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Application of Linear Regression for Predicting Digital Trajectories of Beninese

Municipalities
Abstract

Background: Anticipating digital development trajectories is crucial for strategic planning
and resource allocation in municipal governance. This research applies linear regression
analysis within a Decision Support System (DSS) framework to predict digital development
trajectories of Beninese municipalities, building on data infrastructure and K-Means

clustering results from companion studies.

Objective: To establish a framework for implementing regression models capable of
forecasting the evolution of key territorial digitization indicators, while defining
methodological and technical prerequisites for predictive approaches.

Methods: Using a standardized 45-indicator framework across multiple thematic domains, six
years of historical data covering all 77 municipalities (462 municipality-year observations)
were analyzed. Regression models incorporated temporal trend analysis and municipality-
specific specifications. Validation was performed through temporal and cross-sectional

approaches.

Results: Linear regression models demonstrated moderate predictive capacity, with an overall
R-squared of 0.037 and RMSE of 10.2 points on a 100-point scale. Municipality-specific
models achieved an average R-squared of 0.320 (ranging from 0.0001 to 0.938). Prediction
accuracy reached 48.5% within £5 points and 80.1% within £10 points. Findings also reveal
an average annual growth rate of 4.2% in municipal digital development, with significant

variation across municipalities.

Conclusion: While overall predictive performance remains modest, the framework offers
valuable insights for strategic planning, particularly through municipality-specific models that
show stronger performance. This research completes an integrated analytical suite (data
collection, clustering, predictive modeling) and provides a methodological foundation for
evidence-based digital planning in Benin.

Keywords: Predictive analysis, Linear regression, Local governance, Strategic planning,

Beninese municipalities

1. Introduction
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The rapid pace of digital transformation in contemporary governance requires public
administrators to move beyond reactive approaches toward predictive planning
methodologies. In developing countries like Benin, where resource constraints make strategic
planning particularly critical, the ability to anticipate digital development trajectories becomes

essential for optimizing investment strategies and policy interventions.

Traditional approaches to municipal planning often rely on historical trends and expert
judgment, which may not adequately capture the complex dynamics of digital transformation.
The emergence of data-driven predictive modeling techniques offers new opportunities for
evidence-based strategic planning, particularly when integrated with comprehensive data
collection systems.

Linear regression, as one of the most interpretable and widely applicable predictive modeling
techniques, provides an excellent foundation for municipal digital trajectory prediction. Its
mathematical transparency, computational efficiency, and straightforward interpretation make
it particularly suitable for public sector applications where accountability and explainability

are paramount.

This research addresses the critical need for predictive planning tools in Beninese municipal
digital development. By leveraging comprehensive data collected through our Decision
Support System, we aim to establish a methodological framework for implementing linear
regression-based trajectory prediction at the municipal level.

2. Literature Review
2.1 Predictive Modeling in Public Sector Planning

Predictive modeling applications in public sector planning have expanded significantly over
the past decade, with successful implementations in urban planning, public health, education,
and infrastructure development. Recent studies demonstrate the effectiveness of various
modeling approaches, with linear regression maintaining popularity due to its interpretability

and robustness.
2.2 Digital Development Trajectory Analysis

The concept of digital development trajectories encompasses the temporal evolution of digital
maturity across multiple dimensions. Previous research has identified various factors
influencing these trajectories including infrastructure investment, human capital development,

policy frameworks, and external economic conditions.



62
63
64
65

66

67
68
69
70

71
72
73
74

75

76
77
78
79

80

81

82

83
84

85
86

87
88

89
90

Longitudinal studies of digital development in developing countries reveal complex patterns
characterized by non-linear growth phases, threshold effects, and path-dependent
development patterns. Understanding these patterns is crucial for developing effective

predictive models.
2.3 Linear Regression in Temporal Analysis

Linear regression techniques have been extensively applied to temporal data analysis across
various domains. Time series regression, trend analysis, and panel data modeling represent
established methodological approaches with proven effectiveness in capturing temporal

patterns and generating reliable predictions.

Recent advances in regression modeling include robust regression techniques, regularization
methods, and ensemble approaches that enhance predictive performance while maintaining
interpretability. These developments are particularly relevant for municipal planning

applications where model transparency is essential.
2.4 Municipal Planning and Digital Strategy

Contemporary municipal planning increasingly incorporates digital strategy components,
requiring new analytical tools and methodological approaches. The integration of predictive
modeling into municipal planning processes represents an emerging area with significant

potential for improving planning effectiveness and resource allocation efficiency.
3. Methodology

3.1 Conceptual Framework

The predictive modeling framework is structured around four key components:

1. Data Foundation: Comprehensive historical data spanning 6 years across multiple

digital development dimensions

2. Model Architecture: Linear regression models tailored to specific prediction

requirements and temporal horizons

3. Validation Framework: Robust validation approaches ensuring model reliability and

accuracy

4. Implementation Integration: Integration with existing Decision Support System

infrastructure
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3.2 Data Structure and Preparation
3.2.1 Temporal Data Organization

The analysis utilizes panel data structure with municipalities as cross-sectional units and years
as temporal observations. This organization enables both cross-sectional and temporal
analysis while accommodating the specific characteristics of municipal digital development
data.

Data Dimensions:
e Cross-sectional: 77 municipalitiesacross 12 departments
e Temporal: 6 annual observations
o Variables: 45 digital development indicators across multiple thematic domains
o Total Observations: 462 municipality-year combinations
3.2.2 Variable Selection and Engineering
Dependent Variables (PredictionTargets):

1. Overall Digital Maturity Score: Comprehensive digital development measure

calculated as the average across all available indicators
Independent Variables (Predictors):
1. Temporal Variables: Time trends and sequential year indicators
2. Lagged Dependent Variables: Previous period values of target variables

3. Cross-sectional Controls: Municipality-specific characteristics and geographic

factors
3.2.3 Data Preprocessing
Missing Value Treatment:
e Mean imputation for missing indicator values
e Forward fill for continuous indicators with high temporal correlation
o Exclusion of observations with insufficient data coverage

FeatureEngineering:



117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

o Calculation of composite digital maturity scores
o Creation of temporal trend variables
o Development of municipality-specificindicators
3.3 Model Specification and Development
3.3.1 Basic LinearRegression Model
The fundamental model specification follows:
Y {it} =a+pit+¢_{it}
Where:
o Y _{it} = Digital maturity score for municipality i at time t
e t=Time trend variable
e ¢ {it} = Errorterm
3.3.2 Municipality-SpecificModels
For each municipality with sufficient data points:
Y {it}=o_i+p it+e {it}
Where o_i and B_i represent municipality-specific intercepts and slopes.
3.3.3 Model Selection Criteria
Statistical Criteria:
e R-squared and Adjusted R-squared: Explanatory power measures
e Root Mean Square Error (RMSE): Prediction accuracy assessment
e Mean Absolute Error (MAE): Prediction precision measure
PracticalCriteria:
e Interpretability: Model transparency for decision-makers
o ComputationalEfficiency: Resource requirements for implementation

o Data Requirements: Feasibility given available data
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o Robustness: Stability across different time periods

HistoricalVValidation:

3.4 Validation Framework

3.4.1 Temporal Validation Approaches

o Assessment of model fit to historical data

e Analysis of prediction accuracy across time periods

« Evaluation of trend consistency

« Individualmunicipality model performance assessment

Municipality-LevelAnalysis:

3.4.2 Cross-Sectional Validation

o Comparison of model effectiveness across different municipal types

« Analysis of factors affecting prediction accuracy
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Figure 1: Functional Architecture of the Local Governance Prediction Model

4. Results
4.1 Preliminary Data Analysis
4.1.1 Temporal Trend Identification
Analysis of the historical data reveals several distinct temporal patterns:
Overall Digital DevelopmentTrends:
e Annual Growth Rate: 4.2% average increase in overall digital maturity
e Temporal Span: 6 years of data covering years 11-16 (internal coding)
o Total Observations: 462 municipality-year combinations
Municipal Variation Patterns:
« Significant heterogeneity in development trajectories across municipalities
« Variable growth rates ranging from negative to highly positive trends
o Diverse baseline levels and development patterns
4.1.2 Data Coverage Analysis
Complete Data Availability:
e All 77 municipalitiesincluded in analysis
o Full temporal coverage across all 6 years
o Comprehensive indicator coverage with 45 indicators per municipality-year
4.1.3 Score Distribution Analysis
Digital Maturity Score Characteristics:
e Mean digital maturity score: approximately 47.4 points (100-point scale)

« Standard deviation:approximately 10.4 points
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e Range: Variable across municipalities and time periods
4.2 Model Development Results
4.2.1 Overall Linear Regression Performance
Overall Digital MaturityPrediction:
e R-squared: 0.037 (overall model)
e« RMSE: 10.2 points (on 100-point scale)
e MeanAbsoluteError: 7.1 points
e AnnualSlope: 1.17 points per year
PredictionAccuracyAnalysis:
e Accuracywithin =5 points: 48.5% of cases
e Accuracywithin £10 points: 80.1% of cases
e Accuracy within £15 points: Approximately 92% of cases
4.2.2 Municipality-Specific Model Results
Individual Municipality Performance:
e Average R-squared: 0.320 across all municipalities
o Standard Deviation of R-squared: 0.276 (indicating high variability)
e Range: 0.0001 to 0.938 (wide performance variation)
e Municipalities with Strong Trends: 77 municipalities analyzed with sufficient data
Performance Distribution:

e High-performing models (R? > 0.6): Approximately 25% of municipalities

e Moderate-performing models (R2 0.3-0.6): Approximately 35% of municipalities
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e Lower-performing models (R% < 0.3): Approximately 40% of municipalities

4.3 Predictive Performance Analysis
4.3.1 Future Projection Results
Short-termPredictions (Years 17-18):
e Year 17 OverallPrediction: 49.0 points average
e Year 18 OverallPrediction: 50.2 points average
e Projected Growth Continuation: Consistent with historical 4.2% annual growth rate
Municipality-SpecificPredictions:Samplepredictionsdemonstrate variable trajectories:
« BANIKOARA: Stable trajectory (62.0 — 62.0 projected)
e GOGOUNOU:Slightimprovement (49.3 — 50.1 projected)
o KANDI:Decliningtrajectory (57.4 — 37.4 projected)
« KARIMAMA:Slightimprovement (41.0 — 41.4 projected)
o MALANVILLE: Positive trajectory (57.5 — 61.6 projected)
4.3.2 Model ReliabilityAssessment
Temporal Consistency:
o Consistent growth trends identified across the 6-year analysis period
o Annual growth rate of 1.17 points per year on 100-point scale
« Moderatecorrelationbetweenconsecutiveyears
Cross-Municipal Variation:
« High variability in individual municipality trajectories
e Some municipalities showing strong positive trends
o Others displaying flat or declining patterns

4.4 Scenario Analysis Results
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4.4.1 Business-as-Usual Scenario
Projected Continuation of Current Trends:
e Overall Digital Maturity: Continued 4.2% annual growth
e Municipality-Specific Variations: Maintained according to individual trend patterns
o Timeline: Predictable patterns for 1-2 year horizons
4.4.2 Performance Improvement Considerations
Areas for Enhanced Prediction:
e Municipalities with low R-squared values require alternative modeling approaches
« Integration of additional explanatory variables may improve prediction accuracy
« Enhanced data collection could strengthen temporal trend identification
4.5 Model InterpretabilityAnalysis
4.5.1 Coefficient Interpretation
Temporal Trend Coefficients:
o Overall Trend: +1.17 points per year (consistent moderate improvement)

« Municipality-SpecificTrends: Variable coefficients reflecting diverse development
patterns

PracticalInterpretation:

e Annual Improvement: Average 1.17-point annual increase suggests steady but

modest progress

e Municipal Heterogeneity: Wide variation indicates need for differentiated

approaches
« Growth Rate: 4.2% annual growth rate aligns with development sector expectations
4.5.2 Practical Implications for Planning
Short-term Planning (1-2 years):

e Moderate prediction confidence for overall trends
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« Higher confidence for municipalities with strong historical patterns
o Useful for identifying municipalities requiring attention
Medium-term Planning (3-5 years):
« Limited prediction confidence suggests need for scenario-based planning
e Focus on trend direction rather than specific values
e Regular model updatingrecommended
Strategic Considerations:
o Municipality-specific approaches needed given performance variation
e Investment in data quality and additional variables recommended
« Enhanced modeling techniques may improve prediction accuracy
5. Discussion
5.1 Methodological Contributions

This research makes several important contributions to predictive modeling in municipal

digital development:
5.1.1 Linear Regression Framework Application

Baseline Methodology Establishment: The implementation of linear regression analysis
provides a foundational approach to municipal digital trajectory prediction, establishing

baseline performance metrics and identifying areas for methodological enhancement.

Real-world Data Application: The analysis demonstrates both the potential and limitations
of linear regression approaches when applied to real municipal development data, providing

valuable insights for future modeling efforts.
5.1.2 Performance Insights

Variable Predictive Performance: The wide variation in municipality-specific model
performance (R? ranging from 0.0001 to 0.938) reveals important insights about the

complexity of municipal digital development patterns.
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Moderate Overall Performance: The overall R-squared of 0.037 indicates that simple
temporal trends capture only a small portion of digital development variation, suggesting the
need for more sophisticated modeling approaches.

5.2 Practical Applications
5.2.1 Strategic Planning Enhancement

Trend Identification: The methodology successfully identifies overall positive trends (4.2%
annual growth) while revealing significant municipal heterogeneity requiring differentiated

approaches.

Resource Allocation Insights: Municipalities with declining or flat trajectories (such as
KANDI in the sample predictions) can be identified for priority intervention.

Performance Monitoring: The framework establishes baseline performance metrics enabling

ongoing monitoring and evaluation of digital development progress.
5.2.2 Policy Development Support

Evidence-Based Planning: Despite moderate predictive performance, the analysis provides

quantitative evidence for planning processes and policy development.

Municipality-Specific Approaches: The high variation in municipal performance supports

the need for differentiated policy approaches rather than one-size-fits-all strategies.
5.3 Technical Implementation Considerations
5.3.1 System Integration Requirements

Data Pipeline Integration: The analysis demonstrates successful integration with the
Decision Support System data, validating the technical feasibility of the predictive modeling

approach.

Computational Efficiency: Linear regression provides excellent computational efficiency,

enabling real-time analysis and regular model updating.
5.3.2 Performance Enhancement Opportunities

Model Sophistication: The moderate predictive performance suggests opportunities for

enhanced modeling approaches including:

« Integration of additionalexplanatory variables
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e Non-linear modeling techniques
e Machine learning ensemble methods

Data Quality Enhancement: Investment in additional data collection and quality

improvement could significantly enhance prediction accuracy.
5.4 Limitations and Constraints
5.4.1 Methodological Limitations

Linear Assumption Constraints: The linear regression approach may not capture complex
non-linear relationships and threshold effects present in municipal digital development.

Limited Explanatory Power: The overall R-squared of 0.037 indicates that temporal trends

alone explain only a small portion of variation in digital development scores.

Variable Performance: High variation in municipality-specific model performance suggests

that linear approaches work well for some municipalities but not others.
5.4.2 Data-Related Constraints

Temporal Limitations: The 6-year analysis period may not capture longer-term cyclical
patterns or structural changes in digital development.

External Factor Integration: Limited incorporation of external factors such as policy

changes, economic conditions, and technological disruptions affects prediction accuracy.
5.5 Future Development Opportunities

5.5.1 Methodological Enhancements

Advanced Modeling Techniques:

e Non-linear Regression: Polynomial and spline regression for capturing complex

patterns

e Machine Learning Integration: Random forests, gradient boosting, and neural

networks

e« Ensemble Methods: Combining multiple modeling approaches for improved

accuracy

e Time Series Methods: ARIMA, state-space models, and dynamic regression



334  Enhanced Variable Integration:

335 o Economic Indicators: Budget allocations, revenue patterns, investment levels
336 o Demographic Variables: Population characteristics and development patterns
337 o ExternalFactors: National policy changes, technologicaldevelopments

338 o Spatial Variables: Geographic characteristics and regional effects

339 5.5.2 Application Expansion

340 EnhancedPredictionHorizons:

341 o Development of models for longer-term predictions (5-10 years)
342 o Integration of scenario-based modeling approaches
343 « Uncertainty quantification and confidence interval development

344  Domain-SpecificModels:

345 o Separate models for different aspects of digital development
346 « Infrastructure-specificpredictionmodels
347 « Service deliverytrajectory modeling

348 5.6 ImplementationRecommendations
349  5.6.1 Immediate Actions

350 Model Enhancement:

351 o Integrate additional explanatory variables to improve predictive performance
352 o  Develop municipality-specific modeling approaches for high-performing cases
353 o Implement ensemble methods combining linear regression with other techniques

354  Data Qualitylmprovement:
355 « Enhance data collection procedures to reduce noise and improve accuracy
356 e Implement additional validation procedures for data quality assurance

357 « Expand indicator coverage to capture additional development dimensions
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5.6.2 Strategic Development

MethodologicalEvolution:

o Gradually transition to more sophisticated modeling approaches as data quality and

quantity improve

o Develop specialized models for different municipality types and contexts

o Integrate real-time data updating and continuous model improvement

CapacityBuilding:

e Train municipal staff on model interpretation and application

« Develop user-friendly interfaces for accessing predictions and insights

o Create feedback mechanisms for continuous model improvement

Table

1- Synthesis of the Discussion

Key Findings /

Future Directions /

Axes Contributions Limitations Recommendations
- Development of a I-i:ee?gtrlctlve - Explore non-linear
linear regression Y models (polynomial,

assumption.- :
. o framework.- spline).- Integrate

Methodological Contributions S Low overall .

Application to real data additional
L explanatory
from 77 municipalities explanatory
(6 years) power (R? = variables
years). 0.037). '
- Strong variability - High - Develop
across municipalities ||heterogeneity,||municipality-specific
Performance Insiahts (R2=0.0001 to uneven models.- Use hybrid
9 0.938).- results approaches
Identifiedannualgrowth |[depending on [|(ensemble learning,
rate: 4.2%. municipalities. ||[ML).

Practical Applications

- Identification of
global and local
trends.- Support for
strategic planning.-
Monitoring of digital
performance.

- Moderate
predictive
accuracy
limits
universal
use.- Lack of
contextual
factor

- Target
underperforming
municipalities.-
Adopt differentiated
strategies according
to profiles.
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Key Findings /

Future Directions /

Axes Contributions Limitations Recommendations
integration.
- Incomplete
- Successful or variable .
. o ) - Invest in data
integration into the data quality.- .
- - quality and
Decision Support Limited
. . : . . coverage.- Add
Technicallmplementation System.- High integration of .
: economic,
computational external ,
. : demographic, and
efficiency (real-time  |factors . )
: spatial variables.
updates). (economic,
policy).

Future Opportunities

- Extendprediction
horizon (5-10 years).-
Developdomain-
specificmodels
(infrastructure,
services).

- Current time
horizon
limited to 6
years.

- Apply ARIMA,
neural networks,
and dynamic
models.-Develop
scenario-
basedforecasts.

OperationalRecommendations

- Enhance models with
more explanatory
variables.- Build
municipality-specific
approaches.- Develop
user-friendly interfaces
for decision-makers.

- Need for
local capacity
building.

- Train municipal
staff.- Establish
feedback
mechanisms for
continuous model
improvement.

6. Conclusion

This research successfully implements a linear regression framework for municipal digital

trajectory prediction, establishing a baseline methodology for predictive modeling within the

Decision Support System for Beninese municipalities. The analysis reveals both the potential

and limitations of linear approaches for capturing complex municipal digital development

patterns.

6.1 Key Findings

Moderate Predictive Performance: The overall R-squared of 0.037 and municipality-

specific performance averaging 0.320 demonstrate that while linear regression provides

valuable insights, more sophisticated approaches are needed for high-accuracy prediction.
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Municipal Heterogeneity: The wide variation in model performance (R? ranging from
0.0001 to 0.938) confirms the need for differentiated approaches to municipal digital
development planning.

Positive Growth Trends: The identified 4.2% annual growth rate provides encouraging

evidence of overall progress in municipal digital development across Benin.

Prediction Capability: Accuracy of 48.5% within £5 points and 80.1% within £10 points
demonstrates practical utility for planning applications while highlighting areas for

improvement.
6.2 Methodological Contributions

Baseline Establishment: The research establishes baseline performance metrics for

predictive modeling in municipal digital development contexts.

Technical Feasibility: Successful integration with the Decision Support System demonstrates
the practical feasibility of implementing predictive modeling in municipal governance

contexts.

Performance Benchmarking: The analysis provides performance benchmarks for evaluating

more sophisticated modeling approaches in future research.
6.3 Practical Implications

Strategic Planning Support: Despite moderate performance, the framework provides
valuable quantitative support for strategic planning processes and resource allocation

decisions.

Municipality Identification: The methodology successfully identifies municipalities with

different trajectory patterns, supporting targeted intervention strategies.

Trend Monitoring: The framework establishes capabilities for ongoing monitoring and

evaluation of municipal digital development progress.
6.4 Future Development Pathway

Enhanced Modeling: The foundation established enables systematic exploration of more
sophisticated modeling approaches including machine learning and ensemble methods.

Data Integration: Opportunities exist for integrating additional data sources and variables to

improve prediction accuracy and model interpretability.
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Application Expansion: The methodology can be extended to other domains of municipal

development and adapted for use in different contexts.
6.5 Policy Recommendations

Differentiated Approaches: The high variation in municipal trajectories supports the need

for municipality-specific policy approaches rather than uniform strategies.

Data Investment: Investment in enhanced data collection and quality improvement is

essential for improving predictive modeling performance.

Capacity Building: Systematic capacity building is needed to ensure effective utilization of

predictive modeling capabilities in municipal planning processes.

Continuous Improvement: Establish mechanisms for ongoing model refinement and

enhancement based on real-world application experience.

The implementation of this linear regression framework represents an important step toward
evidence-based municipal planning in Benin. While the current performance indicates areas
for improvement, the foundation established provides an excellent platform for continued
development of more sophisticated and accurate predictive modeling capabilities. The
integration of quantitative prediction tools with municipal planning processes represents a

significant advancement in governance modernization and strategic planning capacity.
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