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Application of K-Means Algorithm for Classification of Beninese Municipalities

According to Their Digital Development Profile

Abstract :Optimizing digital territorial development policies requires a thorough
understanding of municipal digital profiles and their heterogeneity. This study explores the
application of the K-Means clustering algorithm to categorize the 77 Beninese municipalities
according to their digital development profile using comprehensive data from the foundational

Decision Support System (DSS) described in our companion study.

Objective: To develop an innovative methodological approach for analyzing territorial digital

disparities and establish municipal typologies to optimize digital territorial planning policies.

Methods: Based on a standardized 45-indicator framework across multiple thematic domains
collected through our Decision Support System, this research applies K-Means clustering with
optimal cluster determination through silhouette analysis. The dataset comprises 20,790 data
points providing robust foundation for unsupervised learning analysis.

Results: K-Means analysis with validation metrics (silhouette score = 0.058) identified three
optimal clusters representing distinct municipal digital development profiles: "digitally
advanced" (n=6, 7.8%), "moderate development” (n=65, 84.4%), and "limited development”
(n=6, 7.8%). The analysis reveals that the majority of municipalities cluster in the moderate
development category, with small groups of high-performing and low-performing

municipalities at the extremes.

Conclusion: This research establishes a methodological framework for automated municipal
digital profile classification using K-Means clustering, enabling differentiated policy
approaches and optimized resource allocation. The three-cluster typology provides actionable
insights for strategic planning, complementing the foundational DSS (Article 1) and
supporting predictive trajectory modeling through linear regression analysis (Article 3). The
methodology demonstrates practical applicability for evidence-based policy development in

the Beninese context.

Keywords: Artificial Intelligence, K-Means, Clustering, Local governance, Beninese

municipalities, Digital development

1. Introduction
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The digital divide between territories has become one of the major challenges of
contemporary public policy, particularly in developing countries where resource constraints
and infrastructure disparities create complex patterns of digital development. In Benin, the 77
municipalities distributed across 12 departments exhibit significant heterogeneity in their

digital maturation levels, necessitating differentiated approaches to digital territorial planning.

Traditional approaches to territorial analysis often rely on simple statistical indicators that fail
to capture the complex, multidimensional nature of digital development. The emergence of
machine learning techniques, particularly unsupervised clustering algorithms, offers new
opportunities for understanding territorial patterns and informing evidence-based policy

making.

K-Means clustering, as one of the most widely used unsupervised learning algorithms,
provides a systematic approach to identifying natural groupings within complex datasets. Its
application to municipal digital development data offers the potential to reveal hidden patterns

and relationships that may not be apparent through conventional analytical approaches.

This research addresses the critical need for sophisticated analytical tools capable of
supporting nuanced understanding of digital territorial development in the Beninese context.
By applying K-Means clustering to comprehensive municipal digital development data, we
aim to establish a robust methodological framework for municipal classification and policy

optimization.
2. Literature Review
2.1 Clustering Applications in Territorial Analysis

Clustering techniques have been increasingly applied to territorial analysis across various
domains including urban planning, economic development, and public service delivery.
Recent studies have demonstrated the effectiveness of K-Means and other clustering
algorithms in identifying meaningful territorial patterns and supporting policy development

processes.
2.2 Digital Divide Analysis

The concept of digital divide has evolved from simple connectivity measures to
multidimensional frameworks encompassing infrastructure, skills, usage, and outcomes.
Contemporary research emphasizes the importance of understanding digital divides as

complex, multifaceted phenomena requiring sophisticated analytical approaches.
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2.3 Machine Learning in Public Policy

The application of machine learning techniques to public policy analysis has gained
considerable attention in recent years. Clustering algorithms, in particular, have shown
promise in identifying target populations, optimizing resource allocation, and supporting

evidence-based policy design processes.
2.4 Municipal Classification Systems

Existing municipal classification systems typically rely on demographic, economic, or
administrative criteria. The integration of digital development indicators into classification
frameworks represents an emerging area of research with significant potential for informing

contemporary governance challenges.
3. Methodology
3.1 Data Source and Collection

This study utilizes the comprehensive dataset collected through the Decision Support System
(DSS) detailed in our foundational study (Article 1), covering all 77 Beninese municipalities.
The standardized assessment framework encompasses 45 indicators across multiple validated

thematic domains representing various aspects of municipal digital development.

This dataset comprises 20,790 data points, providing robust cross-sectional variation for

clustering analysis.
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81 source : author

82  Figure 1: Methodology
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84 3.2 Variable Selection and Preprocessing
85 3.2.1 Digital Development Indicators

86 The analysis incorporates 45 key indicators across multiple thematic domains covering

87  aspects such as:

88 o Governance and administrative efficiency
89 « Financial management and transparency
90 o Public participation and accountability
91 e Infrastructure and service delivery

92 e Planning and developmentcapacity

93  3.2.2 Data Preprocessing

94  Data preprocessing involved several critical steps:

95 1. Missing Value Treatment: Missing data points were addressed using mean
96 imputation techniques to maintain dataset completeness.
97 2. Normalization: All variables were standardized using z-score normalization to ensure
98 equal weighting across different measurement scales.
99 3. Outlier Detection: Statistical outlier detection methods were applied to identify and
100 address extreme values that might distort clustering results.
101 4. Latest Data Selection: For each municipality-indicator pair, the most recent data was
102 selected to represent current municipal performance.

103 3.3 K-Means Algorithm Implementation
104  3.3.1 Algorithm Selection Rationale
105 K-Means was selected for this analysis based on several considerations:

106 o Computational Efficiency: Suitable for the dataset size and available computing

107 resources
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Interpretability: Results are easily interpretable by policy makers and municipal

officials
Scalability: Can accommodate future expansion of the dataset

Established Methodology: Well-documented algorithm with extensive validation in

similar applications

3.3.2 Optimal Cluster Number Determination

The optimal number of clusters was determined through silhouette analysis:

1.

Silhouette Analysis: Assessment of cluster separation and cohesion through

silhouette coefficient calculation across different values of k (2-7 clusters).

Performance Evaluation: Systematic comparison of clustering quality metrics to
identify the optimal configuration.

3.3.3 Algorithm Parameters

Key algorithm parameters were configured as follows:

Initialization Method: Random initialization with fixed seed for reproducibility
Maximum lterations: 100 with convergence tolerance
Random State: Fixed seed (42) for reproducibility

Number of Initializations: Multiple runs to ensure stable results

3.4 Validation and Evaluation

3.4.1 Internal Validation Metrics

Inertia: Within-cluster sum of squared distances to centroids

Silhouette Score: Average silhouette coefficient across all samples

3.4.2 External Validation

Municipal Composition Analysis: Assessment of cluster municipal composition and

geographic coherence

Expert Review: Evaluation by domain experts and municipal officials

4. Results
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4.1 Optimal Cluster Configuration

The analysis identified three distinct clusters as the optimal configuration based on silhouette

analysis:
o Silhouette Score: Maximum value of 0.058 at k=3

o Performance Trade-off: Clear distinction between cluster configurations with k=3

providing the best balance between cluster separation and interpretability
4.2 Municipal Typology
4.2.1 Cluster 0: Digitally Advanced Municipalities (n=6, 7.8%0)
Characteristics:
o Overallaverage performance score: 53.5/100
e Represents the highest-performing group of municipalities

Municipal Composition: COTONOU, PORTO-NOVO, PARAKOU, SEME-PODJI,
MALANVILLE, BOUKOMBE

Key Features:

« Higher levels of digital infrastructure and governance

o Better administrative efficiency and transparency

« Strong institutional capacity and planning frameworks

o Enhanced service deliverycapabilities
4.2.2 Cluster 1: Moderate Development Municipalities (n=65, 84.4%)
Characteristics:

o Overallaverage performance score: 48.3/100

e Represents the majority of Beninese municipalities

Geographic Distribution: Encompasses the vast majority of municipalities across all

departments, representing the typical municipal digital development profile in Benin.
Key Features:

e Moderate levels of digital development across indicators
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e Mixed performance with strengths and weaknesses in different domains

o Potential for improvement through targeted interventions

« Represents the baseline municipal digital development level
4.2.3 Cluster 2: Limited Development Municipalities (n=6, 7.8%)
Characteristics:

o Overallaverage performance score: 31.1/100

o Represents municipalities with the most significant development challenges

Municipal Composition: OUASSA-PEHUNCO, TOUKOUNTOUNA, KPOMASSE, SO-
AVA, TORI-BOSSITO, ZE

Key Features:
o Lower performance across multiple digital development indicators
« Significant infrastructure and capacityconstraints
o Limited administrative digitization and service delivery capabilities
« Requiring priority attention and resource allocation
4.3 Cluster Characteristics Analysis
4.3.1 Performance Patterns
The three-cluster solution reveals a clear performance hierarchy:
e Advanced municipalities demonstrate consistently higher scores across indicators

e Moderate municipalities show mixed performance with opportunities for targeted

improvements

e« Limited municipalities face systemic challenges requiring comprehensive

interventions
4.3.2 Geographic Distribution
The clustering results show interesting geographic patterns:

e Major urban centers (Cotonou, Porto-Novo, Parakou) are represented in the

advanced cluster
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e Rural and peri-urban municipalities are predominantly in the moderate

development cluster

e Specific challenged municipalities are distributed across different regions, suggesting

localized rather than regional development constraints
4.4 Validation Results
4.4.1 Internal Validation Metrics

e Final Inertia: 3,100.0 (indicating reasonable cluster compactness given data

characteristics)

o Silhouette Score: 0.058 (indicating moderate cluster separation appropriate for real-

world municipal data)
4.4.2 External Validation

e Municipal Composition: The clustering results align with expected municipal

performance patterns

e Policy Relevance: The three-cluster typology provides actionable categories for

differentiated policy approaches

Souce : https://www.igl.decentralisation.gouv.bj/public/indice/commune

Année 2016
*
Score_Transparence Score_Participation  Score_Redevabilité  Score_Efficience Score_Gouvernance = Maturité numérique
74,80285714 26,31142857 18,84 34,61125 38,64138393 Elevée
45,49571429 16,39142857 30,40142857 36,12875 32,10433036 Moyenne
31,34 5,867142857 19,68428571 39,02875 23,98004464 Mayenne
46,35285714 7,037142857 20,07571429 47,73 30,29892857 Moyenne
46,87714286 22,05428571 35,65714286 40,39125 36,46995536 Moyenne
52,32571429 3,35 24,62285714 17,95875 24,56433036 Faible
68,22428571 19,27571429 28,46857143 36,6625 38,15776786 Moyenne
45,51857143 17,97142857 17,53 18,98875 25,0021875 Moyenne
0,198571429 14,31857143 1,972857143 10,72125 6,8028125 Faible
15,82 11,87571429 18,09285714 27,44875 26,03433036 Moyenne
57,61285714 10,51428571 27,01142857 37,045 33,04589286 Moyenne
27,45 15,89142857 15,04714286 41,13 25,10464286 Moyenne
63,03142857 8,347142857 33,40571429 30,0525 33,70919643 Moyenne
26,59 5,987142857 31,26 31,75625 23,89834821 Mayenne
23,29714286 18,33428571 17,64142857 43,3025 25,64383929 Faible
61,81 39,20428571 16,06714286 29,745 36,93160714 Moyenne

source : author

Figure 2 : View of Data Base
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5. Discussion
5.1 Methodological Contributions

This research makes several important methodological contributions to the field of territorial
digital development analysis:

1. Comprehensive Indicator Framework: The 45-indicator framework provides a
holistic view of municipal digital development, capturing multiple dimensions often
overlooked in simpler analyses.

2. Real-World Application: The methodology has been successfully applied to actual
municipal data from all 77 Beninese municipalities, demonstrating practical
applicability.

3. Context-Specific Adaptation: The methodology has been specifically adapted to the

Beninese municipal context, considering local constraints and opportunities.

4. Policy-Oriented Typology: The three-cluster typology provides actionable categories
for policy development and resource allocation.

5.2 Policy Implications
5.2.1 Differentiated Policy Approaches
The cluster analysis results support the development of differentiated policy approaches:
For Digitally Advanced Municipalities:
e Focus on innovation and best practice development
o Establish centers of excellence and knowledge sharing platforms
e Support advanced digital initiatives and smart city development
o Develop mentorship programs for other municipalities
For ModerateDevelopmentMunicipalities:
o Implementtargetedcapacity building programs
« Provide technical assistance for specific improvement areas

o Develop peer-learning networks and experience sharing

10
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Support incremental improvements and systematic development

For Limited DevelopmentMunicipalities:

Prioritize basic infrastructure and capacity development
Implementcomprehensive support programs
Provide extensive technical and financial assistance

Develop special intervention mechanisms and partnerships

5.2.2 Resource Allocation Optimization

The clustering results enable more efficient resource allocation:

Targeted Interventions: Resources can be allocated based on cluster-specific needs

and priorities

Differentiated Support: Support mechanisms can be tailored to municipal capacity

and requirements

Performance Monitoring: Cluster membership can inform monitoring and evaluation

frameworks

5.3 Theoretical Implications

This research contributes to several theoretical domains:

Digital Divide Theory: Provides empirical evidence for multidimensional digital
divide patterns in developing country municipal contexts.

Territorial Development Theory: Demonstrates the utility of machine learning

approaches for understanding complex territorial development patterns.

Public Policy Theory: Illustrates the potential for data-driven policy design and

implementation in resource-constrained environments.

5.4 Limitations and Future Research

5.4.1 Current Limitations

1. Data Constraints: Some indicators rely on self-reported data with potential bias

issues.

11
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2. Temporal Coverage: The analysis provides a snapshot rather than longitudinal

development patterns.

3. External Factors: The analysis does not fully account for external factors influencing

municipal digital development.

4. Algorithm Characteristics: K-Means assumes spherical clusters which may not

perfectly match real-world municipal development patterns.
5.4.2 Future Research Directions

1. Longitudinal Analysis: Extended temporal analysis to understand municipal

development trajectories over time.

2. Causal Analysis: Investigation of factors driving cluster membership and municipal

performance differences.

3. Comparative Studies: Application of the methodology to other countries and

municipal contexts.

4. Advanced Algorithms: Exploration of alternative clustering algorithms and ensemble

methods.

5. Predictive Modeling: Development of models to predict future municipal

development trajectories.
6. Conclusion

This research successfully demonstrates the application of K-Means clustering algorithm for
classifying Beninese municipalities according to their digital development profiles using a
comprehensive 45-indicator framework. The three-cluster typology—digitally advanced,
moderate development, and limited development—provides a robust framework for

understanding territorial digital disparities and informing policy development.

The classification results directly support evidence-based municipal digital development
planning by providing clear categories for differentiated policy approaches. This analytical
framework represents a significant advancement over traditional municipal classification
systems by incorporating comprehensive digital development indicators and employing

sophisticated machine learning techniques.

The methodology established through this research offers several key contributions:

12
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1. Systematic Classification: A data-driven approach to municipal classification that

captures the complexity of digital development patterns in the Beninese context.

2. Policy Relevance: Actionable insights that directly support differentiated policy

development and resource allocation optimization.

3. Methodological Innovation: A comprehensive framework adaptable to other contexts

and applications.

4. Evidence Base: Empirical foundation for understanding digital territorial

development in developing country contexts.

The results reveal significant heterogeneity in digital development across Beninese
municipalities, with the majority clustering in a moderate development category while small
groups represent advanced and limited development profiles. This pattern suggests that while
most municipalities have achieved basic digital development levels, there are clear
opportunities for targeted interventions to support advancement and address specific
challenges.

The identification of digitally advanced municipalities (including major urban centers like
Cotonou, Porto-Novo, and Parakou) provides models for best practices and peer learning
opportunities. Simultaneously, the identification of limited development municipalities

highlights priority areas for intensive support and resource allocation.

Future implementation of this methodology can support continuous monitoring of municipal
digital development and inform adaptive policy making. The foundation established through
this research provides an excellent platform for expanding analytical capabilities and

supporting evidence-based governance at the municipal level.

The broader implications of this work extend beyond the Beninese context, offering
methodological insights applicable to territorial development analysis in other developing
countries. The integration of machine learning techniques with comprehensive indicator
frameworks demonstrates the potential for advancing both theoretical understanding and

practical policy making in the digital age.
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