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Abstract: The Nigerian construction and energy sectors face persistent challenges related to cost overruns, schedule delays, inefficient
resource utilisation, and rising carbon emissions. These challenges are exacerbated by fragmented data systems, manual planning
practices, and limited adoption of advanced digital tools. This paper explores the application of Al-driven predictive analytics as a
strategic solution for optimising resource allocation, project scheduling, and carbon performance in Nigerian construction and energy
projects. By leveraging machine learning algorithms, historical project data, real-time sensor inputs, and geospatial information,
predictive analytics can forecast material demand, labour productivity, equipment usage, schedule risks, and emissions trajectories
with greater accuracy. The study examines how Al-enabled models support proactive decision-making, reduce waste, enhance time
efficiency, and align projects with national sustainability and energy transition goals. Particular attention is given to the Nigerian
context, including data availability constraints, infrastructural limitations, regulatory considerations, and capacity gaps. The paper
argues that integrating predictive analytics into project management and energy planning frameworks can significantly improve project
delivery outcomes while supporting low-carbon development pathways. It concludes by highlighting implementation pathways,
governance requirements, and policy implications necessary to scale Al-driven optimisation across Nigeria’s construction and energy
value chains.
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1. INTRODUCTION infrastructure expansion with climate commitments and
sustainable development goals, the need for integrated
approaches that address resource efficiency, schedule
certainty, and carbon reduction has become increasingly

1.1 Background: Construction and Energy Project
Challenges in Nigeria

Nigeria’s construction and energy sectors play a critical role urgent [7].
in national economic development, infrastructure expansion,
and energy security, yet both sectors continue to experience
systemic project delivery challenges. Large-scale construction
and energy projects are frequently characterised by cost
overruns, schedule delays, inefficient use of materials and
labour, and suboptimal coordination among stakeholders [1].
These inefficiencies are often linked to fragmented planning
processes, limited use of data-driven decision-support tools,
and heavy reliance on manual forecasting methods [2].In the
construction sector, inaccurate resource estimation and poor
schedule control contribute significantly to project delays and
budget escalation, particularly in public infrastructure and
energy-related construction projects [3].

1.2 Emergence of Al-Driven Predictive Analytics in
Project Delivery

Globally, artificial intelligence and predictive analytics are
transforming project delivery by shifting decision-making
from reactive responses to proactive and anticipatory
strategies [8]. Predictive analytics leverages historical project
data, real-time inputs, and advanced machine learning
algorithms to forecast future outcomes related to cost,
schedule performance, resource demand, and risk exposure.
Unlike traditional deterministic planning tools, Al-driven
models can identify complex, non-linear relationships within
large datasets and continuously improve prediction accuracy
over time [1].In construction and energy projects, Al-enabled
predictive analytics supports early identification of schedule
slippage, optimisation of labour and equipment deployment,
and anticipation of supply chain disruptions [2].

Similarly, energy projects, including power generation,
transmission, oil and gas infrastructure, and renewable energy
developments, face uncertainty in demand forecasting,
logistics planning, and operational scheduling, leading to
productivity losses and financial risk [4].Beyond cost and
time performance, the carbon intensity of construction
activities and energy infrastructure has emerged as a growing
concern. Construction materials such as cement and steel,
combined with diesel-powered equipment and inefficient
logistics, contribute substantially to greenhouse gas emissions
[5]. Energy projects further amplify this challenge through
carbon-intensive fuel use, transmission losses, and inefficient
operational practices [6]. As Nigeria seeks to balance

These capabilities enable project managers and planners to
intervene before risks materialise, improving overall project
performance. Internationally, the adoption of Al in project
management is accelerating, supported by advances in cloud
computing, building information modelling [BIM], Internet of
Things [loT] sensors, and digital twins [3].While advanced
economies have begun integrating these technologies into
mainstream project delivery, adoption in developing contexts
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remains uneven, often constrained by data availability,
institutional readiness, and governance frameworks [4].

1.3 Research Gap and Problem Statement

Despite the growing global literature on Al applications in
construction and energy project management, there is limited
empirical and context-specific research focusing on Nigeria.
Existing studies tend to concentrate on developed economies
or treat African contexts in a highly aggregated manner,
overlooking local project dynamics, regulatory environments,
and infrastructural constraints [5].

Furthermore, much of the Nigerian literature focuses on
individual performance indicators such as cost or time, with
limited integration of carbon optimisation into project
analytics frameworks [6]. This creates a significant
knowledge gap regarding how Al-driven predictive analytics
can be effectively adapted to Nigerian construction and
energy projects to simultaneously optimise resources,
schedules, and carbon performance. Without contextualised
frameworks and evidence, decision-makers lack practical
guidance on how to deploy these technologies in a manner
aligned with national development and sustainability priorities

[71.
1.4 Aim, Objectives, and Scope of the Study

The aim of this study is to examine the role of Al-driven
predictive analytics in optimising resource allocation, project
scheduling, and carbon performance in Nigerian construction
and energy projects. The specific objectives are to analyse the
theoretical foundations of predictive analytics, assess its
applicability within the Nigerian context, and evaluate its
potential to improve efficiency and sustainability outcomes
[8]. The scope of the study encompasses major construction
and energy project types in Nigeria, with emphasis on
planning, execution, and operational phases.

2. CONCEPTUAL AND THEORETICAL
FRAMEWORK

2.1 Predictive Analytics and Machine Learning
Foundations

Predictive analytics refers to the use of statistical techniques,
machine learning algorithms, and data mining methods to
analyse historical and real-time data in order to forecast future
outcomes [7]. At its core, predictive analytics relies on
machine learning models that learn patterns from data and
generate probabilistic predictions rather than fixed estimates.
Supervised learning techniques, such as regression models,
decision trees, and neural networks, are commonly used to
predict project cost, duration, and resource demand based on
labelled historical ~datasets [8].Unsupervised learning
approaches, including clustering and anomaly detection,
support identification of hidden patterns in project
performance data, such as recurring causes of delay or
inefficiency [9]. Time-series forecasting models are
particularly relevant for construction and energy projects, as
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they enable prediction of resource consumption, productivity
trends, and emissions trajectories over the project lifecycle
[10]. Optimisation models further extend predictive analytics
by recommending optimal decisions, such as resource
allocation strategies or schedule adjustments, under defined
constraints [11].

2.2 Al in Construction Project Management

In construction project management, Al-driven predictive
analytics enhances traditional planning tools by improving
accuracy and adaptability. Resource allocation models use
historical productivity data, weather conditions, and site
constraints to forecast labour and equipment requirements
with greater precision [12]. This reduces over-allocation, idle
time, and material waste. Predictive schedule models analyse
activity sequences, dependencies, and risk factors to estimate
the likelihood of delays and identify critical risk points before
construction begins [13].Al-based systems also support
dynamic re-planning by updating forecasts as new data
becomes available during project execution. This capability is
particularly valuable in complex Nigerian projects, where
external disruptions such as supply chain delays, power
shortages, and regulatory changes are common [14]. By
embedding predictive analytics into project management
workflows, construction firms can move from static baseline
schedules to continuously optimised delivery strategies.

2.3 Al Applications in Energy Project Planning and
Operations

Energy projects involve long planning horizons, capital-
intensive investments, and high exposure to operational risk.
Al-driven predictive analytics supports demand forecasting,
asset performance prediction, and maintenance scheduling
across energy infrastructure systems [15]. In power generation
and transmission projects, predictive models can forecast load
demand, equipment degradation, and failure risks, enabling
more efficient capacity planning and reduced downtime. For
oil, gas, and renewable energy projects, Al tools improve
logistics planning, drilling or installation schedules, and
operational efficiency by integrating geospatial, operational,
and environmental data [16]. Within the Nigerian context,
predictive analytics offers potential to improve coordination
across fragmented energy value chains and reduce
inefficiencies that contribute to cost escalation and emissions
[17].

2.4 Carbon Optimisation and Digital Sustainability
Models

Carbon optimisation involves the systematic reduction of
greenhouse gas emissions across project lifecycles through
informed design, planning, and operational decisions [7].
Digital sustainability models integrate carbon accounting with
predictive analytics to forecast emissions associated with
materials, equipment use, transportation, and energy
consumption [8]. Al-driven models enable comparison of
alternative project scenarios, allowing decision-makers to
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select options that minimise carbon impact while maintaining
cost and schedule performance [9].In construction and energy
projects, predictive carbon analytics supports early
identification of high-emission activities and evaluation of
mitigation strategies, such as material substitution, logistics
optimisation, and energy efficiency measures [10]. By
embedding carbon considerations into predictive planning
frameworks, Al-driven analytics aligns project delivery with
broader climate and sustainability objectives, providing a
theoretical ~ foundation for low-carbon infrastructure
development in Nigeria [11].
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Figure 1: Conceptual framework linking Al-driven
predictive analytics to resource, schedule, and carbon
optimisation

3. NIGERIAN CONSTRUCTION AND
ENERGY SECTOR CONTEXT

3.1 Overview of the Nigerian Construction Industry

The Nigerian construction industry is a key contributor to
national economic growth and infrastructure development,
accounting for a significant share of employment and capital
expenditure  [16]. The sector encompasses public
infrastructure projects such as roads, bridges, housing,
hospitals, and energy-related facilities, alongside private
commercial and residential developments. Project typologies
range from small-scale building works to large, complex
infrastructure and energy construction projects that involve
multiple contractors, consultants, and government agencies
[17]. Project delivery models in Nigeria commonly include
traditional design—bid-build arrangements, design—build
contracts, and public—private partnerships. While design—bid—
build remains dominant in public sector projects, design—build
and hybrid procurement models are increasingly adopted for
energy and industrial projects to improve time and cost
certainty [18]. However, these delivery models often rely on
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static planning tools and deterministic schedules, limiting
their ability to respond effectively to uncertainty. Fragmented
coordination among stakeholders, weak contract enforcement,
and inconsistent data documentation further exacerbate
inefficiencies in resource utilisation and schedule control [19].

3.2 Energy Infrastructure Development in Nigeria

Nigeria’s energy infrastructure spans power generation and
transmission, oil and gas exploration and processing, and an
expanding renewable energy sector. Power generation
projects include thermal plants, hydropower facilities, and
increasingly solar-based installations aimed at improving
electricity access and reliability [20]. Transmission and
distribution infrastructure development remains critical due to
aging assets, technical losses, and capacity constraints. Oil
and gas projects continue to dominate capital investment,
involving pipelines, processing facilities, and export
infrastructure, while renewable energy projects are gaining
traction in response to energy access gaps and climate
commitments [21].Energy infrastructure projects are capital
intensive and exposed to operational, logistical, and
regulatory risks. Inadequate planning and inefficient resource
allocation often lead to cost escalation and project delays,
particularly in remote or environmentally sensitive locations
[22]. These challenges highlight the need for advanced
planning tools capable of integrating technical, economic, and
environmental variables across the project lifecycle.

3.3 Carbon Emissions Profile of Nigerian Infrastructure
Projects

Construction and energy infrastructure projects contribute
substantially to Nigeria’s greenhouse gas emissions through
material production, equipment operation, transportation, and
energy use [23]. Carbon-intensive materials such as cement
and steel are widely used in construction, while diesel-
powered machinery and inefficient logistics further increase
emissions. Energy projects amplify this profile through fossil
fuel-based power generation, gas flaring, and transmission
losses. Although Nigeria’s per-capita emissions remain
relatively low globally, infrastructure-driven emissions are
expected to rise as development accelerates [24].This
emissions trajectory creates pressure to integrate carbon
considerations into infrastructure planning and delivery.
However, carbon accounting practices in Nigerian projects are
often limited or absent, with environmental assessments
typically conducted as compliance exercises rather than
integrated decision-support tools. This gap presents an
opportunity for predictive analytics to support proactive
carbon optimisation alongside traditional performance
objectives.

3.4 Digital Maturity and Data Readiness in Nigeria

Digital maturity within Nigeria’s construction and energy
sectors remains uneven. While large firms and multinational
operators increasingly adopt digital tools such as BIM,
enterprise resource planning systems, and basic data analytics,
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many local contractors rely on manual record-keeping and
spreadsheet-based planning [16]. Data fragmentation, poor
data quality, and limited interoperability across systems
constrain  the effectiveness of advanced analytics.
Additionally, challenges related to skills shortages, inadequate
digital infrastructure, and governance frameworks limit
widespread adoption of Al-driven solutions [17].Despite these
constraints, growing investments in digital infrastructure,
cloud services, and smart energy systems indicate increasing
readiness for data-driven project management. This evolving
landscape provides a foundation for the gradual integration of
Al-driven  predictive analytics tailored to Nigeria’s
institutional and infrastructural realities [18].

4. Al-DRIVEN
OPTIMISATION MODELS

4.1 Predictive Resource Demand Forecasting

RESOURCE

Predictive resource demand forecasting applies machine
learning algorithms to estimate future requirements for
materials, labour, and equipment based on historical project
data and real-time inputs [23]. In construction projects,
predictive models analyse variables such as project scope,
design specifications, productivity rates, weather conditions,
and site constraints to forecast material quantities and delivery
schedules. For labour, Al-driven systems predict workforce
demand and skill requirements, reducing idle time and labour
shortages [24].Equipment utilisation forecasting supports
optimal deployment and maintenance planning, minimising
downtime and excessive fuel consumption. In Nigerian
construction and energy projects, where supply chain
disruptions and logistical challenges are common, predictive
forecasting improves planning accuracy and reduces
uncertainty [25].

4.2 Al-Based Cost and Productivity Modelling

Al-based cost and productivity models extend traditional
estimating techniques by incorporating dynamic and
probabilistic analysis. Machine learning algorithms identify
patterns in cost drivers, productivity trends, and risk factors
that are often overlooked in deterministic models [26]. These
models continuously update cost forecasts as project
conditions change, enabling early identification of budget
overruns. Productivity modelling integrates data from site
activities, equipment performance, and workforce outputs to
assess efficiency in real time. In energy projects, predictive
analytics supports optimisation of operational costs by
forecasting fuel consumption, maintenance needs, and asset
performance [27]. The use of Al-driven cost and productivity
modelling enhances financial control and supports evidence-
based decision-making throughout the project lifecycle.

4.3 Waste Reduction and Efficiency Gains

One of the most significant benefits of Al-driven resource
optimisation is waste reduction. Predictive analytics
minimises over-ordering of materials, reduces rework through
improved planning accuracy, and optimises logistics routes to
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lower fuel use and emissions [28]. In construction projects,
Al-supported planning reduces material waste and improves
on-site  coordination. In energy projects, predictive
maintenance and operational optimisation reduce energy
losses and unplanned outages. These efficiency gains translate
into cost savings, schedule reliability, and lower
environmental impact, aligning project delivery with
sustainability objectives [29].

Table 1: Comparison of Traditional vs Al-Driven Resource
Planning Approaches

Dimension Traditional Al-Driven Predictive
Planning Planning
Resource Static, Data-driven and
estimation experience- adaptive
based
Schedule Limited Fully integrated and
integration dynamic
Waste Reactive Proactive and
management predictive
Cost control Periodic Continuous and real-
time
Carbon Minimal Embedded in
considerations optimisation models

Overall, Al-driven resource optimisation models offer a
transformative approach to managing the complexity of
Nigerian construction and energy projects by improving
efficiency, reducing waste, and supporting sustainable
infrastructure delivery [30]

5. SCHEDULE OPTIMISATION AND
RISK PREDICTION

5.1 Schedule Delay Drivers in Nigerian Projects

Schedule delays remain a persistent challenge in Nigerian
construction and energy projects, undermining cost efficiency,
investor confidence, and service delivery outcomes [29].
Common delay drivers include inaccurate baseline schedules,
poor coordination among contractors and consultants, late
design changes, and weak risk anticipation mechanisms.
External factors such as supply chain disruptions, inflation-
driven material shortages, adverse weather conditions, and
regulatory approvals further compound schedule uncertainty
[30]. In energy projects, delays are frequently associated with
equipment importation bottlenecks, logistics constraints in
remote locations, grid integration challenges, and security-
related disruptions [31].Traditional scheduling approaches in
Nigeria typically rely on deterministic critical path methods
and static progress tracking, which assume stable conditions
and linear task relationships. These methods often fail to
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capture dynamic interactions among activities or the
cumulative impact of multiple risk factors over time. As a
result, schedule risks are identified late, when corrective
actions are costly or ineffective. Addressing these systemic
weaknesses requires predictive approaches capable of
anticipating delay risks before they materialise [32].

5.2 Machine Learning Models for Schedule Forecasting

Machine learning models enhance schedule forecasting by
analysing historical project data to identify patterns associated
with delay occurrence and duration. Supervised learning
techniques, including regression models, random forests, and
neural networks, are commonly used to predict activity
durations and overall project completion timelines based on
variables such as project size, complexity, resource
availability, and environmental conditions [33]. These models
generate probabilistic forecasts rather than single-point
estimates, allowing project teams to assess the likelihood of
schedule slippage under different scenarios.Time-series
models are particularly effective for monitoring schedule
performance during execution, as they detect deviations from
planned progress and forecast future delays based on observed
trends. Classification models further support risk prediction
by categorising activities or work packages according to their
delay risk levels, enabling targeted interventions [34]. In
energy projects, predictive analytics can forecast
commissioning  delays, maintenance  downtime, and
operational disruptions by integrating technical and
operational data. The adaptive learning capability of machine
learning models allows forecasts to improve continuously as
new data becomes available, making them well suited to the
volatile conditions characteristic of Nigerian projects [35].

5.3 Integration with BIM, loT, and Project Management
Tools

The effectiveness of Al-driven schedule optimisation is
significantly enhanced through integration with digital project
management technologies. Building Information Modelling
provides a structured data environment that links schedule
information with design and quantity data, enabling more
accurate activity sequencing and progress tracking [36]. When
combined with predictive analytics, BIM-based schedules can
be dynamically updated to reflect changing site conditions and
risk forecasts.Internet of Things sensors contribute real-time
data on equipment usage, environmental conditions, and site
productivity, feeding predictive models with high-frequency
inputs that improve forecast accuracy. For energy projects,
loT-enabled monitoring of assets and infrastructure supports
predictive maintenance scheduling and reduces unplanned
downtime. Integration with project management platforms
allows predictive insights to be embedded directly into
planning and reporting workflows, facilitating timely
decision-making by project managers and stakeholders [29].
In the Nigerian context, phased integration strategies are often
required due to uneven digital maturity, but even partial
integration can deliver meaningful improvements in schedule
visibility and control [30].
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5.4 Impacts on Time Certainty and Project Performance

Al-driven schedule optimisation and risk prediction have
significant implications for time certainty and overall project
performance. By identifying high-risk activities early and
forecasting potential delays, predictive analytics enables
proactive mitigation measures such as resource reallocation,
re sequencing of tasks, and contingency planning [31].
Improved time certainty enhances cost control by reducing
claims, penalties, and financing costs associated with delays.
For energy projects, reliable schedules support timely capacity
delivery and operational readiness, contributing to energy
security and service reliability.Predictive scheduling also
improves  stakeholder ~communication by providing
transparent, data-driven insights into schedule risks and
expected outcomes. This transparency supports more effective
coordination among contractors, regulators, and financiers,
reducing disputes and improving governance outcomes [32].
Over time, the accumulation of predictive performance data
contributes to organisational learning, enabling continuous
improvement in planning accuracy and delivery capability. In
the Nigerian construction and energy sectors, widespread
adoption of Al-driven schedule optimisation has the potential
to transform project delivery culture from reactive problem-
solving to anticipatory, performance-oriented management,
delivering long-term benefits for infrastructure development
and sustainability objectives [33].

Figere 2: Al-Enabled Schedule Optimisation & Risk Prediction Woekflow
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Figure 2: Al-enabled schedule optimisation and risk
prediction workflow

6. CARBON OPTIMISATION
THROUGH PREDICTIVE ANALYTICS

6.1 Carbon Hotspots in Construction and Energy Projects

Carbon emissions in construction and energy projects arise
from multiple sources across the project lifecycle, with

11


http://www.ijcat.com/

International Journal of Computer Applications Technology and Research
Volume 15-Issue 01, 07 — 15, 2026, ISSN: -2319-8656
DOI:10.7753/IJCATR1501.1002

significant concentrations in material production, equipment
operation, transportation, and energy consumption [35]. In
construction projects, high-emission materials such as cement,
steel, and asphalt constitute major carbon hotspots due to their
energy-intensive manufacturing processes. On-site activities
involving diesel-powered machinery and generators further
increase emissions, particularly in contexts where grid
electricity supply is unreliable [36].Energy projects introduce
additional carbon hotspots through fossil fuel-based power
generation, gas flaring, transmission losses, and inefficient
operational practices. In Nigeria, these emissions are
exacerbated by aging infrastructure, long-distance logistics,
and limited adoption of energy-efficient technologies [37].
Identifying and quantifying these hotspots is a prerequisite for
effective carbon optimisation, yet traditional project planning
tools often treat emissions as secondary considerations rather
than core performance metrics.

6.2 Predictive Emissions Modelling

Predictive emissions modelling applies Al-driven analytics to
forecast carbon emissions associated with project activities
before and during execution. By integrating historical
emissions data, material quantities, logistics routes, equipment
usage, and energy consumption patterns, machine learning
models can estimate emissions trajectories with greater
accuracy than static carbon accounting methods [38].
Material-related emissions models predict the carbon impact
of alternative design and procurement choices, enabling
comparison of low-carbon materials and construction
techniques. Logistics-focused models forecast emissions from
transportation based on routing, vehicle types, and fuel
consumption, supporting optimisation of delivery schedules
and supply chains. Energy use models analyse projected
power demand, fuel usage, and operational efficiency to
estimate emissions from construction sites and energy
facilities. These predictive capabilities allow project teams to
anticipate emissions outcomes under different scenarios and
identify high-impact mitigation opportunities early in the
project lifecycle [39].

6.3 Al-Supported Low-Carbon Decision-Making

Al-supported decision-making transforms carbon optimisation
from a compliance-driven activity into an integrated planning
function. Predictive analytics enables scenario analysis that
evaluates trade-offs between cost, schedule, and carbon
performance, supporting balanced decision-making aligned
with sustainability objectives [40]. For example, Al models
can assess whether schedule acceleration through additional
equipment use would increase emissions beyond acceptable
thresholds, or whether alternative sequencing could achieve
time savings with lower carbon impact. In construction
projects, predictive analytics supports low-carbon design
optimisation, just-in-time material delivery, and reduced
rework. In energy projects, Al-driven optimisation enhances
fuel efficiency, reduces transmission losses, and supports
predictive maintenance strategies that lower emissions over
asset lifecycles. By embedding carbon metrics into predictive
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planning tools, decision-makers gain continuous visibility into
emissions performance rather than relying on retrospective
reporting [41].

6.4 Alignment with Nigeria’s Climate and Energy
Transition Goals

Nigeria has articulated climate and energy transition
objectives through national policies aimed at reducing
emissions intensity while expanding infrastructure and energy
access [35]. Al-driven predictive analytics aligns with these
goals by enabling data-driven pathways to low-carbon
development without constraining economic  growth.
Predictive carbon optimisation supports more efficient use of
resources, reduces waste, and enhances the viability of
renewable and low-carbon energy projects. In the Nigerian
context, where development needs are substantial, predictive
analytics provides a pragmatic approach to integrating climate
considerations into mainstream project delivery, supporting
both national and international sustainability commitments
[36].

Table 2: Al Applications for Carbon Reduction Across Project
Phases

Project Phase Al Application Carbon Reduction
Mechanism

Design Predictive material | Lower embodied
selection carbon

Planning Logistics and | Reduced transport
schedule emissions
optimisation

Construction Equipment  usage | Lower fuel

forecasting consumption

Operation Predictive Improved energy
maintenance efficiency

Decommissioning | Lifecycle emissions | Reduced end-of-
modelling life impacts

7. IMPLEMENTATION CHALLENGES,
GOVERNANCE, AND POLICY

IMPLICATIONS
7.1 Data Availability, Quality, and Interoperability
Challenges

Effective deployment of Al-driven predictive analytics
depends on the availability of high-quality, interoperable data.
In Nigeria, construction and energy project data are often
fragmented across organisations and stored in incompatible
formats, limiting their analytical value [40]. Incomplete
historical records, inconsistent data standards, and limited
real-time data collection constrain model accuracy and
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scalability. Addressing these challenges requires investment
in data governance frameworks, standardised data protocols,
and digital infrastructure that supports secure data sharing
across project stakeholders [41].

7.2 Skills, Capacity, and Institutional Readiness

Skills shortages represent a major barrier to Al adoption in
Nigerian construction and energy sectors. Limited availability
of data scientists, digital engineers, and Al-literate project
managers restricts the effective use of predictive analytics
tools [42]. Institutional resistance to change, combined with
limited awareness of Al benefits, further slows adoption.
Capacity-building initiatives, targeted training programmes,
and partnerships with academic and technology institutions
are essential to build the human capital required for Al-
enabled project delivery [43].

7.3 Ethical, Legal, and Governance Considerations

The use of Al in project decision-making raises ethical and
governance concerns related to data privacy, algorithmic
transparency, and accountability. Predictive models may
embed biases present in historical data, leading to skewed
outcomes if not properly governed [44]. Clear governance
structures are needed to define responsibility for Al-driven
decisions, ensure explainability of predictive outputs, and
protect sensitive project and operational data. In regulated
sectors such as energy and public infrastructure, governance
frameworks must align Al deployment with existing legal and
procurement requirements [45].

7.4 Policy and Regulatory Implications for Nigeria

Policy support is critical for scaling Al-driven predictive
analytics across Nigerian construction and energy projects.
Governments can play a catalytic role by promoting digital
standards, incentivising low-carbon project delivery, and
integrating Al-enabled analytics into public procurement and
infrastructure planning frameworks [40]. Regulatory clarity
on data use, digital tools, and carbon reporting can reduce
uncertainty and encourage private sector investment. By
aligning policy, governance, and capacity development,
Nigeria can harness Al-driven predictive analytics to improve
project performance while advancing sustainable and low-
carbon infrastructure development [41].
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Figure 3: Governance and Implesentation Framewerk for Al-Drives Optimisation i Nigera
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Figure 3: Governance and implementation framework for
Al-driven optimisation in Nigeria

8. CONCLUSION

This study has examined the role of Al-driven predictive
analytics in optimising resource allocation, project scheduling,
and carbon performance within Nigerian construction and
energy projects. The analysis demonstrates that predictive
analytics offers a transformative shift from reactive,
experience-based planning to proactive, data-driven decision-
making. By integrating machine learning models with project
management processes, organisations can improve forecasting
accuracy, reduce waste, enhance schedule certainty, and
embed carbon considerations into core project delivery
functions. The Nigerian context, characterised by project
complexity, data fragmentation, and infrastructure constraints,
highlights both the urgency and the potential value of
adopting predictive analytics as a strategic enabler of efficient
and sustainable infrastructure development.

The paper contributes to knowledge by providing a context-
specific framework that links Al-driven predictive analytics
with resource, schedule, and carbon optimisation in
developing economy settings. Unlike existing studies that
focus on isolated performance metrics or advanced
economies, this research advances an integrated perspective
that aligns project efficiency with sustainability objectives. It
also extends theoretical discussions on digital project
management by incorporating carbon optimisation as a co-
equal performance dimension alongside cost and time.

From a practical standpoint, the findings underscore the
strategic importance of digital readiness, data governance, and
capacity development in enabling effective Al adoption. For
Nigerian construction and energy stakeholders, predictive
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analytics presents an opportunity to improve project delivery
reliability, strengthen investor confidence, and support
national development priorities. Strategically, widespread
adoption can enhance infrastructure resilience, accelerate
energy transition efforts, and position Nigeria to leverage
digital innovation in achieving long-term economic growth
and low-carbon development pathways.
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