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Abstract 

Background: Kazakhstan’s railway network exhibits substantial spatial heterogeneity, lim-

iting the effectiveness of uniform freight management strategies and necessitating differ-

entiated analytical approaches to regional transport planning. This study aims to develop 

a spatially constrained clustering model for railway freight management based on the 

economic, infrastructural, and operational characteristics of the regions served by KTZh—

Freight Transportation LLP. Methods: The proposed methodology integrates principal 

component analysis (PCA) with a minimum spanning tree (MST) algorithm under railway 

connectivity constraints. A dataset comprising 20 standardized indicators for 17 regions 

of Kazakhstan was analyzed. Results: PCA reduced the original variable space to five prin-

cipal components, explaining 77.9% of the cumulative variance. Cluster validity was con-

firmed using the Elbow, Silhouette, and Calinski–Harabasz indices, resulting in the iden-

tification of six spatially connected transport clusters with distinct functional profiles. The 

clusters revealed significant regional differences in freight generation, logistics infrastruc-

ture, transit potential, and investment characteristics. Conclusions: The proposed frame-

work provides an evidence-based analytical tool for railway freight management, infra-

structure planning, and the prioritization of regional development strategies while ac-

counting for spatial connectivity constraints. 

Keywords: transportation process; rail transport; transport clusters; PCA; MST; spatial 

clustering 

 

1. Introduction 

The territorial length and export and raw material economic profile of the Republic 

of Kazakhstan determine the strategic importance of the railway network. The efficiency 

of the transportation process significantly affects the stability of the national economy, 

since the network acts as the basis both for maintaining domestic supply chains and for 

integrating the domestic market into world trade. At the same time, the operational man-

agement of the transport system operates within the strict boundaries of industry legisla-

tion and rules for transportation and technical operation [1–3]. Such a framework restrains 

extensive network expansion, which requires searching for internal infrastructure re-

serves. In this context, the development of the railway sector can use political, business 
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and operational factors to improve efficiency [4]. However, the implementation of such 

strategies is complicated by pronounced regional and infrastructural imbalances, which 

lead to uneven loading of transport hubs and act as a barrier to inclusive economic 

growth. In the context of such spatial heterogeneity of cargo flows, traditional planning 

methods are not effective enough, which necessitates the use of spatial modeling methods. 

In this regard, the coordination of transport accessibility with the socio-economic indica-

tors of the regions is becoming an important condition for minimizing logistics costs and 

increasing the overall technical efficiency of railway operators. 

Within the framework of this methodological approach, the spatial organization of 

transport systems is considered as a complex of interconnected nodes [5], the analysis of 

which through clustering acts as an effective tool for identifying infrastructure imbalances 

[6]. The observed tendency towards power concentration at strategically important points 

determines the feasibility of using network analysis to identify hidden topological char-

acteristics of the system [7,8]. Moreover, the definition of efficiency drivers within busi-

ness clusters forms the basis for the integration of macroeconomic indicators in the trans-

portation management model [9]. This approach is organically complemented by cluster-

ing methods, which provide deep segmentation of heterogeneous cargo flows and make 

it possible to objectively assess the significance of specific network nodes [10]. In sum-

mary, spatial analysis provides a solid foundation for transitioning from descriptive lo-

gistics models to proactive planning tools. 

The development of spatial modeling methods is naturally based on graph theory, 

mathematical modeling and software, which makes it possible to maintain the stability of 

the transport network under dynamic changes in demand [11]. Such approaches provide 

the necessary routing flexibility [12] aimed at minimizing total logistics costs [13]. Among 

these mathematical tools, minimum spanning tree (MST) search algorithms are of partic-

ular practical value for optimizing the topology of the transport network. They allow you 

to design the configuration of the links so that the total network resistance, expressed in 

terms of the weights of the edges of the graph, is minimal. The validity of the application 

of the MST algorithm is supported by its ability to maintain stability of solutions in con-

ditions of uncertainty, and makes it possible to form a reliable architecture of internal lo-

gistics links [14,15]. 

Unlike conventional k-means and hierarchical clustering methods, the proposed 

framework incorporates the physical railway connectivity constraint through the mini-

mum spanning tree (MST), preventing the formation of geographically disconnected clus-

ters. In contrast to existing railway corridor classification approaches, the proposed model 

simultaneously integrates economic, infrastructural, and transport-operational indicators 

within a unified PCA-based dimensionality reduction framework [16,17]. The proposed 

methodology therefore provides an analytically consistent basis for identifying function-

ally specialized regional railway freight clusters that can support differentiated railway 

freight management in Kazakhstan. An additional barrier is the lack of universal mecha-

nisms for integrating economic, infrastructure and operational metrics into the clustering 

process. Despite the reasonable effectiveness of geospatial multicomponent systems [18], 

their introduction into the production activities of KTZh—Freight Transport LLP necessi-

tates the formation of an adapted methodological approach. 

However, despite these advances, an important methodological problem remains 

unresolved. Existing studies do not provide a unified framework that simultaneously in-

tegrates economic, infrastructural, and operational characteristics of railway regions 

while preserving the spatial connectivity of the railway network. As a result, regional 

freight management often relies on administrative boundaries or isolated performance 

indicators, which may not adequately reflect the functional structure of the railway sys-

tem. Consequently, there is a need for a spatially constrained clustering model capable of 

https://doi.org/10.3390/logistics10080179


Logistics 2026, 10, 179 3 of 17 
 

https://doi.org/10.3390/logistics10080179 

identifying functionally homogeneous railway regions and supporting evidence-based 

freight management decisions under real network connectivity constraints. 

Despite the growing application of PCA, graph-based methods, and clustering tech-

niques in transport research, existing studies generally analyze economic, infrastructural, 

or operational characteristics separately or ignore the physical topology of railway net-

works. Consequently, there is still no methodological framework that integrates multivar-

iate regional indicators with railway connectivity constraints to identify functionally ho-

mogeneous freight regions in Kazakhstan. This research gap limits the applicability of 

existing clustering approaches for evidence-based railway freight management. 

Based on the identified research problem, the objective of this study is to develop a 

spatially constrained PCA–MST-based clustering model for railway freight management 

in Kazakhstan. The proposed framework integrates economic, infrastructural, and opera-

tional indicators with railway network connectivity to identify functionally homogeneous 

transport regions that can support differentiated planning and resource allocation. The 

scientific novelty of the study lies in combining principal component analysis with a rail-

way connectivity-constrained minimum spanning tree to construct spatially coherent 

transport clusters for decision support [19,20]. 

The scientific novelty of this study lies in the following contributions: 

­ Integration of PCA and MST within a spatially constrained clustering framework; 

­ Incorporation of railway network connectivity into the clustering procedure; 

­ Simultaneous analysis of economic, infrastructural, and operational regional indica-

tors; 

­ Development of a methodological framework for regional railway freight manage-

ment in Kazakhstan. 

2. Materials and Methods 

The transition to spatial management necessitates the formalization of the parame-

ters of the transport system. In this study, the railway network of the Republic of Kazakh-

stan is conceptualized as a complex spatial structure, mathematically represented as a 

weighted undirected graph G = (V, E) [5,21]. This representation enables the evaluation of 

railway network connectivity rather than isolated station characteristics. The set of verti-

ces (V) represents cargo-forming regions, and the set of edges (E) represents railroad 

tracks. For the purposes of spatial clustering, the railway network is represented as a con-

nected weighted undirected graph. Although railway operations involve directional train 

movements, the graph used in this study represents only the physical connectivity be-

tween neighboring regions. Therefore, the existence of a railway connection between two 

adjacent regions is treated as a symmetric relation, which satisfies the assumptions of the 

minimum spanning tree (MST) algorithm. 

The regional railway network was represented as a connected weighted undirected 

graph, where an edge was established between two regions if at least one direct railway 

connection existed between them. When multiple railway lines connected the same pair 

of regions, they were represented by a single edge in the adjacency matrix, thereby pre-

serving only the existence of physical connectivity rather than the number of parallel 

routes. 

Vertices correspond to the 17 administrative regions included in the analysis, while 

an edge exists only if two regions are directly connected by the railway network. The 

weight of each admissible edge is defined as the Euclidean distance between the corre-

sponding regional observations in the reduced PCA feature space. The railway adjacency 

matrix is then used to constrain the set of admissible edges during MST construction, en-

suring that the minimum spanning tree is built only over physically existing railway con-

nections. 
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Although railway operations involve directional train movements, the graph 

adopted in this study represents only the physical connectivity of the railway network. 

Therefore, railway connections are treated as symmetric, satisfying the assumptions of the 

minimum spanning tree algorithm. Since the network topology is the primary factor de-

termining the route configuration and logistics costs, the proposed graph model takes into 

account the operational limitations of the infrastructure of KTZh—Freight Transportation 

LLP. 

The empirical base of the study was an array of data for the period 2022–2024, formed 

on the basis of the registers of the Bureau of National Statistics, the Ministry of Transport 

of the Republic of Kazakhstan and corporate reporting of the national operator [22–24]. 

Data were grouped into three interrelated analytical blocks. 

The dataset covers the period 2022–2024; however, each region is represented by a 

single observation composed of the most recent available value or an aggregated indicator 

(e.g., average annual growth rates) depending on the nature of the variable. This approach 

ensured temporal comparability while avoiding duplication of regional observations in 

the PCA dataset. 

The first, the economic block, determines the macroeconomic potential of cargo for-

mation in each region (Table 1). The spatial units of analysis correspond to the 17 admin-

istrative regions of Kazakhstan, representing the official territorial level for which con-

sistent economic, infrastructural, and transport statistics are available. Major urban freight 

nodes, including Astana, Almaty, and Shymkent, were not treated as separate observa-

tions. Instead, their economic and transport characteristics are incorporated into the cor-

responding regional statistics published by the official national statistical sources, ensur-

ing consistency and comparability across all spatial units. This aggregation approach 

avoids inconsistencies associated with combining regional and city-level observations 

within the same multivariate dataset. 

Table 1. Economic block of the database. 
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Abay Region 5,087,752.9 43.5 10.3 7.9 4.0 20.6 96.8 

Akmola region 22,705,137.7 19.8 4.6 8.4 12.7 23.6 44.8 

Aktobe region 7,548,720.3 42.1 6.1 6.9 7.4 14.0 42.6 

Almaty region 38,647,788.6 11.6 2.2 4.5 11.0 16.0 23.3 

Atyrau region 25,487,683.6 47.4 0.6 6.8 3.5 9.6 3.0 

East Kazakhstan region 7,463,228.5 46.8 7.9 7.1 2.6 11.7 47.2 

Zhambyl region 4,950,019.6 22.0 12.4 9.5 13.2 10.6 50.1 

Zhetysu Region 2,987,727.0 12.0 17.4 16.0 7.2 40.3 111.2 

Karaganda region 14,158,822.4 53.0 3.8 6.0 3.4 16.6 144.1 

Kostanay region 7,437,694.9 39.5 12.3 6.2 5.5 9.9 36.6 

Kyzylorda region 4,137,287.1 27.8 6.3 8.4 9.5 16.4 25.9 

Mangystau region 6,916,229.9 49.3 0.7 7.8 8.5 19.6 35.3 

North Kazakhstan region 4,055,197.1 19.0 26.6 6.8 7.4 25.9 87.5 

Pavlodar region 8,248,173.8 49.2 6.4 6.4 4.7 6.4 56.1 

Turkestan region 12,811,701.2 19.7 9.7 8.8 8.3 10.0 59.4 
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Ulytau Region 3,887,335.3 73.7 2.4 5.2 4.0 8.8 −6.4 

West Kazakhstan region 7,350,415.9 53.2 4.6 6.5 3.6 13.4 5.0 

The second, the infrastructure block, reveals the physical capabilities of the railway 

network to meet logistical demand (Table 2). 

Table 2. Database infrastructure unit. 
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Abay Region 802.8 0.004 1 1 0.0024 0 9 81 27 7 7 

Akmola region 1565.8 0.011 0 2 0.0028 76,839 543 264 98 17 12 

Aktobe region 1817.3 0.006 2 1 0.0034 41,031 25 44 30 4 1 

Almaty region 510.0 0.005 0 1 0.0008 489,427 109 148 255 47 26 

Atyrau region 742.3 0.006 1 1 0.0026 36,560 0 80 54 7 1 

East Kazakhstan region 424.9 0.004 0 1 0.0016 12,311 130 17 119 133 9 

Zhambyl region 1029.1 0.007 1 0 0.0025 8825 65 27 15 0 22 

Zhetysu Region 872.6 0.007 2 1 0.0030 2520 20 58 25 0 6 

Karaganda region 1677.0 0.007 0 0 0.0032 7035 23 178 35 212 11 

Kostanay region 1272.2 0.006 3 1 0.0032 36,370 177 47 9 16 1 

Kyzylorda region 870.9 0.004 0 1 0.0020 33,643 16 32 22 0 2 

Mangystau region 1096.6 0.007 4 1 0.0031 13,728 18 83 45 2 0 

North Kazakhstan re-

gion 
618.7 0.006 1 0 0.0027 0 85 14 9 0 6 

Pavlodar region 766.0 0.006 1 1 0.0025 18,020 86 133 36 4 1 

Turkestan region 551.6 0.024 2 2 0.0009 48,825 0 87 41 17 0 

Ulytau Region 795.9 0.041 0 0 0.0039 0 0 0 2 0 0 

West Kazakhstan region 424.9 0.027 1 1 0.0013 9028 1 96 61 0 10 

The third, the transport and operational unit, reflects the actual performance of the 

railway network (Table 3). 

Table 3. Transport and operational block of the database. 

Region 
Freight Turnover, 

mln t-km 

Average Annual 

Growth Rate of 

Freight Turnover, % 

Average 

Transporta-

tion Dis-

tance, km 

Freight Traffic 

Intensity, mln 

tkm/km 

Foreign Trade Bal-

ance Ratio in Physi-

cal Terms 

Abay Region 12,919.32 11.32 825.35 16.09 0.629 

Akmola region 62,907.05 12.55 827.00 40.18 0.470 

Aktobe region 31,599.89 0.89 825.64 17.39 0.338 

Almaty region 1,792,068 −10.36 827.65 35.14 −0.055 

Atyrau region 15,883.02 7.39 769.77 21.40 0.981 

East Kazakhstan region 5860.61 −13.56 825.94 13.79 −0.484 

Zhambyl region 23,771.41 −4.64 827.24 23.10 0.463 

Zhetysu Region 7162.22 9.42 822.52 8.21 −0.827 
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Karaganda region 29,832.20 7.75 799.63 17.79 0.756 

Kostanay region 23,456.58 1.12 848.38 18.44 0.713 

Kyzylorda region 19,187.04 3.64 826.29 22.03 0.823 

Mangystau region 14,991.24 −3.20 764.47 13.67 0.869 

North Kazakhstan re-

gion 
6649.12 −11.51 824.96 10.75 0.215 

Pavlodar region 24,041.16 16.64 515.57 31.39 0.891 

Turkestan region 14,186.02 7.37 644.03 25.72 −0.083 

Ulytau Region 8175.75 −13.91 824.64 10.27 0.840 

West Kazakhstan re-

gion 
4244.24 −5.74 825.42 9.99 0.828 

During the preparation of the array, the initial set of 23 variables was optimized to 

20 key figures by aggregating warehouse capacity data. It can be assumed that this aggre-

gation reduces information redundancy and facilitates subsequent multivariate analysis 

while preserving the main characteristics of the original dataset. 

Given the sensitivity of clustering algorithms to the scale of measurements, the direct 

use of different-sized indicators is recognized as methodically incorrect. To prevent dis-

tortion of the results, the initial array was standardized by the z-score method (Standard 

Score); as a result, all metrics are reduced to a single scale with zero mathematical expec-

tation and a single standard deviation [25]. 

The formed matrix of variables is characterized by a high degree of multicollinearity. 

The use of arrays with a similar structure in clustering algorithms probably leads to dis-

tortion of the results [25]. 

To eliminate this problem, the Principal Component Analysis (PCA) method is used, 

which converts a set of correlated features into an abbreviated system of orthogonal, in-

dependent factors [26,27]. The method involves calculating the covariance matrix with the 

calculation of its eigenvectors and numbers. Vectors determine the direction of new axes 

in a multidimensional space with maximum variance, and eigenvalues reflect the amount 

of information explained [28]. The identified principal components (PCs) become new in-

terpretable metrics for subsequent clustering. 

During PCA, the optimal number of PCs is determined, since excessive reduction in 

dimension can lead to loss of significant data. For verification, the Kaiser criterion is used, 

which assumes the retention of factors with eigenvalues λ > 1 [27], and the analysis of the 

scree plot graph, which makes it possible to identify the point of structural inflection after 

which the contribution of the remaining components is recognized as information noise 

[27]. The threshold for the cumulative explained variance is set at least 70%, which is suf-

ficient for social and economic research [27]. 

Since the initial extraction of the main components often forms a complex matrix of 

factor loads that makes it difficult to interpret latent variables, the method of orthogonal 

rotation of the Varimax axes was used [27,29]. This method maximizes the variance of 

squared factor loadings within each component, approximating the values of correlations 

of initial variables with factors to extremes [28]. Varimax rotation was applied to improve 

the interpretability of the principal components by achieving a simpler loading structure. 

The next step is to cluster the vertices (regions) based on the resulting principal com-

ponents. To prevent the formation of geographically disparate clusters, a binary matrix of 

railway connectivity is integrated into the model. It establishes a limitation: the unification 

of regions into a single cluster is allowed if there is a direct railway connection. This ap-

proach allows you to analyze real material flows, and not abstract Euclidean distances 

between administrative units. 
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The central segmentation tool is the Minimum Spanning Tree (MST) algorithm. Stud-

ies confirm that MST-based algorithms provide high computational efficiency and natural 

representation of data when clustering spatial networks [30]. The integration of backbone 

weight constraints into the spanning tree structure contributes to the accurate identifica-

tion of stable transport systems under uncertainty [30,31]. 

The operation of the algorithm is an iterative dividing process. First, the weights of 

all possible edges of the graph are calculated, where the Euclidean metric in the space of 

previously allocated main components acts as a measure of distance. Then, the algorithm 

forms a single connected network with a minimum total mass of edges [32]. The final 

transport clusters are distinguished by removing a predetermined number of the heaviest 

edges of the spanning tree [32]. 

Algorithms based on the minimum spanning tree (MST) have high sensitivity to 

starting parameters, which necessitates objective mathematical verification of the optimal 

number of clusters (k). Exclusively heuristic determination of this parameter with a high 

probability leads to excessive generalization or unreasonable fragmentation of the 

transport network. 

To support the selection of an appropriate clustering solution, three complementary 

cluster validation criteria were applied: the Elbow method, the Silhouette coefficient, and 

the Calinski–Harabasz index. These criteria were used to evaluate the relative quality of 

alternative clustering solutions within the analyzed dataset [33]: 

­ Elbow Method—used to determine the saturation point of the model based on the 

dynamics of intra-cluster distances 

­ Silhouette Coefficient—used to assess the clarity of the boundaries and the degree of 

isolation of clusters 

­ Calinski–Harabasz Index—used to verify the optimal balance between compactness 

and separability of groups 

Software implementation of graph modeling, as well as calculations and route con-

struction, is carried out using the Python 3.13 language in the Google Colab environment. 

The processing of graph structures taking into account topological constraints is carried 

out using the NetworkX library, and the integration of the connectivity matrix is carried 

out using the GeoPandas package. This software solution provides a high reproducibility 

of calculations and allows you to correctly synthesize a multidimensional feature space 

with a physical map of the railway network. 

The analysis was implemented using Python, including the NetworkX and GeoPan-

das libraries. All preprocessing procedures, PCA, cluster analysis, MST construction, and 

spatial visualization were performed using fixed parameter settings described in the man-

uscript. 

3. Results 

Standardization of 20 heterogeneous variables using the Z-score standardization 

method made it possible to neutralize analytical distortions caused by different dimen-

sions of indicators. The assessment of standardized metrics revealed significant spatial 

heterogeneity: exceeding the standard deviation of one in some parameters in a number 

of regions indicates local concentrations of transport and economic potential (Figure 1). 
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Figure 1. Data standardization results—choropleth map of average annual cargo turnover growth 

(%). 

In addition, the correlation matrix recorded a high degree of multicollinearity of the 

features, confirming the information redundancy of the raw data for clustering (Figure 2). 

 

Figure 2. Data standardization results—correlation matrix. 

The breakdown of indicators on the correlation matrix is presented in Table 4. 

  

https://doi.org/10.3390/logistics10080179


Logistics 2026, 10, 179 9 of 17 
 

https://doi.org/10.3390/logistics10080179 

Table 4. List and coding of indicators. 

№ Indicator Name Units of Measure Analysis Unit 

1 Gross Regional Product (GRP) million tenge Economic 

2 Share of industry in GRP structure % Economic 

3 Share of agriculture, forestry and fisheries in GRP % Economic 

4 Share of construction in GRP structure % Economic 

5 Share of transport and warehousing in GRP structure % Economic 

6 Share of transport and warehousing in investments % Economic 

7 
Average annual growth rate of investments in fixed assets of 

transport 
% Economic 

8 Foreign Trade Balance Ratio units Economic 

9 Operational length of railway tracks km Infrastructural 

10 Density of the railway network km/1000 km2 Infrastructural 

11 Number of border railway stations units Infrastructural 

12 Rail freight turnover mln t-km Transport and operational 

13 Average annual growth rate of freight turnover % Transport and operational 

14 Traffic intensity on the network mln t-km/km Transport and operational 

15 Average cargo transportation range km Transport and operational 

16 Engel coefficient (transport connectivity) units Infrastructural 

17 Availability of transport and logistics centers (TLC) units Infrastructural 

18 Total area of temporary storage facilities m2 Infrastructural 

19 Raw material warehouses (grain and oil products) units Infrastructural 

20 “Last mile” warehouses (food, other goods) units Infrastructural 

The elimination of the multicollinearity problem by the principal component method 

(PCA) provided a mathematically justified reduction in the dimensionality of factor space. 

Based on the Kaiser test (λ > 1) and analysis of the scree plot, five main components were 

retained for further modeling (Figure 3). 

 

Figure 3. Scree graph (Scree plot). 

The total explained variance reached 77.9%, while the remaining 22.1% may reflect 

local factors, random variation, or other sources of unexplained heterogeneity that were 

not captured by the retained components [34]. Varimax orthogonal rotation was subse-

quently applied to improve the interpretability of the factor structure by simplifying the 

distribution of variable loadings across components (Figure 4). 
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Figure 4. Matrix of factor loads. 

Reducing the dimension of the factor space made it possible to move from the anal-

ysis of the initial correlated indicators to the study of stable interregional relationships 

based on metrically agreed components. As a result of the redistribution of information 

weight, it became possible to interpret each of the five latent variables. The orthogonal 

space formed provided a statistically robust basis for subsequent MST construction and 

identification of transport clusters. 

The determination of the optimal number of clusters (k) was based on cross-analysis 

of validity indices (Figure 5, Table 5). 

 

Figure 5. The result of determining the number (k): (a) the elbow method; (b) silhouette coefficient; 

(c) Calinski–Harabasz index. 

Table 5. Internal validation indices for different numbers of clusters. 

k Silhouette Coefficient Inertia (Elbow) Calinski–Harabasz 

3 0.32 160 3.6 

4 0.27 125 4.2 

5 0.16 100 4.6 

6 0.21 70 5.8 

7 0.21 52 6.5 

8 0.20 40 7.1 

9 0.22 30 7.6 

10 0.16 22 8.0 
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As shown in Table 5, the three validation indices exhibit different trends across the 

tested values of k. Therefore, the final selection of six clusters was based on a combination 

of internal validation results, preservation of railway connectivity, and practical interpret-

ability of the resulting regional structure [35,36]. 

The elbow method recorded the point of structural inflection of the intracluster dis-

persion at k = 4, suggesting a relatively compact clustering solution (Figure 5a). However, 

the Kalinsky–Kharabash index increased substantially from 4.56 to 5.73 when moving to 

k = 6 (Figure 5c), while the silhouette coefficient showed a partial recovery to 0.207 after 

the decline observed for the previous solution (Figure 5b). Taken together, these indices 

did not indicate a single universally optimal number of clusters but rather suggested sev-

eral plausible partitioning alternatives. 

Solutions with fewer clusters (e.g., k = 4 and k = 5) produced more aggregated regional 

groups, combining regions with distinct economic, infrastructural, and operational char-

acteristics. Although these solutions were more compact according to some validation cri-

teria, they provided less differentiation for practical railway freight management. In con-

trast, the six-cluster solution better preserved regional heterogeneity and enabled a clearer 

functional interpretation of the identified transport clusters. Therefore, the selected parti-

tion was considered more suitable for the intended analytical application. 

Comparative analysis of the candidate clustering solutions showed that the configu-

ration with k = 4 resulted in a relatively aggregated partition in which several regions with 

different transport characteristics were grouped together, reducing the interpretability of 

the resulting clusters. The six-cluster configuration provided a more differentiated re-

gional structure while preserving railway connectivity constraints and facilitating the 

functional interpretation of the identified transport clusters. Therefore, the selection of k = 

6 was based not only on the internal validation indices but also on considerations of re-

gional interpretability and the intended application of the clustering results for railway 

freight management (Figure 6). Accordingly, the selected solution should be regarded as 

a practically justified partition rather than the unique statistically optimal configuration. 

 

Figure 6. Cluster centroids in the PCA component space. 

The spatial distribution of the formed regional clusters is shown in Figure 7. 
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Figure 7. Map of received clusters. 

The analysis of the formed structure confirms the presence of pronounced spatial 

heterogeneity of the transportation process and differences in the level of transport and 

infrastructure development of the regions. The use of PCA ensured the elimination of in-

formation redundancy of the initial data, while the use of MST made it possible to identify 

stable connections between regions and form transport clusters that reflect the structure 

of logistics interactions in the railway network of KTZh—Freight Transportation LLP. The 

obtained results create an analytical basis for the development of differentiated solutions 

focused on improving the efficiency of the transportation process. 

4. Discussion 

The transition from analysis to interpretation of the obtained data requires an under-

standing of the physical nature of the identified main components. Statistical processing 

of an array of twenty indicators revealed five latent factors that together explain the bulk 

of the variance of the system under study. The use of PCA in this case is due to the need 

to decompose the complex structure of the transportation process into independent meas-

urements. This avoids redundancy in the description of regions and focuses on funda-

mental drivers that determine the typology of regional clusters. 

The highlighted main components (PC) are synthetic indicators, behind which are 

specific technological and economic aspects of the activities of KTZh—Freight Transpor-

tation LLP. Since each component is a linear combination of initial features, the analysis 

of their factor loads makes it possible to determine the dominant specialization of the re-

gions. This approach makes it possible to classify network nodes not according to formal 

administrative criteria, but according to the actual role in ensuring cargo flows, be it mass 

cargo generation, transit potential or infrastructure equipment. 

A detailed consideration of the composition of each of the five components allows 

them to be given the following meaningful interpretation. Cluster specialization was as-

signed based on the dominant principal component scores together with the correspond-

ing economic, infrastructural, and transport-operational characteristics of the member re-

gions. 

The first main component (PC1), with the largest contribution to variance (24.5%), is 

interpreted as a factor of concentration of consumption and service logistics. The domi-

nant factor loads are in the warehouse infrastructure of the last mile (0.89), GRP (0.84) and 

TSF area (0.83). In combination with high traffic intensity (0.61) and negative values for 

the number of border stations (−0.56) and Engel coefficient (−0.61), the PC1 describes eco-

nomically developed internal distribution centers. In these nodes, transport operations are 
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closely integrated with the terminal functions of consolidation and customs processing, 

while the accumulative functions of raw materials warehouses (0.41) play only a second-

ary role. Consequently, PC1 reflects the concentration of economic activity, warehouse 

infrastructure and service and distribution functions in regions with high domestic de-

mand. 

The second main component (PC2) has a slightly lower contribution (19.9%), which 

highlights the factor of infrastructure development with a mixed sectoral structure. The 

inverse relationship with the share of industry in GRP (−0.90) and the trade balance ratio 

(−0.73) is compensated by the significant contribution of the share of construction (0.74) 

and agriculture (0.62), as well as the share of transport in investments (0.74) and GRP 

(0.61). This allows us to conclude that high PC2 values are characteristic of regions in the 

economic structure of which industrial specialization plays a relatively smaller role. Pre-

sumably, such regions are more characterized by internal, infrastructure and intersectoral 

transport links than export and raw material specialization. 

The third main component (PC3) with a contribution of 15.7% is an indicator of the 

trunk potential and mass cargo flows. The maximum loads in terms of freight turnover 

(0.94) and operational length of tracks (0.87) in combination with the capacity of raw ma-

terial warehouses (0.70), freight traffic intensity (0.51) and Engel coefficient (0.50) describe 

the territories of transit and raw material specialization. PC3 records the ability of the re-

gional system to implement large-scale transportation of mass goods over long distances 

with a high territorial network provision. 

The fourth main component (PC4) with a contribution of 10.3% reflects the specifics 

of the range of transportation and logistics. Direct correlation with the average cargo 

transportation range (0.82) is accompanied by pronounced negative loads on the number 

of TLC (−0.70) and the average annual growth of cargo turnover (−0.75). This indicates the 

presence of extensive transport links: the transportation process relies on long routes, but 

its effectiveness is limited by the stagnation of the cargo base and the shortage of terminal 

infrastructure. 

The fifth main component (PC5) has the smallest contribution (7.6%) and determines 

the investment dynamics of regional subsystems. The determining indicator is the average 

annual growth of capital investments (0.86), partially associated with the share of 

transport in investments (0.36) and an increase in cargo turnover (0.32). At the same time, 

negative loads in terms of the share of transport in GRP (−0.45) and the density of tracks 

(−0.43) indicate that the maximum investment activity is typical not for historically estab-

lished industrial centers with a high network density, but for territories that are in the 

phase of active infrastructure renewal and expansion of logistics potential. 

Based on the obtained five main components and their interpretation, it is possible to 

determine the specialization of the allocated transport clusters. 

Cluster No. 1 (Abay, East Kazakhstan, Zhetysu, Karaganda and Pavlodar regions) 

acts as a zone of a mixed cargo base, where the development vector is determined by 

servicing diversified logistics flows. This is confirmed by positive PC2 values (0.83). 

In contrast, Cluster No. 2 (Akmola region) functions as a central multimodal hub. 

The extreme values of PC1 (5.25) and PC3 (2.72) indicate a powerful synergistic effect of 

the concentration of warehouse infrastructure and mass cargo work. 

Cluster No. 3 (Aktobe, Atyrau, Kostanay, Mangistau, North Kazakhstan, and West 

Kazakhstan regions) is a transit and export zone. The moderate influence of PC3 (0.31) 

against the background of negative values of other metrics characterizes the territory as 

focused on transit passage and mass export of raw materials. 

A specific profile is demonstrated by Cluster No. 4 (Almaty region), which forms a 

terminal distribution cluster. The high concentration of PC1 (5.09) with a sharp negative 

https://doi.org/10.3390/logistics10080179


Logistics 2026, 10, 179 14 of 17 
 

https://doi.org/10.3390/logistics10080179 

PC3 (−3.84) indicates a narrow specialization: acceptance, terminal processing and final 

distribution of imported goods. 

The southern corridor of the domestic market is allocated to Cluster No. 5 (Zhambyl, 

Kyzylorda, and Turkestan regions), where the negative PC4 value (−1.10) reflects the pre-

dominance of short-haul traffic to meet local agro-industrial demand. 

Finally, Cluster No. 6 (Ulytau region) is isolated in the long-distance transportation 

zone. The high transportation range (PC4 = 1.16) contrasts here with low consumption 

(PC1 = −3.36) and a pronounced investment deficit (PC5 = −1.3), identifying the most vul-

nerable segment of the railway network. 

The practical significance of the results obtained lies in the possibility of transition 

from unified network management to differentiated regulation of transport clusters, tak-

ing into account their functional specialization. The resulting cluster structure confirms 

the low efficiency of using average general network approaches to organizing the trans-

portation process in conditions of high spatial heterogeneity of the railway network. 

The main tool for improving efficiency within the identified transport clusters is the 

introduction of intra-cluster routing. This solution provides for the concentration of 

wagon flows at the most equipped reference stations within each cluster to form unit train 

services. 

The implementation of the proposed approach is based on the use of the identified 

specialization of the regions. Consolidation of cargo flows at the intra-cluster level con-

tributes to the emergence of economies of scale in the formation of trains of increased 

weight and length. The technological advantage of this solution is to minimize the volume 

of shunting work at associated technical stations and accelerate the turnover of the car. 

Therefore, network segmentation based on a hybrid clustering algorithm is a promising 

tool for optimizing the distribution of traction resources and increasing the productivity 

of the backbone infrastructure in conditions of high heterogeneity of the transportation 

process. 

Limitations 

This study has several limitations that should be acknowledged. First, the analysis 

was conducted using aggregated regional data for 17 administrative units of Kazakhstan, 

which limits the statistical power of multivariate analysis and the generalizability of the 

results. Second, the proposed clustering framework was evaluated using internal cluster-

ing validation criteria only. Sensitivity analyses, such as bootstrap resampling or leave-

one-region-out validation, were beyond the scope of the present study and therefore the 

robustness of the identified cluster structure was not formally assessed. Third, the pro-

posed framework provides analytical support for railway freight management rather than 

direct evidence of operational efficiency improvement. In addition, the dataset combines 

variables obtained from official statistical sources that may refer to slightly different re-

porting periods, while commodity-specific railway freight flows were not available for 

inclusion in the analysis. These factors may influence the detailed interpretation of re-

gional transport specialization. Future studies should validate the stability of the identi-

fied clusters using resampling techniques, incorporate temporal datasets, and compare 

the proposed clustering framework with operational railway performance indicators. 

Although z-score standardization reduces differences in variable scales, extreme re-

gional values may still influence the PCA results. Alternative preprocessing approaches, 

such as logarithmic transformation, robust scaling, or winsorization, were beyond the 

scope of this study and should be investigated in future research. 
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5. Conclusions 

The study made it possible to develop a topologically correct model of transport clus-

ters, which provides an analytical basis for increasing the efficiency of the transportation 

process of KTZh—Freight Transportation LLP. Integration of the hybrid approach using 

graph modeling and the minimum spanning tree (MST) algorithm with the separation of 

synthesized metrics from a set of economic, infrastructure and operational indicators in 

the regional context of the country has proven its effectiveness in spatial segmentation of 

the railway network. As a result of this hybrid approach, the multidimensional data array 

was successfully transformed into six specialized transport clusters, taking into account 

the physical connectivity of the infrastructure. 

Based on the results of structural modeling, the need to switch from averaged general 

network metrics of operational planning to differentiated control, taking into account the 

technological specifics of each allocated cluster, is justified. A practical solution is the in-

troduction of intra-cluster routing, which involves the consolidation of wagon flows at the 

most equipped reference stations within the operational clusters to form unit train ser-

vices. It has been established that taking into account the identified regional specialization 

creates a technological basis for minimizing the volume of technological operations and 

accelerating the wagon turnaround due to the formation of trains of increased mass and 

length. 

Summarizing, the proposed methodology of spatial clustering and the technological 

solutions arising from it act as an objective tool for the rational distribution of traction 

resources and increasing the productivity of the railway network in conditions of its pro-

nounced heterogeneity. 

Future research should include sensitivity analyses based on bootstrap resampling 

and leave-one-region-out validation to assess the robustness of the identified cluster struc-

ture. In addition, integrating temporal freight data, operational railway performance in-

dicators, and simulation-based evaluation would further strengthen the practical applica-

bility of the proposed framework. 
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