correlation analysis. Correlation coefficients are calculated for each factor and process index. 

Correlation helps to understand how each factor is related to the process. The correlation coefficient is 

calculated using (3): 
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𝜌𝑖,𝑝𝑟𝑜𝑐 =
𝐶𝑜𝑣 (𝑧𝑖,𝑃𝑝𝑟𝑜𝑐)

𝜎𝑧𝑖
𝜎𝑃𝑝𝑟𝑜𝑐

 (3) 

 

where 𝜌𝑖,𝑝𝑟𝑜𝑐 is correlation coefficient of factor 𝑖 with the process, 𝐶𝑜𝑣 (𝑧𝑖 , 𝑃𝑝𝑟𝑜𝑐) is covariance between factor 

and process index, and 𝜎𝑧𝑖
 and 𝜎𝑃𝑝𝑟𝑜𝑐 are standard deviations for the factor and process index, respectively. 

e. Step 5. PCA. PCA is used to reduce the dimensionality of the data. For each process, the first principal 

component is calculated, which is the combination of factors that explain the most significant portion of 

the variance in the data. The principal component PC1 is calculated as a linear combination of factors (4): 

 

𝑃𝐶1 = 𝑊𝑍 (4) 

 

where 𝑊 is the vector of weights (loadings) that determines the importance of each factor and 𝑍 is the 

standardized data. 

f. Step 6. Building a fuzzy logic model. Based on the results of the previous steps, a fuzzy logic model has 

been developed, serving as a key tool for assessing the impact of various factors on processes. The model 

uses three input variables: Z-score (standardized factor value), correlation (factor impact on the process), 

and principal component loading (PCA). In this step, a three-dimensional input vector is formed for each 

factor 𝑘, composed of the standardized value, correlation coefficient, and PCA loading (5): 

 

𝑥𝑘 = [𝑧𝑘 , 𝑟𝑘 , 𝑝𝑘] (5) 

 

where 𝑧𝑘 is the standardized value of factor 𝑘, 𝑟𝑘 is the correlation coefficient between factor 𝑘 and the process 

index, and 𝑝𝑘 is the loading of the first principal component associated with factor 𝑘. 

g. Step 7. Fuzzy logic rules. Membership functions are created for each input variable, and fuzzy rules are 

constructed to determine the final impact value. For example, if the Z-score is positive, correlation is 

positive, and PCA loading is high, the influence is assessed as positive. Using fuzzy logic rules, the 

influence score for each factor 𝑘 is estimated through an aggregation of fuzzy rule evaluations (6): 

 

𝑆𝑘 = ∑ 𝜔𝑟 ∙ 𝜇𝑟(𝑧𝑘 , 𝑟𝑘 , 𝑝𝑘)𝑅
𝑟=1  (6) 

 

where 𝑆𝑘 is the final influence score of factor 𝑘, 𝜇𝑟 is the result of the fuzzy membership function for rule 𝑟, 
𝜔𝑟 is the weight assigned to rule 𝑟, and 𝑅 is the total number of fuzzy rules in the rule base. 

h. Step 8. Factor impact assessment and visualization. The results are shown in heat maps and graphs. This 

enables the ranking of factors by their influence and the identification of the most significant drivers in 

regional socio-economic development. To facilitate comparison across processes, the final influence scores 

are linearly normalized to the range [0,1] (7): 

 

𝑆𝑘
∗ =

𝑆𝑘−min (𝑆)

max(𝑆)−min (𝑆)
 (7) 

 

where 𝑆𝑘
∗ is the normalized influence score for factor 𝑘, min (𝑆) and max(𝑆) are the minimum and maximum 

values among all raw influence scores 𝑆𝑘. 

This hybrid analysis enables an integrated and multidimensional understanding of factor interactions, 

facilitating simplified interpretation, informed decision-making, and the formulation of targeted regional 

development strategies. The complete workflow of the proposed model is summarized in  

Algorithm 1, which combines preprocessing, dimensionality reduction, and fuzzy reasoning into a 

reproducible, step-by-step procedure. 
 

Algorithm 1. Hybrid fuzzy-PCA model for factor impact evaluation 
Input: Dataset with socio-economic indicators for a region 

Output: Ranked influence scores of each factor on selected processes 

1: Load raw data (demographic, economic, social, trade indicators) 

2: Standardize data using Z-score normalization 

3: For each process (e.g., economy, demography): 

4: Identify relevant subset of indicators 

5: Compute average process index 

6: Calculate correlation between each factor and process index 

7: Apply PCA to reduce dimensionality 

8: Extract first principal component loading for each factor 

9: For each factor: 

10: Compute fuzzy input values: 

11: - Z-score value 

12: - Correlation coefficient 
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13: - PCA loading 

14: Apply fuzzy inference rules to estimate influence score 

15: Visualize results (heatmaps, bar charts, tables) 

 

In summary, the proposed hybrid method combines correlation analysis, PCA, and fuzzy inference 

modeling. This approach offers a solid framework for assessing how socio-economic factors affect regional 

processes. By integrating statistical normalization, reducing dimensionality, and using expert reasoning in 

sequence, the model captures both the numerical relationships and the qualitative aspects found in complex 

regional systems. The clear, step-by-step implementation guarantees reproducibility. Also, using easy-to-

understand metrics like influence scores improves the model's effectiveness in real-world policy situations. 

This thorough approach lays the groundwork for evaluating regional data, which is discussed in the next 

section. 

Before normalization, exploratory analysis of distributions (skewness, kurtosis, normality test) was 

performed, after which logarithmic stabilization (log1p) was applied for strictly positive and strongly skewed 

features (rule ∣skew∣>1|). Then, standardization by Z-score is applied to all features (8): 

 

𝑧𝑖𝑗 =
𝑥(𝑖𝑗)−𝜇𝑗

𝜎𝑗
 (8) 

 

This ensures comparability of scales and matches the z-score input with the membership functions of 

the fuzzy system. To analyze the factor-process index relationship, an adaptive correlation selection is used: 

Pearson if both variables are close to normal (D'Agostino test with p>0.05), otherwise Spearman. P-values are 

adjusted by FDR (Benjamini-Hochberg) (Table 1). 

 

 

Table 1. EDA summary and applied transformations (excerpt) 
Factor Skew Kurtosis p(normal) Transformation 

population_chislennost 1.905 3.245 0.0008 log1p 
gornodob_primyshlennost 1.757 3.289 0.0013 log1p 

obrabotka_proizvodstvo 1.441 2.328 0.0090 log1p 

prom_proizvodstvo 1.293 1.928 0.0209 log1p 

saldo_migratsii 1.151 0.661 0.0875 log1p 

investitsii_v_osnovnoi_kapital 1.144 0.922 0.0750 log1p 

srednemesyachnaya_zarplata 1.060 0.845 0.1024 log1p 
kol_vo_shkol 0.897 0.127 0.2434 — 

prozhitochnyi_minimum 0.891 0.239 0.2368 — 

zanyatoe_naselenie 0.605 −0.185 0.5223 — 

 

 

Before presenting the results of the correlation analysis, an assessment of the relationship between 

socio-economic indicators and target indicators of regional development was carried out. To identify 

significant factors, the Pearson correlation method was used, which allows one to assess the degree of linear 

dependence between variables. The main attention was paid to those indicators that potentially have the greatest 

impact on economic sustainability and the standard of living of the population. The most significant factors 

with high correlation coefficients and statistically significant q(FDR) values are listed (Table 2): 
 

 

Table 2. Significant socio-economic factors identified by Pearson correlation analysis 
Factor r q(FDR) Method 

investitsii_v_osnovnoi_kapital 0.8963 0.000010 Pearson 

srednemesyachnaya_zarplata 0.8907 0.000010 Pearson 

roznichnaya_torgovlya 0.8885 0.000010 Pearson 
prozhitochnyi_minimum 0.8647 0.000030 Pearson 

kol_vo_shkol 0.8411 0.000065 Pearson 

obrabotka_proizvodstvo 0.8401 0.000065 Pearson 

 

 

These results indicate a strong positive correlation between fixed capital investment, wage levels, 

retail volume and other key indicators. This allows us to conclude that these factors play a significant role in 

shaping the socio-economic climate and can be used as indicators for assessing the effectiveness of 

management decisions. In order to ensure the reliability of the analysis and interpretation of input data in the 

fuzzy system, a sequence of stages was implemented: exploratory data analysis (EDA), logarithmic 

stabilization of distributions, standardization of variables, and calculation of adaptive correlations with control 

of the false discovery rate (FDR). This sequence eliminates the risks associated with skewed distributions and 
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heteroscedasticity, thereby ensuring the correct interpretation of normalized ("z-transformed") inputs in 

subsequent fuzzy modeling. 

The choice of methods in the proposed hybrid model is based not only on their technical efficiency 

but also on their ability to adequately reflect the specific characteristics of socio-economic data. Correlation 

analysis is employed as the first stage because it enables the rapid identification of the strength and direction 

of linear relationships between indicators. In socio-economic systems, where many variables may be 

interrelated, this step helps select the most relevant factors and exclude those with minimal contribution, 

thereby increasing the informativeness of the subsequent analysis. 

PCA is applied to reduce dimensionality and eliminate multicollinearity among features, which is 

particularly important when many socio-economic indicators exhibit similar trends. PCA aggregates the 

original variables into new components while retaining most of the original information, reducing noise and 

improving the robustness of subsequent computations. Fuzzy logic is a key element of the model because socio-

economic data are often accompanied by uncertainty, incompleteness, and blurred boundaries between 

categories. For example, the influence of a factor cannot always be strictly classified as “high” or “low” — in 

practice, there are intermediate states. Fuzzy logic allows such vague concepts to be formalized and integrates 

both quantitative and qualitative indicators, enabling a more flexible and realistic assessment of factor influence 

compared to traditional crisp methods. 

 

 

3. RESULTS 

The study conducted a hybrid analysis of the impact of socio-economic factors on key processes 

occurring in the region. The data used for the analysis included demographic, economic, social and business 

indicators of the region, such as population, average monthly wage, investment in fixed assets and many other 

factors. The analysis was aimed at determining the contribution of each factor to the processes of regional 

development, as well as identifying both positive and negative impacts. The structure of the present columns 

of factors in the data set reflects a variety of socio-economic and demographic indicators. The population at 

year-end is one of the prominent factors, which presents up-to-date information on the demographic pattern in 

the region. Data on the overall population, and also separately for women and men, are also taken into account, 

allowing for more detailed analysis of demographic change and social processes.  

Demographic indicators are supplemented by such important data as birth and mortality rates, which 

allows for analysis of natural population growth. This data allows for assessment of long-term demographic 

trends and identification of possible changes in the population structure. Apart from that, signs of marriage are 

also taken into consideration, like the incidence of marriages and divorces and the marriage rate, which 

represents social change in society. Migration processes are presented through the migration balance, and signs 

of arrivals and departures, which allow us to find out how attractive the area is for habitation and employment. 

Infrastructure and educational characteristics are reflected by the number of schools, colleges, universities and 

students, reflecting the quality and level of accessibility of education within the region.  

Economic characteristics are reflected by cost of living, labor force, employment, and employed 

workers, self-employed and unemployed data. These figures add to assessing the state of the labor market and 

standard of living of the populace. There are statistics as well related to the average nominal monthly salary 

and minimum salary, which is an important indicator assessing the prosperity of the region economy. 

Investment indicators are characterized by a scale of investment volume in fixed capital and the physical scale 

of investment volume, which makes it possible to assess regional economic activity. The amount of registered 

and functioning legal entities is the situation of business activity, and R&D spending data make it possible to 

approximate the level of innovative.  

Production measures comprise levels of industrial production, and the share of the region in total 

production. Manufacturing, mining, food production, beverages, chemical and light industries are all covered 

by the data, and this allows us to establish the contribution of various industries to the regional economy. 

Agriculture is represented by statistics on gross output, crop production, livestock rearing, crop yields and the 

livestock and poultry numbers. These indicators are part of the analysis of the regional economy's agricultural 

sector. The construction sector is also covered by indicators of the volume of completed construction and the 

total area of residential buildings commissioned. Financial and trade aspects are covered by data on fixed assets 

in the economy and the volume of retail trade. All these indicators provide for the thorough examination of 

economic and social processes in the region. 

To check the hybrid analysis, data for the city of Taraz for 2023 were used, including various socio-

economic indicators seen in Table 3. The data included such parameters as number of population (431,192), 

birth rate (8,826), migration balance (2,375), number of the labor force (202,900 people), average monthly 

wage (2,658,658 tenge), investment in fixed capital (1,646,258 tenge), number of employed individuals 

(192,900 people), number of committed crimes (2,476), number of marriages (2,762), subsistence minimum 

(43,344 tenge), number of schools (106), number of active legal entities (6,341), volume of retail trade 
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(362,050.98 tenge), volume of industrial production (462,704.68 tenge), mining (683.3 tenge), and production 

in manufacturing (371,229.9 tenge). 
 
 

Table 3. Test data 
Year 2023 

Population size 431192 
Birth rate 8826 

Migration balance 2375 

Labor force 202.9 
Average monthly salary 2 658 658 

Investments in fixed capital 1 646 258 

Employed population 192.9 
Registered crimes 2476 

Number of marriages 2762 

Living wage 43344 
Number of schools 106 

Number of legal entities 6341 

Retail trade 362050.98 
Industrial production 462704.68 

Mining industry 683,3 

Processing industry 371229.9 

 
 

The Figure 2 illustrates a comparative analysis of how different factors influence four major processes: 

demographic, economic, social, and industrial. Each line represents one process, allowing us to track the 

dynamics of factor influence across multiple domains simultaneously. The x-axis contains the full list of 

factors, while the y-axis shows their corresponding influence scores. This visualization enables a holistic view, 

making it easier to identify both common trends and process-specific differences. 
 

 

 
 

Figure 2. Comparison of factor influence across processes 
 
 

As the chart demonstrates, certain factors, such as population size, average monthly salary, and 

investments in fixed assets, have consistently strong influence across all processes, confirming their role as 

universal drivers of systemic development. In contrast, factors like migration balance and registered crimes 

exhibit relatively low or unstable impact, indicating their more localized or short-term effects. From a 

comparative perspective, the demographic and economic processes show the most stable and aligned patterns, 

while the social process demonstrates higher variability across factors. The industrial process stands out due to 

the presence of both strongly positive and negative influences, suggesting structural imbalances within 

production-related indicators. 
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The joint representation on a single graph highlights three main insights: 

- Cross-process consistency: several core factors maintain high influence across all domains. 

- Process-specific sensitivity: certain indicators have impact only within individual processes. 

- Systemic imbalances: negative or fluctuating values in Social and Industrial domains require deeper 

examination. 

This comparative analysis provides a clearer understanding of which factors serve as universal growth 

drivers and which act as weak links, helping to identify priority areas for targeted policy and management 

decisions. 

The Figure 3 visualizes the quantitative influence of 16 socio-economic factors on four processes: 

demographic, economic, social, and industrial. The values range from -1.04 to 3.44, where positive scores 

reflect strengthening effects and negative scores indicate weakening or destabilizing impacts. The graphical 

representation allows us to compare not only the overall level of influence but also its distribution across 

different domains. Particular attention was paid to the highest and lowest influence scores, since they reveal 

the most critical drivers and vulnerabilities of regional development. 
 

 

 
 

Figure 3. Heatmap of factor influence on processes 
 
 

As the heatmap demonstrates, the strongest positive influence is observed for factors such as 

investments in fixed assets (3.44), number of schools (3.44), and minimum cost of living (3.44), which remain 

consistently high across multiple processes. Similarly, average monthly salary (3.31) and retail trade (3.01) 

also show stable significance, confirming their role as systemic drivers of socio-economic stability. At the same 

time, some factors reveal negative or unstable effects. For example, migration balance (-0.07 to +0.67) and 

manufacturing industry (-1.04) display weak or even inverse influence, especially within the social and 

industrial processes. This suggests that while core socio-economic indicators drive development uniformly, 

sectoral indicators can highlight structural risks and imbalances. 

Overall, three important conclusions can be drawn: 

- High-impact factors (investments, education, and salaries) demonstrate strong cross-process influence, with 

scores consistently above 3.0. 

- Moderate factors (retail, employment, and population size) fluctuate around 2.5–3.0, indicating stable but 

not dominant roles. 

- Low or negative factors (migration balance and manufacturing) remain below 1.0, showing weak or 

destabilizing effects that require deeper examination. 

Numerical analysis reveals variations in the influence indices of the socioeconomic factors under 

consideration. Population size, average monthly wage, fixed capital investment, and educational infrastructure 

consistently demonstrated higher positive influence indices across demographic, economic, social, and 

business processes. Birth rate, labor force size, and mining output demonstrated negative or relatively low 

influence indices across several process categories. The distribution of influence indices reflects differences in 

the intensity of factor contributions within the analyzed regional system. The hybrid analytical framework 

combines correlation coefficients, principal component loadings, and fuzzy inference results to generate 

normalized influence indices for each factor. During model implementation, preprocessing parameters, 
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including standardization coefficients and principal component loadings, were maintained to ensure consistent 

application of the procedure to new input data. The computational pipeline allows for repeated model runs 

without recalculating transformation parameters, as previously estimated scaling and dimensionality reduction 

components are reused. This ensures methodological consistency when analyzing additional datasets in the 

same configuration. 

 

 

4. DISCUSSION 

The results of this study confirm the effectiveness of a hybrid analytical framework that integrates 

correlation analysis, PCA, and fuzzy inference in evaluating the influence of socio-economic factors on 

regional development. Compared to traditional single-method approaches, the hybrid model provides a more 

comprehensive view of complex, nonlinear, and uncertain relationships between indicators. 

First, the correlation analysis stage revealed strong linear dependencies between key socio-economic 

indicators and target processes. For example, investments in fixed assets (r=0.8963 and q=0.000010), average 

monthly salary (r=0.8907 and q=0.000010), and retail trade (r=0.8885 and q=0.000010) were found to be the 

most influential factors. These findings are consistent with earlier studies that highlighted the role of investment 

and income in ensuring sustainable socio-economic growth [7], [8]. At the same time, factors such as migration 

balance and manufacturing industry demonstrated weak or even negative correlations, underscoring the 

existence of structural imbalances that require further investigation. 

Second, the application of PCA allowed for dimensionality reduction and elimination of 

multicollinearity among variables. This step aggregated correlated indicators into principal components, 

enabling the identification of the most significant contributors without losing essential variance in the dataset. 

Similar applications of PCA in socio-economic modeling have demonstrated its robustness in handling high-

dimensional data and improving prediction accuracy [12]-[15]. 

Third, the fuzzy inference system provided a flexible mechanism for capturing the uncertainty and 

vagueness inherent in socio-economic datasets. Unlike crisp models that classify factor influence as strictly 

“high” or “low,” fuzzy logic accommodated intermediate states and enabled a nuanced interpretation of factor 

impacts. This approach resonates with other works applying fuzzy methods in economics and decision-making, 

where uncertainty and partial knowledge dominate [14], [19], [24], [25]. 

The visualizations presented in Figures 2 and 3 reinforced these conclusions. The line chart 

demonstrated that factors such as population size, average monthly salary, and Investments in fixed assets 

maintain consistently high influence across demographic, economic, social, and industrial processes, 

positioning them as universal drivers of systemic development. In contrast, the heatmap highlighted process-

specific sensitivities, revealing that while education-related indicators (e.g., number of schools) have cross-

cutting effects, industrial outputs are prone to negative fluctuations, signaling sectoral vulnerabilities. 

Comparatively, the hybrid model aligns with recent research where integrated approaches outperformed 

classical regression or machine learning models in socio-economic forecasting [20]-[23]. Studies in energy 

planning, waste management, and CO₂ emissions prediction similarly emphasized that hybrid methods enhance 

accuracy and interpretability, bridging the gap between statistical rigor and real-world applicability. 

Overall, this discussion underscores three main insights: 

a. Universal growth drivers: investments, education, and wage levels consistently demonstrate strong positive 

effects across domains. 

b. Process-specific variation: demographic and economic processes exhibit stable trends, whereas social and 

industrial processes show higher variability. 

c. Structural imbalances: weak or negative influence of factors such as migration and industrial outputs 

indicates areas requiring targeted policy interventions. 

These findings validate the potential of the hybrid fuzzy-PCA approach as a decision-support tool for regional 

planners and policymakers, offering both methodological robustness and practical applicability. 

 

4.1.  Limitations and future work 

While the proposed hybrid fuzzy-PCA model has shown effectiveness in analyzing socio-economic 

factors that affect regional development, it has some limitations that need to be recognized. First, the quality 

and scope of the input data limit the model's accuracy and how well it can be applied generally. The analysis 

used aggregated annual data for the city of Taraz, which might overlook yearly trends and differences across 

various districts or population groups. More detailed data, like monthly statistics or broken-down indicators by 

age, sector, or location, could improve the model's sensitivity and allow for detailed diagnostics. Second, the 

model assumes that relationships between factors and outcomes are linear. This might not fully reflect the 

complex, nonlinear interactions at play. While using fuzzy logic provides some flexibility and clarity, it could 

be further improved by adding techniques like nonlinear dimensionality reduction, such as t-SNE or UMAP, 
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or by using hybrid neuro-fuzzy systems. Third, the current study is limited to a single region, Taraz. Although 

the method can be adjusted, its effectiveness in different regions, socio-economic situations, or countries hasn't 

been tested. Applying the model in various geographic areas and administrative units would help verify its 

reliability and make it more useful for national planning and policy development. Additionally, the model does 

not currently account for changes over time or forecasting abilities, which are important for planning and 

evaluating long-term policy effects. Future research should look into combining time series models or recurrent 

neural networks to enable trend analysis and predict regional outcomes under different policy scenarios. Lastly, 

the model now relies on fuzzy rules and membership functions set by experts. While these are easy to 

understand, they can bring in subjective bias. Future versions could improve by using data-driven methods to 

create fuzzy rules or by incorporating adaptive learning to optimize inference parameters based on past 

outcomes. In future research, attention should focus on: 

- Expanding the dataset with better spatial and temporal detail. 

- Comparing the hybrid model's performance with other methods, like AHP, neural networks, and regression 

trees. 

- Improving the automation of fuzzy rule tuning through machine learning. 

- Applying the model in other regions of Kazakhstan and globally. 

- Developing a web-based or GIS-integrated decision support system based on the model framework. 

Addressing these areas will help create a more reliable, dynamic, and broadly useful decision-making tool for 

regional planning and socio-economic policy evaluation. 

 

 

5. CONCLUSION 

This study proposed and applied a hybrid analytical framework integrating correlation analysis, PCA, 

and fuzzy inference to evaluate the influence of socio-economic factors on regional development processes. 

The model enables a multidimensional assessment by combining statistical relationships with fuzzy reasoning, 

thereby producing structured influence scores for each factor. The results confirm the applicability of the 

proposed hybrid approach for analyzing complex socio-economic systems characterized by multivariate 

dependencies and uncertainty. 

The developed methodology demonstrates reproducibility and adaptability, allowing consistent 

application to regional datasets under unified preprocessing and modeling procedures. In this sense, the 

framework contributes to methodological advancement in regional socio-economic analysis by offering an 

integrated and systematic evaluation tool suitable for data-driven assessment and comparative regional studies. 

At the same time, the present study has several limitations, including the use of aggregated annual 

data, the focus on a single region, and the dependence on expert-defined fuzzy rules. Therefore, future research 

should focus on extending the dataset with greater spatial and temporal detail, validating the framework across 

different regions, and improving the automation of fuzzy rule tuning through data-driven methods. In addition, 

the integration of forecasting components and GIS- or web-based decision-support tools may further increase 

the practical value of the proposed framework for regional planning and socio-economic policy evaluation. 
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