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Annotation: Railways are critical for economic integration and regional development, yet many
emerging economies face uneven infrastructure performance and limited tools for monitoring efficiency.
This study develops a replicable framework to measure the efficiency of Uzbekistan’s railway sector
using Data Envelopment Analysis and clustering methods. Three DEA models were constructed to
capture complementary aspects of efficiency, linking population and investment inputs with outputs such
as railway length, organizational activity, industrial production, and retail turnover. The results reveal
strong regional disparities: Tashkent City and Karakalpakstan consistently perform above average, while
Khorezm and Sirdarya lag behind. Efficiency trends further show that infrastructure availability does not
always align with economic activity, underscoring mismatches in investment allocation. Clustering
analysis grouped regions into three categories—high performers, emerging regions, and lagging areas—
providing a practical framework for policymakers to design differentiated interventions. Beyond the case
of Uzbekistan, the study demonstrates how open-source data and transparent Python-based DEA can be
used to support transport policy in data-limited contexts.

1. Introduction sector as a national strategic priority,
Railway transport remains a cornerstone of emphasizing modernization, efficiency, and
sustainable mobility and economic integration,  the reduction of regional disparities. A major
particularly in landlocked and emerging challenge highlighted in the decree is that
economies. Efficient rail systems reduce investments are often allocated broadly at the
logistics costs, support industrial production, regional level rather than specifically to rail
and enable regional development. In countries  infrastructure. This complicates the evaluation
such as Uzbekistan, railways also hold of how financial resources translate into
strategic importance within Eurasian trade tangible transport outcomes. Against this
corridors, serving as a bridge between Asia  backdrop, rigorous methods are required to
and Europe. Despite this potential, regional assess regional railway performance and
disparities in infrastructure and service provide actionable insights for policymakers.

performance raise concerns about whether Data Envelopment Analysis (DEA) has
railway investments are being translated into become one of the most widely used
balanced economic growth. approaches for measuring transport efficiency,
At the policy level, the Presidential Decree as it allows for benchmarking decision-
No. 329 (2023) [1] identified the railway making units (DMUs) without assuming a
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predefined functional form [2]. In the railway
sector, DEA has been applied to passenger and
freight performance [3], to incorporate service
quality measures [4], and to examine broader
drivers of efficiency across multiple contexts
[5], [6]. However, most applications focus on
advanced economies or concession-based
freight operators, while less attention has been
paid to emerging economies with constrained
and aggregated datasets.

This study responds to these gaps by applying
DEA to Uzbekistan’s regional railway sector
and extending the analysis with clustering.
Using open-source and
infrastructure data, three DEA models are
developed to reflect different perspectives:
economic

socio-economic

infrastructure
productivity,
performance. Clustering is then applied to the

accessibility,
and investment-driven
DEA scores to group regions with similar
efficiency profiles, clearer
identification of strong performers, emerging

allowing for

regions, and lagging areas. While DEA has
been extensively applied in the railway
literature internationally [6], the integration of
DEA with clustering remains underexplored in
this domain. More importantly, no prior
research has applied this combined framework
to the Uzbek context. The contribution of this
study is therefore twofold: (1) it demonstrates
how an open-source DEA clustering approach
can be used in a data-limited environment, and
(2) it generates policy-relevant insights
directly aligned with Uzbekistan’s
modernization priorities under Decree No.
329.

2. Literature review

DEA has been widely adopted in transport
studies to evaluate efficiency across multiple
dimensions. In the railway sector,
applications emphasized production efficiency,

early

often linking inputs such as staff, rolling stock,
or track length to outputs like passenger-

95

kilometers or freight tonnage [3]. More recent
studies have expanded the scope, integrating
service quality indicators to capture user-
oriented efficiency or focusing on high-speed
rail and freight transport performance [4], [7].
A key finding across this literature is that
efficiency outcomes are sensitive to variable
selection conditions,
underscoring the need for models tailored to
local realities.

Railway capacity and infrastructure adequacy
remain central concerns in efficiency studies.
Khadem Sameni & Moradi (2022) [8]
reviewed methods for capacity evaluation,
showing that indicators such as operational
track length and network density are critical
for assessing accessibility and congestion.
These insights justify including infrastructure-
related outputs in DEA models, even when
their  correlation with  socio-economic
indicators is since they capture
structural constraints on system development.
Transport efficiency is increasingly analyzed
in terms of resilience to disruptions and
adaptability to uncertainty. A study proposed
a fuzzy multi-layer DEA framework to
evaluate international transport resilience
under uncertain conditions, highlighting the
importance of robustness in performance

and contextual

weak,

evaluation. While this study does not
explicitly model resilience, it shares the
motivation of  identifying systemic
vulnerabilities that undermine long-term
efficiency [9].

To enhance interpretability, DEA results are
often combined with second-stage methods
such as regression or clustering. Marchetti &
Wanke (2017) [10] applied DEA with
clustering to  Brazilian freight
concessionaires, enabling regulators to design
cluster-specific policy measures. Blagojevi¢ et
(2020) [5]
hybrid DEA approaches can integrate fuzzy
AHP and other tools to account for contextual

rail

al. further demonstrated how
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factors. These studies highlight the added
value of combining DEA with complementary
methods, a practice followed in this research
by applying K-Means clustering to DEA
scores.

Despite extensive applications of DEA in
transport, three gaps remain. First, limited
attention has been paid to emerging economies
with constrained data availability, where open-
source methods could play a transformative
role. Second, the use of DEA in Central Asia,
particularly in the context of Uzbekistan’s
strategic role in Eurasian rail corridors, is
almost absent in the literature. Third, few
studies translate DEA results into cluster-
based categories that can guide policymakers
directly. Addressing these gaps, this study
applies an output-oriented DEA and clustering
framework to Uzbekistan’s regional railway
sector, offering methodological and practical
contributions for both scholars and decision-
makers.

3. Methodology

3.1. Data Source and Timeframe

The analysis is based on regional-level socio-
economic and railway-related indicators for
Uzbekistan, covering the period 2013-2022.
The dataset includes 14 regions (12 provinces,
the Republic of Karakalpakstan, and Tashkent
City), observed over ten years, resulting in a
balanced panel of 140 decision-making units
(DMUs). Data was obtained from official
national statistical sources, which provide
open access to socio-economic  and
infrastructure indicators [11].

Variable
Pop
Emp Pop
GDP
GDP_PerCap
ORG

DN B W N -

The  variables demographic,
economic, and infrastructure characteristics
relevant to railway performance presented in
Tab.1. detailed  railway-specific
investment data was not available, total
regional investment was used as a proxy for
development potential. This limitation reflects
common challenges in applying DEA in
emerging economies, where open-source data
may be aggregated across sectors (Marchetti
& Wanke, 2019) [3].

3.2 Variable Selection and Correlation
Analysis

Since the dataset contains variables measured
in different units (e.g., population, GDP,
investment, railway length), normalization
was applied to ensure comparability and avoid
scale effects in the DEA analysis. The Min-
Max Scaling method was used, transforming

capture

Since

all variables into the [1,1] range:

XN —Xom
KXocalea = X — X, 0

where X is the original value, X, and X_..
are the minimum and maximum values of the
variable, and X,_.. is the normalized value.
This  procedure
differences
placing all indicators on a common scale for
correlation analysis and DEA modeling.
Moreover, approach is consistent with best
practices in DEA literature,
normalization is recommended to balance
heterogeneous variables and avoid dominance
by scale-intensive indicators [3].

relative
while

preserves the

between observations

where

Description
Total population
Employed population
Gross Domestic Product
GDP per capita

Number of operating organizations
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6 Industry_Prod

7 Good_Prod PerCap
8 Retail _Turover

9 Inv

10 Lengths

Regional industrial output
Goods produced per capita
Retail turnover
Total capital investment
Operational railway length

Table 1. Regional level socio-economic and railway-related indicators

3.3 Variable Selection and Correlation

Analysis
To avoid redundancy and ensure meaningful
model specification, Pearson correlation

analysis was conducted (Fig. 1). The results
confirmed strong positive correlations among
indicators (GDP,
ORG, and Retail Turover),

economic
Industry Prod,

several

while railway length showed weak or negative

correlations with most socio-economic
variables. This finding suggests that
infrastructure distribution does not

automatically follow population or economic
growth, underscoring the need for DEA to
benchmark efficiency.

Pearson Correlation Heatmap (Normalized Variables)

Emp_Pop -
GDP - 0.06
GDP_PerCap - -0.
ORG - 0.46
Industry Prod - 0.17
Good_Prod_PerCap - 0.13
Retail_Turover - 0.42
Inv -

0.19

-0.15

=}
=}
=}
(=]

Lengths -

Pop -
p-

GDP_PerCa

-0.4

-0.2

-0.0

=]

.09 -0.34

o
9
b

p -

2
.
=)
5
g

Industry_Prod -
Retail_Turover -

Good_Prod_PerCal

Figure 1. Peason Correlation Heatmap of Variables

These findings echo results from previous
study who showed that excessive correlations
among inputs and outputs can distort DEA
outcomes by reducing discriminatory power.
In line with their recommendations, highly
collinear variables were not included together
in the same model. Instead, the variables were

grouped logically into  complementary

97

scenarios, capturing infrastructure capacity,
economic productivity, and investment-driven
growth.

Three DEA models were constructed: (1)
evaluating efficiency
infrastructure development, (2) assessing
demand-based investment efficiency, and (3)
measuring the socio-economic impact of

economic in
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infrastructure. ~ This  structured
approach ensures logical, data-driven variable
selection aligned with the study’s objectives.
3.4. DEA Model Construction

Data Envelopment Analysis (DEA) is a non-
parametric linear programming technique that
evaluates the relative efficiency of DMUs by
comparing weighted outputs to weighted
inputs. An output-oriented constant returns to
scale (CRS) model was adopted, as the focus
is on maximizing railway-related outputs
given available resources. This follows the
classical Charnes, Cooper, and Rhodes (CCR)
formulation [2] .

railway

Mathematical Formulation of the CCR
Output-Oriented DEA Model:

In this study, efficiency is measured using the
output-oriented DEA model. For each
decision-making unit (DMU), the goal is to
maximize the weighted outputs relative to the
weighted inputs. The model can be written as

[2]:

E-3

max &, = Zlu,, Viex

=

2

subject to:

-] m

Zu,_}-‘,.j— Z vyx, =0 Wi —1,.,N

=1 =1 3)

Z Vi X = 1 (4)

i=1

Uy, UV = E ©)

where:

* x; and y,; are the observed inputs and
outputs for each DMU j.

e . and v are the weights assigned to
outputs and inputs, chosen by the
optimization.

The normalization condition ensures that
inputs of the evaluated DMU are scaled to

98

one.
e 3, is the efficiency score for DMU I,
where values closer to 1 indicate higher
efficiency.

This means the model tries to find the best
weights for each region so that its efficiency
looks as high as possible, but without letting it
exceed what other regions could achieve
under the same weights. Scores close to 1
show that the region is efficient, while lower
values mean there is room for improvement.
The choice of an output-oriented model
follows the logic used in previous railway
DEA studies, which often prioritize output
maximization given fixed infrastructure and
demographic inputs [5] [4].

Model Design and Scenario Development:
To capture different perspectives of railway
sector efficiency, three DEA model scenarios
were developed Tab.2. Each model combines
inputs and outputs in a way that reflects
complementary  aspects of  regional
development.

Model A (Inputs: Pop, Inv; Outputs:
Lengths, ORG) whether
demographic and financial resources
translate into greater railway accessibility
and organizational capacity. Although
investment (Inv) refers to total regional
capital railway-
specific spending, its inclusion serves as a
infrastructure  development
potential. The weak correlations between

evaluates

investment and not

proxy for

Inv and railway length emphasize the
usefulness of DEA in identifying regions
that convert available resources into
infrastructure and service coverage more
efficiently.

Model B (Inputs: Pop, Inv; Outputs: GDP,
Industry Prod) measures the economic
productivity of railways, focusing on
whether population and investment
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generate stronger GDP and industrial
output. GDP and industrial production are
strongly correlated,
model captures a coherent dimension of
regional economic outcomes.

e Model C (Input: Inv; Outputs: ORG,
Retail Turover, Industry Prod) focuses on

ensuring that this

investment-driven commercial and
Model Objective Inputs
Railway Accessibility
Model A and Infrastructure Pop, Inv
Capacity
Economic
Productivity of
Model B o U(.: iye Pop, Inv
Railway
Infrastructure
Return on Investment
Model C via Economic and Inv

Commercial Activity

Lengths, ORG

Industry_Prod

Retail Turover,
Industry Prod

organizational activity. While Inv is again
general regional investment, it is
positively correlated with the chosen
outputs, which themselves are strongly
interrelated.  This
measures how efficiently investment is
transformed into organizational growth
and retail-industrial activity.

scenario  therefore

Outputs Justification

Evaluates whether population and
investment result in greater railway
infrastructure and service coverage.

Assesses how effectively economic
GDP, resources and demand convert into
regional economic outputs facilitated
by railways.

Measures how efficiently investment
ORG, . .
is transformed into measurable
economic outcomes driven by railway

services.

Table 2. Summary of DEA Models Rational

All models were implemented in Python
using open-source libraries for data
processing, statistical analysis, and
optimization, including pandas (McKinney,
2010), NumPy (Harris et al., 2020), scikit-
learn (Pedregosa et al, 2011), Seaborn
(Waskom, 2021), Matplotlib (Hunter, 2007),
PuLP (Mitchell & OSI, 2023) [12, 13, 14, 15,
16, 17].

3.5. Clustering Analyses

To complement the DEA results, clustering
analysis was applied in order to group regions
with similar efficiency profiles. The K-Means

algorithm, a widely used unsupervised
machine learning method, was chosen for this
task. K-Means partitions the dataset into a
predefined number of clusters by minimizing
within-cluster and maximizing
between-cluster differences [18].

The algorithm operates iteratively using two
main steps:

Assignment step (distance calculation): Each
region is assigned to the nearest cluster
centroid based on Euclidean distance:

variance

dix, c) = w..-"l'[:i'fl — )+ {xy—c2)?

where x is a data point (here, the DEA scores

of a region), and ¢ is a cluster centroid.

+ et (x, — €,,)

(6

Centroid calculation: Cluster centroids are
recalculated as the mean of all data points

99
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assigned to the cluster:

1
#5=sz

= (7)
.l . .
where C; is the set of points in cluster i, and

IN; is the number of points in that cluster.

This process repeated until
assignments stabilize. In this study, k =3

is cluster

clusters were selected, balancing
interpretability with the observed variability
in DEA scores.

Clustering was performed using the efficiency
scores from all three DEA models (A, B, C).
This approach regions be
categorized into performance groups: low-
efficiency, and high-efficiency
clusters. Such classification helps identify
regional typologies and supports the design of
differentiated policy interventions for railway

sector development.

allows to

emerging,

The use of clustering as a second-stage
analysis is consistent with Marchetti & Wanke
(2017) [10], who applied DEA and clustering
to Brazilian railways to identify operator
groups, and with Blagojevi¢ et al. (2020) [5],
who demonstrated the added value of hybrid
approaches for transport efficiency studies. By
applying clustering, Uzbek regions
grouped into high-efficiency, emerging, and
low-efficiency clusters, enabling clearer policy
implications than DEA scores alone.

WEre

4. Results
4.1 DEA Results for All Models

The DEA analysis produced efficiency
scores for 14 regions over the period 2013—
2022 across three models. Figure below
presents efficiency trends averaged across
regions for Models A, B, and C (Fig.2).

Average DEA Score Over Time for Each Model (All Regions)

0.4

0.3

0.2

Average DEA Score

0.1+

0.0 1

Model
—e— DEA_Score_Model_A
DEA_Score_Model_B
—e— DEA_Score_Model_C

2014 2016

2018 2020 2022

Year

Figure 2 Average DEA Score Over Time for Each Model

The results reveal important differences across
the models. Model A, which links population
and infrastructure outputs,
consistently produced very low values close to
zero. This reflects the weak
correlation between investment and railway
length, confirming that general regional
investment not automatically directed
toward railway infrastructure. Nevertheless,
the few fluctuations observed highlight short-

investment to

outcome

1S

term spikes where infrastructure development
projects aligned with organizational activity.

In contrast, Model B (economic productivity)
shows more stable and moderate efficiency
levels, with clear improvements in certain
years, suggesting that regions with larger
populations and investments tend to generate

stronger economic  outcomes  through
industrial production and GDP. Model C
(investment-driven commercial outcomes)

100
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demonstrates the highest relative scores, with
some regions reaching close to full efficiency.
This indicates that, even though investment is
not rail-specific, it translates more directly into
organizational activity and retail turnover.
Overall, these patterns show that efficiency in
Uzbekistan’s railway sector is uneven: while
infrastructure development lags relative to
inputs, economic and organizational outputs
respond more strongly to investment.

DEA Scores Heatmap (DEA_Score_Model_A)

2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2013 2014 2015 2016 2017 201
Year Year

*

Model A’s heatmap appears almost entirely
yellow, indicating values very close to zero.
This pattern reflects the fact that Model A’s
scores are on the order of 107%. The very
small magnitude does not mean the model
failed, rather, it shows that when population
and investment are linked to railway length
and organizational activity, efficiency values
become highly compressed, highlighting only
subtle differences between regions.

Model B’s heatmap shows isolated peaks of
efficiency in certain regions and years,
suggesting  temporary  advantages  in
converting resources into GDP and industrial
output. In contrast, Model C’s heatmap
reveals more variation across regions and a
clearer temporal trend:
relatively higher in the early years but
declined steadily after 2017 for most regions.
These visual patterns emphasize the value of

efficiency was

using multiple models, since each captures a

DEA Scores Heatmap (DEA_Score_Model_B)

To capture spatial and temporal variation,
Figure 3 presents a comparative heatmap of
DEA efficiency scores for all three models
across the 14 regions over the study period.
The heatmaps make clear that efficiency
levels are not evenly distributed: Tashkent
and Karakalpakstan emerge as relatively
stronger performers, while Khorezm and

Sirdarya frequently appear in the low-
efficiency range.

DEA Scores Heatmap (DEA_Score_Model_C)

-

aaaaaaa T EEE

-

|

H .
R

Tashkent City -

8 2019 2020 2021 2022 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

Figure 3. Heatmap of average efficiency scores by region and model

different aspect of efficiency and produces
different insights into regional performance.
To further analyze regional performance,
Figures 4, 5 and 6 present regional DEA
efficiency trends separately for Models A, B,
and C. Model A (Fig. 4) shows unusual
patterns due to its very small efficiency values
(in the order of le—6). Despite this, relative
differences are visible: Tashkent City and
Karakalpakstan gradually rise, while Khorezm
and Surkhandarya remain consistently low.
Model B (Fig. 5) highlights spikes in
efficiency for a few regions such as Namangan
and Tashkent, which likely reflect short-term
economic gains or statistical outliers, while
most other regions cluster at low values.
Model C (Figure 5) shows clearer, smoother
trajectories, with regions such as Andijan and
Jizzakh initially performing well but declining
after 2017, while Tashkent maintains a
relatively higher

101
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Taken together, these five figures provide
complementary insights. The average model
comparison reveals overall dynamics; the

combination of visuals ensures that the DEA
results are not only statistically sound but also
easily interpretable for policymakers, making

heatmaps highlight the spatial distribution of  efficiency disparities across Uzbekistan’s
performance; and the regional trend plots railway sector more transparent.
trace individual trajectories over time. This
efficiency compared to other regions.
le—6 Regicnal DEA Efficiency Trends (Model A)
- 1] —eo— Andijan
./'\./'/ —e— Bukhara
1.0 1 / //' —e— Fergana
e —o— Jizzakh
v il —s— Karakalpakst
_ —+ remthedorya |
.8 =4 o —e— Khorezm
. B L || g
% o2 .fj’_—_’/).f? —s— Samarkand
A 06 '\o\_'___ —_’___3%'4____,_. e —e— sirdarya
2 I 3/:;/ 2 / / s— Surkhandarya
8 /:;/:__///4‘ s/:/‘ —s— Tashkent
® —— s = ./0/ " —e— Tashkent_City
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T | = Rt .
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Figure 4. Model A — Regional Efficiency Trends

Regional DEA Efficiency Trends (Model B)

1.0 1

0.8

0.6

DEA Score

0.4 1

0.2 1

0.01
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—8— Bukhara
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Kashkadarya
Khorezm
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Tashkent_City
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Figure 5. Model B — Regional Efficiency Trends
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Regional DEA Efficiency Trends (Model C Example)

1.0 1
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DEA Score
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0.0
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Figure 6. Model C — Regional Efficiency Trends

4.2 Clustering Results

To group regions by efficiency, a k-means
clustering analysis was conducted. The elbow
method (Fig. 7) suggested three optimal

clusters. The 3D clustering plot (Fig. 8)
illustrates how regions were grouped based on
their DEA scores across Models A, B, and C.

Elbow Method for Optimal K

3.5
3.0
E 2.5
g
= 2.01
(]
]
2 1.5
1.0
0.5
2 3 a 5 6 7
Number of clusters (K)
Figure 7. Elbow Method to Select Optimal K
Cluster 0 includes most regions with relatively high efficiency. In practice, this

consistently low scores, showing structural
weaknesses in efficiency. Cluster 1 captures
regions with moderate performance, while
Cluster 2 consists of very few regions with

classification shows that Uzbekistan’s railway
efficiency is highly uneven, with only a small
group of regions consistently performing well.
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3D Clustering of Regions by DEA Scores (K=3)
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Figure 8. 3D Graph of Clustering Regions by DEA Models

5. Discussion and Recommendations

The findings show that model design strongly
influences the interpretation of railway
efficiency. Model A, based only on population
and investment, produced extremely low and
uniform scores. This indicates that general
investment and population size are poor
predictors of railway efficiency when used
alone. Policymakers should therefore avoid
relying solely on broad demographic or
economic indicators when assessing transport
performance.

Model B, using GDP and industrial production
as outputs, offered some variation but still
failed to consistent  regional
differences. This suggests that macroeconomic
indicators, while relevant, cannot fully explain
transport efficiency. They need to be
complemented with sector-specific measures.
Model C provided the clearest picture, as it
incorporated transport-related outputs such as
organization of railway activity and retail

capture
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turnover. This model revealed strong regional
disparities: Tashkent, Fergana, and Andijan
showed relatively high efficiency,
regions such as Karakalpakstan and Sirdarya
consistently lagged behind. These results
demonstrate that transport efficiency is
closely tied to both infrastructure capacity and
local economic activity.

Clustering analysis reinforced these patterns
by showing that most regions belong to the

while

low-efficiency group. Only a handful of
regions achieved moderate or high efficiency.
For policymakers, this highlights the urgent
need to reduce the performance gap between
core regions and the periphery.

5.1 Recommendations

The findings of this study show that the
interpretation of railway efficiency is highly
sensitive to model design. Model A, based on
population and investment as inputs, produced
extremely low and almost uniform scores.
This suggests that broad demographic and
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aggregate investment indicators alone are
insufficient to explain variations in railway
efficiency. Policymakers should therefore
avoid relying solely on general economic or

population  measures when  evaluating
transport performance.
Model B, which replaced infrastructure

outputs with GDP and industrial production,
introduced some variation but still failed to
capture stable regional differences. While
macroeconomic indicators are relevant for
assessing regional potential, they cannot by
themselves account for transport efficiency, as
they are influenced by wider economic
structures.

Model C, which included more sector-specific
outputs such as organizational activity and
retail turnover, provided the clearest picture of
regional disparities. Regions such as Tashkent,
Fergana, and Andijan emerged as relatively
efficient, while Karakalpakstan and Sirdarya
consistently underperformed. This indicates
that transport efficiency is closely tied not
only to infrastructure availability but also to
the intensity of local economic activity and the
extent to which railways are integrated into
regional Clustering
reinforced these findings by grouping most
regions into a low-efficiency cluster, with only
a handful in moderate or high categories.
Building  on results,
recommendations can be

economies. analysis

several
First,
investment strategies should be more narrowly
targeted toward railway infrastructure itself.
Because the investment variable in this study
captured total regional capital spending rather
than rail-specific investment, the analysis
revealed that general spending often failed to
translate into efficiency gains. Directing funds
into rail modernization, electrification, rolling
stock upgrades, and intermodal hubs would
likely yield clearer improvements.
Second, railway planning should be better
aligned with regional economic development.

these
drawn.
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As Model C highlighted, efficiency is strongly
connected to industrial output and commercial
activity. Policymakers should ensure that
industrial zones, logistics hubs, and retail
centers are strategically linked to the rail
network, enabling multiplier effects across
regional economies.

Third, reducing regional disparities should be
prioritized. While Tashkent
Karakalpakstan have performed relatively
well, peripheral regions such as Khorezm and
Sirdarya persistently
Targeted interventions — from modernizing
basic infrastructure to subsidizing passenger
services or incentivizing freight operators —
can help close this gap. Lessons from more
efficient regions could be adapted and scaled
to weaker areas.

Fourth, improving data
transparency is essential. The reliance on
aggregated  regional  investment  data
underscores the need for more detailed
transport-specific Establishing a
national monitoring system for railway
efficiency that integrates financial,
operational, and service quality indicators
would strengthen the basis for evidence-
driven policy.

Finally, Uzbekistan should pursue
international cooperation and modernization
efforts. By adopting global best practices —
such as digital traffic management, predictive
maintenance, and integrated corridor planning
— the railway sector can become more
efficient and resilient. These
recommendations align with national policy
priorities, as emphasized in Presidential
Decree No. 329 (2023), which calls for
modernization and a reduction of regional
disparities in railway development.

and

remain inefficient.

collection and

statistics.

6. Conclusion
This  study
Analysis

applied Data Envelopment

and clustering to evaluate the
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efficiency of the railway sector across
Uzbekistan’s regions from 2013 to 2022. The
results show that efficiency outcomes vary
substantially depending on the choice of
indicators: efficiency
remains very low, while models incorporating
socio-economic  activity more
pronounced but uneven regional performance.
Clustering confirmed that most regions remain
in the low-efficiency group, highlighting the
structural challenges of the sector.
By using open-source data and free analytical
tools, the study demonstrates a replicable
framework that can be adopted for ongoing
performance  monitoring.  The  policy
implications point to the importance of
targeted investments, better integration of
railways with regional economies, improved
data systems, and international cooperation.
Together, these measures can help ensure that
railway development supports more balanced
and inclusive regional growth in Uzbekistan.
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