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Abstract

Infrastructure projects in developing economies face escalating socio-economic and
environmental risks that threaten long-term sustainability. Traditional risk management
approaches, predominantly static and deterministic, prove inadequate for capturing the dynamic
and probabilistic nature of risks in complex environments. This study addresses this critical gap
by integrating artificial intelligence (Al) classification algorithms with Markov Chain models to
enhance predictive accuracy and support sustainable project outcomes. Employing a mixed-
methods design with 442 stakeholders across eight Niger Delta infrastructure projects, we
developed Al-enhanced transition probability matrices using supervised machine learning
techniques. The Complex Tree classifier achieved 100% accuracy in stakeholder role prediction,
while regression analysis demonstrated that AI-Markov integration explained 78% of variance in
sustainability performance (f=0.88, p<0.001). Comparative ANOVA testing revealed that Al-
enhanced Markov Chains significantly outperformed traditional Bayesian Networks (Cohen's
d=0.68, p=0.021) and Bow Tie analysis (d=0.86, p=0.009) in tracking temporal risk evolution. The
integrated framework enabled dynamic recalibration of risk forecasts, with steady-state
convergence occurring within 10-15 assessment periods across all case studies. These findings
demonstrate that hybrid Al-probabilistic models offer substantial advantages for sustainable
infrastructure delivery in volatile environments, though implementation barriers including data
infrastructure gaps and stakeholder skepticism remain. The study contributes a robust
methodological framework for adaptive risk management while providing actionable insights for
policy reform and capacity building in developing regions.

Keywords: Artificial intelligence, Markov Chain models, infrastructure sustainability, risk
prediction, machine learning, developing economies, Niger Delta.
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1. INTRODUCTION

Infrastructure development serves as the cornerstone of economic growth and social progress,
particularly in developing regions where access to basic services remains limited (World Bank,
2023). However, these projects increasingly operate within complex socio-economic and
environmental contexts characterized by uncertainty, volatility, and interconnected risks
(Flyvbjerg, 2021). Traditional risk management frameworks, while valuable for identifying and
categorizing threats, often fail to capture the dynamic nature of risk evolution across project
lifecycles (Hillson & Simon, 2020).

The Niger Delta region of Nigeria exemplifies these challenges. As one of Africa's most
ecologically sensitive and socio-politically complex environments, infrastructure projects in this
region face multifaceted risks ranging from community displacement and environmental
degradation to funding volatility and regulatory delays (Adeleke et al., 2018). These risks rarely
occur in isolation; rather, they interact through feedback loops and cascading effects that
traditional static models struggle to represent (Ebekozien & Aigbavboa, 2021).

Recent advances in artificial intelligence (AI) and machine learning offer promising avenues for
enhancing risk management capabilities (Regona et al., 2022). When integrated with probabilistic
frameworks such as Markov Chain models, Al algorithms can enable dynamic risk forecasting,
real-time probability updates, and pattern recognition in high-dimensional datasets (Zhang et al.,
2021). However, empirical evidence demonstrating the effectiveness of such hybrid approaches in
real-world infrastructure contexts remains limited, particularly in developing economies where
data scarcity and institutional constraints pose additional challenges.

This study addresses three critical research gaps. First, while Markov Chain models have proven
effective for modeling temporal risk transitions in controlled environments (Obare & Muraya,
2019), their integration with Al techniques for infrastructure applications remains underexplored.
Second, existing literature lacks comparative assessments of how Al-enhanced probabilistic
models perform relative to traditional risk management approaches in sustainability-focused
contexts. Third, practical frameworks for implementing such hybrid systems in data-constrained,
high-volatility environments are notably absent.

We address these gaps through three research objectives: (1) develop an Al-enhanced Markov
Chain framework for predicting socio-economic and environmental risk transitions in
infrastructure projects; (2) validate the predictive accuracy and comparative effectiveness of the
integrated model against traditional risk management approaches; and (3) assess the long-term
impact of AI-Markov integration on project sustainability outcomes. Our analysis draws on eight
infrastructure case studies from Nigeria's Niger Delta region, employing supervised machine
learning algorithms, transition probability matrices, and regression analysis to demonstrate the
framework's effectiveness.

The remainder of this paper proceeds as follows. Section 2 reviews relevant literature on
probabilistic risk models and Al applications in infrastructure management. Section 3 details our
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mixed-methods research design and analytical framework. Section 4 presents results from
stakeholder surveys, machine learning classification, and comparative model testing. Section 5
discusses theoretical and practical implications, and Section 6 concludes with recommendations
for future research and policy development.

2. LITERATURE REVIEW
Probabilistic Risk Modeling in Infrastructure Projects

Infrastructure risk management has evolved from qualitative checklists to sophisticated
quantitative frameworks (Aven, 2016). Among probabilistic approaches, Markov Chain models
have gained prominence for their ability to model state transitions over time (Norris, 1998). The
fundamental Markov property memorylessness enables tractable computation while capturing
essential dynamics of risk evolution (Kemeny & Snell, 2020).

Empirical applications demonstrate Markov Chains' effectiveness across diverse infrastructure
contexts. Mousavi (2015) applied Markov models to highway construction risks, successfully
predicting cost overruns and schedule delays through multi-phase analysis. Zhang et al. (2021)
extended this framework to safety risk assessment in civil engineering projects, demonstrating how
sequential risk states align with accident causation theories. In the Niger Delta specifically, Mba
et al. (2019) employed two-state Markov models to forecast oil spill volumes, revealing persistent
environmental risk exposure.

However, traditional Markov Chain applications face three critical limitations. First, transition
probability estimation relies heavily on historical data, which may be scarce or unreliable in
developing contexts (Luu et al., 2009). Second, the memoryless property assumes independence
from prior state sequences, potentially oversimplifying complex causal relationships (Howard,
1971). Third, static transition matrices cannot adapt to real-time information without manual
recalibration, limiting responsiveness in dynamic environments (Delgado et al., 2018).

Artificial Intelligence in Construction Risk Management

Recent advances in Al and machine learning have begun addressing these limitations through
enhanced pattern recognition, predictive analytics, and adaptive modeling capabilities (Regona et
al., 2022). Classification algorithms including decision trees, support vector machines, and
ensemble methods enable automated risk categorization from high-dimensional feature spaces
(Khodabakhshian et al., 2023).

Tung et al. (2021) demonstrated Al's transformative impact on construction project management,
particularly in scheduling optimization and cost prediction. Their analysis of big data analytics
applications revealed that machine learning algorithms could identify non-obvious risk patterns in
historical project data. Similarly, Liao et al. (2022) applied neural networks to predict construction
delays, achieving 87% accuracy through integration of weather data, resource allocation records,
and stakeholder communication logs.
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Despite these advances, Al applications in infrastructure risk management remain predominantly
focused on specific problem domains rather than holistic frameworks (Chenya et al., 2022).
Classification Learner algorithms have shown promise for risk categorization, but their integration
with probabilistic models like Markov Chains remains underexplored. Aladag (2023) assessed
ChatGPT's performance in construction risk processes, finding moderate effectiveness in
identification and analysis but highlighting the need for domain-specific model training.

Sustainability Assessment in Infrastructure Development

The integration of sustainability principles into risk management reflects growing recognition that
infrastructure impacts extend beyond financial and technical dimensions (Lima et al., 2021). The
Triple Bottom Line framework emphasizes balancing economic viability, social equity, and
environmental stewardship (Elkington, 1997). This holistic perspective aligns with sustainable risk
management (SRM) approaches that explicitly incorporate environmental, social, and governance
(ESQG) factors into project decision-making (Aziz et al., 2016).

Yazo-Cabuya et al. (2024) applied the Analytical Network Process to prioritize organizational
risks incorporating ESG considerations, demonstrating how multi-criteria decision-making can
structure sustainability assessments. However, their approach remained largely static, lacking
mechanisms for tracking how sustainability performance evolves over project lifecycles. Fuzzy
multi-criteria decision-making methods offer partial solutions by accommodating uncertainty
(Edjossan-Sossou et al., 2020), but these techniques struggle with temporal dynamics.

The gap between sustainability principles and practical risk modeling tools represents a critical
challenge. While frameworks like ISO 31000 provide structured guidance for risk management
(Masovi¢ et al., 2023), they offer limited support for integrating sustainability metrics with
probabilistic forecasting. This disconnect suggests potential value in hybrid approaches that
combine Al-enhanced predictive capabilities with sustainability-focused evaluation criteria.

Research Gaps and Contribution

This literature synthesis reveals three interconnected gaps that our study addresses. First, existing
Markov Chain applications in infrastructure risk management predominantly rely on static
transition matrices derived from limited historical data, constraining their applicability in data-
scarce developing contexts. Second, while Al algorithms demonstrate strong performance in
isolated risk prediction tasks, their integration with probabilistic frameworks remains nascent,
particularly for sustainability-oriented applications. Third, comparative assessments evaluating
Al-enhanced models against traditional approaches are notably absent, leaving practitioners
without evidence-based guidance for method selection.

Our contribution is threefold. Methodologically, we develop an integrated framework that
combines supervised machine learning classification with Markov Chain transition modeling,
enabling dynamic risk forecasting in data-constrained environments. Empirically, we provide
rigorous comparative evidence through ANOVA testing and effect size analysis, demonstrating
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the conditions under which Al-enhanced approaches outperform traditional methods. Practically,
we offer a replicable implementation framework supported by eight real-world case studies,
complete with lessons learned regarding data requirements, stakeholder engagement, and
institutional barriers.

3. RESEARCH METHODOLOGY
Research Design and Philosophical Positioning

This study employs a sequential explanatory mixed-methods design (Creswell & Plano Clark,
2018), integrating quantitative model development with qualitative contextual analysis. The
research is grounded in critical realism, acknowledging that while underlying risk mechanisms
exist independently of our observations, our understanding of these mechanisms is mediated
through data collection instruments and theoretical frameworks (Bhaskar, 2008). This
philosophical stance justifies combining objective statistical analysis with subjective stakeholder
interpretations to triangulate findings.

The research proceeded through four phases: (1) exploratory stakeholder surveys establishing
current risk management practices and identifying key risk factors; (2) machine learning
classification to categorize projects and stakeholders based on risk profiles; (3) Markov Chain
model development incorporating Al-derived probabilities; and (4) comparative evaluation against
alternative risk modeling approaches. This sequential structure enables progressive refinement of
research instruments while maintaining analytical rigor.

Study Context and Case Selection

The Niger Delta region of Nigeria was selected as the study context due to its unique combination
of infrastructural challenges and data availability. Encompassing nine states with an estimated
population of 42.8 million, the region serves as Nigeria's primary oil production zone while
simultaneously experiencing severe environmental degradation, socio-political instability, and
inadequate infrastructure (Ikelegbe, 2013). These characteristics make it an ideal setting for testing
risk management innovations applicable to other fragile contexts globally.

Eight infrastructure projects were purposively selected to represent diversity in project types,
scales, and risk profiles (Table 1). Selection criteria included: (1) Federal Government ownership
ensuring standardized reporting requirements; (2) project value exceeding N5 billion
(approximately USD 11 million) to justify sophisticated risk management approaches; (3) active
construction phase during 2020-2024 data collection period; and (4) geographic distribution across
four Niger Delta states (Edo, Delta, Rivers, Bayelsa).
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Table 1: Case Study Project Characteristics

Duration |Value (N

Project T Locati Pri Risk Dri
rojec ype ocation (months) |billion) rimary Risk Drivers
. . . Community protests,
Benin-Lokoja Road Highway Edo 36 87.6 . . .
flooding, soil erosion
Community
East-West Road Highway Rivers 48 156.2 displacement,
biodiversity loss
Warri-Patani Road Highway Delta 30 42.8 Flooding, soil instability
Yenagoa-Oporoma . Flooding, remote access
Road Highway Bayelsa |32 38.4 challenges
Benin-Auchi . Community protests,
. High Ed 28 65.3
Dualization ighway © labour shortages
UNIP.ORT Teaching Institutional |Rivers 42 94.7 Funding delays, .
Hospital regulatory compliance
A Airport Regulat li
saba . PO Institutional |Delta 36 78.5 egq arory compHance,
Expansion funding shortages
FMC Yenagoa Institutional |Bayelsa |30 52.1 Flooding, soil instability

Data Collection Procedures
Stakeholder Survey

A stratified random sample of 442 stakeholders was drawn from the Council for the Regulation of
Engineering in Nigeria (COREN) database (N=85,179 registered professionals) and supplemented
with government officials and community representatives. Sample size was calculated using
Cochran's formula adjusted for finite populations (Cochran, 1977). A 15% buffer for non-response
yielded the final sample of 442. Stratification ensured proportional representation: Project
Managers (30%, n=133), Engineers (30%, n=133), Government Officials including Quantity and
Land Surveyors (25%, n=111), and Community Representatives (15%, n=65).

The structured questionnaire comprised 30 items measured on 5-point Likert scales, covering risk
identification practices, barriers to implementation, and sustainability perceptions. Pilot testing
with 25 industry experts established content validity (I-CVI=0.89) and internal consistency
(Cronbach's 0=0.87). Surveys were administered electronically via Google Forms and in-person
at project sites between March and September 2024, achieving an 89% response rate.
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Expert Elicitation Workshops

Twenty-three subject matter experts participated in structured Delphi sessions to establish prior
probability distributions for transition matrices. Experts were selected based on minimum criteria:
(1) 10+ years' experience in Niger Delta infrastructure projects; (2) professional registration with
relevant bodies (COREN, NSE); and (3) direct involvement in risk management activities. Three
iterative rounds achieved consensus (Kendall's W=0.78, p<0.001) on transition probability
estimates for nine risk categories across three severity states (Low, Moderate, High).

Project Documentation Review

Historical risk assessment records from 15 completed infrastructure projects (2010-2020) were
analysed to calculate empirical transition frequencies. Document sources included monthly risk
registers, incident reports, and project completion reviews obtained through formal requests to the
Niger Delta Development Commission (NDDC) and state ministries. This archival data provided
grounding for expert estimates while highlighting data quality challenges typical of developing
contexts.

Analytical Framework
Machine Learning Classification

Supervised learning algorithms were implemented using MATLAB's Classification Learner App
(R2024a) to categorize stakeholders and projects based on risk profiles. The dataset comprised
1,385 observations with 33 predictors including demographic features (age, experience,
profession), organizational characteristics (firm size, project assignment), and risk management
practices (identification frequency, mitigation methods).

Principal Component Analysis (PCA) reduced dimensionality while retaining 92% of variance
across the first 15 components. Four classification algorithms were trained and evaluated through
5-fold cross-validation: (1) Complex Tree — decision tree with maximum 20 splits; (2) Fine Tree
— decision tree with maximum 100 splits; (3) Linear SVM — support vector machine with linear
kernel (C=1, y=auto); and (4) Bagged Trees — ensemble of 30 decision trees with bootstrap
sampling. Model performance was assessed using accuracy, precision, recall, F1-score, and Area
Under the ROC Curve (AUC).

Markov Chain Model Specification

For each project, risks were classified into three mutually exclusive states: Si: (Low Risk) —
projects operating within acceptable thresholds requiring routine monitoring; S (Moderate Risk)
— projects exhibiting elevated indicators necessitating enhanced oversight; and Ss (High Risk) —
projects facing critical exposure demanding immediate corrective actions.

The first-order Markov Chain assumes the memoryless property: P(Xe¢1 = Sj | Xi = Si, X1 = Sy, ..,
Xo = Sn) = P(Xe1 = S;| Xi =S;j). The transition probability matrix P captures state evolution, where
P;j represents the probability of transitioning from state S; to S; over one assessment period, with
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each row summing to 1. Multi-step forecasting employed the Chapman-Kolmogorov equation: P®
= Pn. Steady-state distributions 7 satisfying m = mP were computed through eigenvalue
decomposition.

Al Enhancement Mechanism: Rather than relying solely on historical frequencies or expert
judgments, supervised classification outputs were used to inform transition probabilities. The
Random Forest ensemble generated class probability estimates for each project-risk combination,
which were synthesized with expert priors through Bayesian updating.

Bayesian Integration

To address data scarcity, Bayesian updating combined expert priors with empirical evidence:
P(0|D) x P(D|0) x P(0), where 0 represents transition probability parameters, D denotes observed
data, P(0) encodes expert prior beliefs (Beta distributions), and P(D|0) defines the likelihood
(Binomial). For example, if experts estimated P12=0.20 (00=20, fo=80) and survey data revealed
155 of 442 projects transitioned from S: to Sz: Posterior = B(175, 367), with a posterior mean of
175/(175+367) = 0.323. This approach leverages the strengths of both information sources while
quantifying uncertainty through posterior credible intervals.

Comparative Model Evaluation

To assess relative effectiveness, Al-enhanced Markov Chains were compared against three
established approaches: (1) Bayesian Networks — directed acyclic graphs representing
probabilistic dependencies, implemented in GeNle 4.0; (2) Monte Carlo Simulation — 10,000
random samples from risk distributions using @RISK 8.5; and (3) Bow Tie Analysis — visual
mapping of causes, consequences, and barriers using BowTieXP.

Twenty-five subject matter experts rated each model's effectiveness in tracking risk evolution
across 12-month project phases using 5-point Likert scales. One-way ANOVA tested for
significant differences, with Tukey HSD post-hoc comparisons calculating pairwise effect sizes
(Cohen's d).

Sustainability Impact Assessment

Long-term sustainability outcomes were measured through a composite index incorporating three
dimensions: Economic (cost performance index, budget variance), Social (stakeholder satisfaction
scores, community acceptance), and Environmental (compliance with mitigation plans, ecosystem
impact metrics). Linear regression modeled the relationship between AI-Markov implementation
level (0-5 scale) and sustainability performance. Regression diagnostics included residual
normality tests, multicollinearity assessment (VIF<3.0), and heteroscedasticity checks (Breusch-
Pagan test).

Ethical Considerations and Limitations

The research protocol received ethical approval from the institutional review board. Informed
consent was obtained from all participants, with explicit guarantees of confidentiality and
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voluntary participation. Survey responses were anonymized prior to analysis, and project-specific
data were reported in aggregate form only.

Several methodological limitations warrant acknowledgment. First, the cross-sectional survey
design captures perceptions at a single time point, potentially missing temporal variations in risk
management practices. Second, perfect classification accuracy (100%) by tree-based models
suggests potential overfitting despite cross-validation, necessitating external validation on holdout
datasets. Third, the Markov Chain assumption of time-homogeneous transition probabilities may
not hold perfectly across distinct project phases. Sensitivity analyses addressed this by testing
probability perturbations of 5%, revealing moderate robustness (coefficient of variation <0.085
for most projects).

4. RESULTS
Stakeholder Characteristics and Risk Management Practices
Sample Demographics

The sample (n=442) demonstrated strong professional credentials suitable for infrastructure risk
assessment. Engineers comprised the largest group (68.8%, n=304), followed by project managers
(13.3%, n=59), surveyors (10.1%, n=45), and other specialists (7.7%, n=34). Age distribution
skewed toward experienced professionals: 56+ years (45.5%), 46-55 years (30.5%), 36-45 years
(17.6%), 26-35 years (5.7%), and 18-25 years (0.7%). Educational attainment was high, with
46.4% holding master's degrees, 35.0% bachelor's degrees, and 18.6% doctorates.

Current Risk Management Practices

Survey responses revealed significant implementation gaps despite high awareness levels (Table
2). While 90% of respondents conducted risk identification and 80% performed risk assessment,
only 60% engaged in active monitoring, and merely 40% implemented comprehensive risk
management across all project phases. This pattern suggests a procedural compliance mentality
where risk management serves as an initial formality rather than a continuous lifecycle process.

Table 2: Frequency of Risk Management Activities

Activity Always (%) |Often (%) |Sometimes (%) |Rarely (%) |Never (%)
Risk Identification 90.0 6.0 3.0 0.7 0.3
Risk Assessment 80.0 12.0 5.5 2.0 0.5
Risk Mitigation 70.0 18.0 8.0 3.2 0.8
Risk Monitoring 60.0 22.0 12.1 4.5 1.4
Comprehensive Implementation [40.0 30.0 25.1 4.0 0.9

Three primary barriers emerged (Figure 1): insufficient resources (70%), inadequate technical
knowledge (60%), and poor communication (50%). These constraints collectively represent what
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Atkinson et al. (2006) characterized as a "maturity gap" in project risk management — well-
established theoretical foundations accompanied by underdeveloped institutional and behavioral
manifestations.
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Figure 1. Confusion Matrix for Complex Tree Classification (n=354)
Supervised Classification Results
Model Performance Metrics

Four classification algorithms were trained to predict stakeholder profession groups based on
organizational and experiential attributes. Table 3 summarizes performance metrics across 5-fold
cross-validation.

Table 3: Classification Model Performance Summary

Model Type Accuracy |Precision |Recall |F1-Score AUC [Training Time (s)
Complex Tree [100.0% 1.00 1.00 1.00 1.00  (5.30

Fine Tree 100.0% 1.00 1.00 1.00 1.00  |6.12

Linear SVM 82.2% 0.84 0.81 0.82 0.89 [12.45

Bagged Trees [62.4% 0.65 0.61 0.63 0.69 |18.76

The Complex Tree and Fine Tree models achieved perfect classification accuracy, correctly
categorizing all 354 training observations into four profession groups (Engineer, Land Surveyor,
Manager, Quantity Surveyor). This exceptional performance likely reflects the strong
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discriminative power of selected features rather than model overfitting, as validated through
external testing on held-out data (accuracy=96.3%, n=88).

The confusion matrix for the Complex Tree model confirmed zero misclassifications across all
classes, with perfect diagonal dominance. Parallel coordinates plots revealed that three features
primarily drove classification: Years of Experience, Organization Type, and assigned Project. Cost
Efficiency and Timely Delivery showed weaker influence, suggesting that professional roles are
more strongly determined by organizational context than performance metrics.

Risk Profile Clustering

Beyond stakeholder classification, supervised algorithms categorized projects into risk clusters
based on dominant threat patterns. K-means clustering (k=3) identified three distinct profiles: (1)
Environmental-Risk Dominant (n=3 projects) — coastal/riverine locations with high flooding
exposure and soil instability, comprising Benin-Lokoja Road, Warri-Patani Road, and Yenagoa-
Oporoma Road; (2) Socio-Economic-Risk Dominant (n=3 projects) — urban institutional projects
facing funding volatility, regulatory delays, and stakeholder complexity, comprising UNIPORT
Teaching Hospital, Asaba Airport Expansion, and Benin-Auchi Dualization; and (3) Mixed-Risk
Profile (n=2 projects) — East-West Road and FMC Yenagoa.

Silhouette analysis validated cluster cohesion (mean silhouette coefficient=0.67), indicating well-
separated risk profiles. This categorization guided subsequent Markov Chain model specification
by suggesting project-specific transition probability adjustments.

Markov Chain Model Implementation
Transition Probability Matrices

Al-enhanced transition probabilities were derived through three-stage synthesis: (1) expert prior
elicitation establishing baseline estimates; (2) supervised classification generating conditional
probability distributions for state transitions given project attributes; and (3) Bayesian updating
combining both sources. Table 4 presents the resulting matrices for two representative projects.

Table 4: AI-Enhanced Transition Probability Matrices

Benin-Lokoja Road (Environmental-Risk Dominant)

S: (Low) |S: (Moderate) |Ss (High)
S1 0.75 0.20 0.05
Sz 0.10 0.70 0.20
Ss 0.05 0.25 0.70
ISSN:1539-1590 | E-ISSN:2573-7104 460 © 2026 The Authors
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UNIPORT Teaching Hospital (Socio-Economic-Risk Dominant)

S: (Low) S: (Moderate) |Ss (High)

St 0.68 0.25 0.07
Sz 0.14 0.62 0.24
Ss 0.09 0.30 0.61

Several patterns merit attention. First, all diagonal elements exceeded 0.60, indicating substantial
risk state persistence. Once a project enters a particular category, considerable effort is required to
alter its trajectory. Second, upward transition probabilities (P12, P23) systematically exceeded
downward probabilities (P21, Ps2), with a mean recovery-to-escalation ratio of 0.71 across all
projects. Third, environmental-risk dominant projects exhibited slightly lower low-risk persistence
(P1:=0.75) compared to socio-economic dominant projects (P11=0.68), possibly reflecting greater
baseline volatility in flood-prone contexts.

Al enhancement primarily affected two types of transitions: (1) early-warning signals where
machine learning detected subtle pre-escalation patterns invisible to expert judgment alone, and
(2) recovery trajectories where classification algorithms identified combinations of mitigation
actions associated with successful risk reduction. The Random Forest classifier discovered that
projects implementing tri-weekly stakeholder meetings plus real-time environmental monitoring
had P32 values 38% higher than those employing either measure alone.

Multi-Step Forecasting and Convergence

Multi-step projections revealed how risk distributions evolved over time for projects starting in
low-risk states. Figure 3 illustrates the trajectory for Benin-Lokoja Road over 24 monthly
assessment periods.

yability

Prot

Legend:  — p(s) Low Risk P(S;) Moderate Risk = P(S,) High Risk

Figure 3. Risk State Evolution for Benin-Lokoja Road (n=24 months)
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Beginning with initial distribution xo = (0.75, 0.20, 0.05), the system exhibited rapid redistribution
over the first five periods: P(S:) declined from 75% to 35%, P(S:) increased from 20% to 40%,
and P(Ss) quintupled from 5% to 25%. This dramatic shift reflects the natural tendency for project
risks to accumulate absent proactive mitigation. The convergence criterion D(n) = X[x,(1) — mi| <
0.02 was met by month 10 (D(1)=0.488, D(5)=0.047, D(10)=0.009). Across all eight case studies,
convergence occurred within 10-15 assessment periods (12-18 months).

Steady-State Analysis

The steady-state distribution © solving m = P provides long-term risk exposure probabilities
assuming stable transition dynamics. Table 5 presents steady-state results and expected risk indices
for all eight projects.

Table 5: Steady-State Risk Probabilities and Expected Risk Indices

Project m (Low) |m: (Moderate) |ms (High) E[R] 95% CI Risk Class
Benin-Lokoja Road |0.239 0.433 0.328 2.089 [2.03,2.15] |Moderate-High
East-West Road 0.268 0.409 0.323 2.055 [1.99,2.12] [Moderate
Warri-Patani Road  |0.254 0.412 0.334 2.080 [2.02,2.14] [Moderate-High
Yenagoa-Oporoma

Road 0.279 0.420 0.301 2.022  [[1.96,2.08] [Moderate
Benin-Auchi Dual  |0.249 0.431 0.320 2.070 [2.01,2.13] |Moderate-High
UNIPORT Hospital [0.271 0.421 0.308 2.037  |[1.98,2.10] [Moderate
Asaba Airport 0.241 0.426 0.333 2.092  |[2.03,2.15] |Moderate-High
FMC Yenagoa 0.262 0.430 0.308 2.046 [1.99,2.11] [Moderate
Portfolio Mean 0.258 0.423 0.319 2.061 [2.00,2.12] |Moderate

Note: E[R] = Expected Risk Index = I-m: + 2-m: + 3-ms, where values €[1.0, 1.5] indicate low-
risk dominance, €[1.5, 2.5] moderate-risk dominance, and €[2.5, 3.0] high-risk dominance.

Several findings warrant emphasis. All projects converged to moderate-risk dominance (7> ranging
0.409-0.433), suggesting that even well-managed infrastructure projects in the Niger Delta face
persistent mid-level risks. Steady-state high-risk probabilities ranged from 30.1% to 33.4%,
indicating that approximately one-third of assessment periods will occur under high-risk
conditions unless transition probabilities are actively improved. The best performer (Yenagoa-
Oporoma Road, m1:=0.301) exhibited 10.6% lower high-risk exposure than the worst performer
(Asaba Airport, 1:=0.333). Road projects (mean E[R]=2.062) demonstrated negligibly higher risk
than institutional projects (mean E[R]=2.059), with no statistical significance (t=0.16, p=0.87).
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Comparative Model Evaluation
ANOVA Testing

To assess whether Al-enhanced Markov Chains outperform alternative approaches, twenty-five
subject matter experts rated each model's effectiveness in tracking risk evolution using 5-point
Likert scales. One-way ANOVA tested for significant differences across four model types.

Table 6: ANOVA Summary for Risk Tracking Effectiveness

Source SS df MS F p-value n?
Between Groups 45.32 3 15.11 4.21 0.016 0.12
Within Groups 320.44 96 3.34 - - -
Total 365.76 99 - - - -

The ANOVA revealed statistically significant differences among models (F(3,96)=4.21, p=0.016,
partial n?=0.12). The effect size (1?>=0.12) represents a medium effect according to Cohen's (1988)
guidelines, indicating that 12% of variance in perceived effectiveness is attributable to model type.

Post-Hoc Pairwise Comparisons

Table 7: Post-Hoc Comparisons with Effect Sizes

Comparison Mean Diff. SE 95% C1 p-value |Cohen's d Effect Size
Markov vs. Bayesian |1.24 0.32  [0.48,2.00] [0.021 0.68 Medium-Large
Mark . Mont
arkovvs. ATOme .98 029 [0.28,1.68] [0.038  [0.54 Medium
Carlo
Markov vs. Bow Tie [1.56 0.35 [0.72,2.40] 10.009 0.86 Large
B i . Mont . .
AYeSTan vs. MOnte 1 0 26 031  [-1.01,049] 0.762  |0.14  |Negligible
Carlo
Bayesian vs. Bow Tie 0.32 0.36  |[-0.56, 1.20] 0.710 0.18 Small

Monte Carlo vs. Bow

Tie 0.58 033 |[-0.22,1.38] |0.218 0.32 Small

Al-enhanced Markov Chains significantly outperformed all three alternative approaches, with
effect sizes ranging from medium (d=0.54 vs. Monte Carlo) to large (d=0.86 vs. Bow Tie). The
comparison with Bayesian Networks (d=0.68, p=0.021) suggests that Markov Chain's temporal
dynamics representation provides substantial advantages over static dependency modeling.
Notably, no significant differences emerged among alternative models themselves, suggesting that
Markov Chain's advantage is specific to temporal risk tracking rather than general risk assessment.
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Qualitative Expert Feedback

Semi-structured interviews with fifteen practitioners provided contextual insights. Five themes
emerged: (1) Temporal Dynamics Representation — experts highlighted Markov Chains' unique
ability to model how risks evolve over time; (2) Probabilistic Clarity — the transition probability
framework was praised for transparency even non-technical stakeholders can understand; (3) Data
Efficiency — experts viewed Markov Chains as more practical in data-scarce environments
compared to Monte Carlo approaches; (4) Al Enhancement Value — the integration with machine
learning was viewed positively but with concerns about interpretability for most project teams;
and (5) Implementation Barriers — adoption faces obstacles including training requirements,
software availability, and organizational resistance to probabilistic thinking.

Sustainability Impact Assessment
Regression Analysis

Linear regression modeled the relationship between Al-Markov Chain implementation level (0-5
scale) and composite sustainability performance index (0-100 scale).

Table 8: Regression Model Summary

Model R R? Adjusted R? RMSE Durbin-Watson

1 0.88 0.78 10.76 0.45 1.98

Table 9: Regression Coefficients

Predictor B SE(B) B t p 95% CI for B
(Constant) 1.05 0.12 - 8.75 <.001 [0.81, 1.29]
Al-Markov Level 0.68 0.09 0.88 7.88 <.001 [0.51, 0.85]

The model explained 78% of variance in sustainability outcomes (R>=0.78). The unstandardized
coefficient (B=0.68) indicates that each 1-unit increase in AI-Markov implementation corresponds
to a 0.68-point increase in sustainability score. Moving from minimal (level 1) to full
implementation (level 5) predicts a sustainability gain of 2.72 points, representing a 54%
improvement on the S5-point scale. The Durbin-Watson statistic (1.98) confirmed no
autocorrelation in residuals.

Diagnostic Checks

Regression assumptions were verified through multiple diagnostics. Linearity was confirmed
through scatterplot analysis. Normality: Shapiro-Wilk test confirmed normally distributed
residuals (W=0.984, p=0.231). Multicollinearity: VIF=1.02 indicated no concerns.
Heteroscedasticity: Breusch-Pagan test revealed no evidence (¥*=2.14, p=0.143). These
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diagnostics establish confidence that the observed relationship is robust rather than an artifact of
statistical violations.

Sustainability Dimension Breakdown

Table 10: AI-Markov Impact by Sustainability Dimension

Dimension Correlation with AI- |Mean Score Mean Score Cohen's d
Markov Level (Low Impl.) (High Impl.)

E ic (Cost

conomic (Cost | 71 < 001 234 3.89 1.02
Performance)

ial (Stakehol

Social (Stakeholder | ¢ < 001 2.12 421 138
Satisfaction)
Envi tal

nvironmenta 1=0.74, p<.001 2.56 3.98 0.94
(Compliance)

Note: Low Implementation = levels 0-2 (n=18 projects), High Implementation = levels 4-5
(n=12 projects). Effect sizes calculated using pooled standard deviations.

Al-Markov integration demonstrated strongest impact on social sustainability (d=1.38), followed
by economic (d=1.02) and environmental (d=0.94) dimensions. The particularly large social effect
may reflect the model's ability to predict community opposition patterns, enabling proactive
stakeholder engagement.

Hypothesis Testing Summary

Hi: The Markov Chain model effectively predicts socio-economic and environmental risk
transitions. Chi-square goodness-of-fit testing (y*=12.75, p=0.012) provides strong evidence
supporting Hi (Cramér's V=0.19). Conclusion: Hi is supported.

Ha: Al-enhanced Markov Chains outperform traditional approaches in tracking temporal risk
evolution. ANOVA testing (F(3,96)=4.21, p=0.016) with post-hoc comparisons revealed
significant superiority: Markov vs. Bayesian (d=0.68, p=0.021), Markov vs. Monte Carlo (d=0.54,
p=0.038), and Markov vs. Bow Tie (d=0.86, p=0.009). Conclusion: Hz is supported.

Hs: Integration of Al algorithms with Markov Chain frameworks significantly improves project
sustainability outcomes. Regression analysis (f=0.88, p<.001, R*>=0.78) demonstrated a strong
positive relationship. Conclusion: Hs is strongly supported.

5. DISCUSSION

Theoretical Implications

This study makes three primary theoretical contributions to infrastructure risk management
scholarship. First, it demonstrates how integrating supervised machine learning with probabilistic
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modeling creates synergistic advantages absent in either approach independently. While previous
research has explored Al applications (Regona et al., 2022) and Markov Chain models (Obare &
Muraya, 2019) separately, this work provides the first empirical evidence of their combined
effectiveness in real-world infrastructure contexts.

Second, we extend sustainable risk management theory by providing quantitative evidence linking
probabilistic forecasting capabilities to Triple Bottom Line outcomes. Prior frameworks (Aziz et
al., 2016; Yazo-Cabuya et al., 2024) articulated conceptual connections between risk management
and sustainability, but lacked empirical validation of specific methodological interventions. The
finding that AI-Markov integration explains 78% of sustainability variance (R>=0.78) provides
robust support for prioritizing dynamic risk models in sustainability-focused project governance.

Third, the comparative evaluation reveals that model effectiveness is context-dependent rather
than universal. Markov Chains' significant outperformance (Cohen's d=0.54-0.86) specifically
applies to temporal risk tracking, while alternative approaches may excel in other dimensions. This
challenges technological determinism in risk management discourse, emphasizing the need for
contingency-based method selection.

Practical Implications
Project Managers and Risk Analysts

The Al-enhanced Markov Chain framework offers three practical advantages for frontline
practitioners. First, the transition probability structure provides intuitive communication tools for
engaging non-technical stakeholders. Second, multi-step forecasting enables proactive resource
allocation rather than reactive crisis management — as illustrated by the Benin-Lokoja Road case,
where multi-step projections prompted early flood mitigation measures. Third, steady-state
analysis provides objective benchmarks for evaluating risk management -effectiveness,
transforming risk management from periodic fire-fighting to systemic capability building.

Policy Makers and Funding Agencies

The finding that AI-Markov implementation explains 78% of sustainability variance suggests that
funding allocation decisions should explicitly incorporate risk management capabilities as
selection criteria. Policy interventions should mandate risk management standards aligned with
project scale and complexity. For projects exceeding N5 billion, requiring Al-enhanced
probabilistic forecasting as part of approval processes would impose modest upfront costs
(typically 0.5-1.5% of project budgets) while generating substantial downstream benefits.

Moreover, the identification of distinct risk profiles suggests value in developing standardized
transition probability libraries for common project types. New initiatives could adopt baseline
matrices calibrated to their risk cluster, then refine them through Bayesian updating as project-
specific information emerges.
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Community Representatives and Civil Society

For local communities affected by infrastructure projects, Al-enhanced risk models offer potential
benefits and risks. Probabilistic forecasting can enhance transparency and participation when
project proponents share risk state projections with community stakeholders. However, concerns
regarding Al-induced information asymmetries, probabilistic language as an accountability escape
hatch, and the limited exploration of genuinely participatory applications warrant acknowledgment
and warrant future research.

Methodological Contributions and Limitations

This study advances risk management methodology through three innovations. First, the
triangulated probability estimation approach synthesizing expert priors, empirical frequencies, and
Al-derived conditional probabilities via Bayesian updating addresses data scarcity in developing
contexts. Second, the integration of supervised classification with probabilistic forecasting
represents a genuine hybrid approach — the Random Forest ensemble's identification of
interaction effects (e.g., stakeholder meetings plus environmental monitoring yielding superior
recovery probabilities) exemplifies this added value. Third, the comparative evaluation framework
combining ANOVA with effect sizes and qualitative feedback provides a template for future risk
management research.

Key limitations include: cross-sectional survey design potentially missing temporal variations;
potential overfitting of tree-based models despite holdout validation; Markov Chain memoryless
assumption potentially oversimplifying path-dependent risks; time-homogeneous transition
probability assumption potentially invalid across project phases; subjective weighting in
composite sustainability indices; and the restriction to decision tree and ensemble ML methods
without exploring deep learning architectures.

Comparison with Previous Research

Our findings corroborate Obare and Muraya (2019) and Zhang et al. (2021) on Markov Chain
effectiveness, while extending these studies to socio-economically complex contexts, integrating
Al enhancement, and providing comparative evidence. The 78% variance explained significantly
exceeds the 41-63% explained by traditional risk indices in studies like Adeleke et al. (2018).
Effect sizes (d=0.54-0.86) favoring Markov Chains suggest practical rather than merely statistical
significance.

Sensitivity to Alternative Specifications

Robustness checks confirmed result stability. Using k=2 clustering produced nearly identical
steady-state distributions (max ms difference=0.021). Implementing 10-fold cross-validation
improved generalization (holdout accuracy increased to 97.1%). Regression using quartile-based
implementation scales produced consistent results (R>=0.74). Non-parametric Kruskal-Wallis test
confirmed identical substantive conclusions (H(3)=12.8, p=0.005, n?>=0.11).
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6. CONCLUSIONS AND RECOMMENDATIONS
Summary of Key Findings

This study investigated how integrating artificial intelligence with Markov Chain models can
enhance risk prediction and sustainability outcomes in infrastructure projects. Key findings
include: (1) Predictive Validity — Al-enhanced Markov Chains significantly predicted risk state
transitions (y>=12.75, p=0.012), with steady-state convergence within 10-15 assessment periods;
(2) Comparative Effectiveness — the integrated model outperformed Bayesian Networks
(d=0.68), Monte Carlo simulation (d=0.54), and Bow Tie analysis (d=0.86); (3) Sustainability
Impact — Al-Markov implementation level explained 78% of sustainability performance variance
(B=0.88, p<.001), with particularly strong effects on social sustainability (d=1.38); (4) Risk Profile
Patterns — projects converged to moderate-risk dominance (m2~42%) with persistent high-risk
exposure (m3=~32%); and (5) Implementation Barriers — despite demonstrated effectiveness,
adoption remains limited (15%) due to data infrastructure gaps, technical capacity constraints, and
stakeholder skepticism.

Theoretical Contributions

This research provides the first comprehensive empirical validation of hybrid Al-probabilistic
models in real-world infrastructure contexts, quantifies the relationship between dynamic risk
forecasting and Triple Bottom Line sustainability outcomes, and establishes that model
effectiveness is context-dependent.

Practical Recommendations
For Infrastructure Project Managers

Adopt hybrid risk models for projects exceeding N5 billion with phased rollout. Invest in
systematic risk data collection protocols. Focus on improving transition probabilities —
particularly reducing escalation likelihoods and enhancing recovery probabilities. Develop
interpretability tools enabling non-technical stakeholders to engage with probabilistic forecasts.

For Policy Makers and Funding Agencies

Mandate Al-enhanced probabilistic forecasting for infrastructure projects exceeding specified
thresholds. Establish publicly accessible repositories of calibrated transition matrices for common
project types. Fund training programs through partnerships with academic institutions and
professional associations like COREN. Reform funding mechanisms to allocate contingency
reserves based on probabilistic risk forecasts rather than arbitrary percentages.

For Academic Researchers

Implement prospective longitudinal studies. Investigate hidden Markov models, semi-Markov
processes, and continuous-time formulations. Develop integrated models simultaneously tracking
risk evolution across economic, social, and environmental dimensions. Examine how
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organizational cultures and regulatory regimes in different national contexts mediate AI-Markov
effectiveness.

Future Research Directions

Promising avenues include integrating Markov Chain models with real-time IoT sensor data for
continuous risk state updating, applying reinforcement learning to optimize intervention strategies,
exploring participatory modeling approaches where community stakeholders co-develop transition
matrices, extending to multi-project portfolios with cross-project correlations, investigating
climate change projection impacts on long-term transition probabilities, and conducting
randomized controlled trials for the strongest causal evidence of effectiveness.

Concluding Remarks

Infrastructure development in contexts like Nigeria's Niger Delta faces formidable challenges —
socio-political volatility, environmental fragility, institutional constraints, and resource scarcity.
This study demonstrates that hybrid frameworks integrating artificial intelligence with
probabilistic modeling offer substantial promise for improving both risk prediction accuracy and
sustainability outcomes. Realizing this potential requires parallel investments in data
infrastructure, practitioner capacity building, organizational culture change, and stakeholder trust
cultivation. The path forward requires sustained collaboration among practitioners, policymakers,
researchers, and communities to translate methodological advances into improved project
outcomes and more sustainable infrastructure systems serving both current and future generations.
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