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Abstract

Cost overruns remain one of the most persistent challenges in construction and infrastruc-
ture project management, often undermining efficiency, sustainability, and stakeholder trust.
With the rise of digital transformation, artificial intelligence (AI) and machine learning (ML)
provide new opportunities to enhance predictive decision-making and strengthen project
control. This study introduces a digital project management framework that integrates the
Pelican Optimization Algorithm (POA) with Light Gradient Boosting Machine (LGBM) to
deliver reliable and interpretable cost overrun forecasting. The proposed POA-LightGBM
model leverages metaheuristic-driven hyperparameter optimization to improve predictive
performance and generalization. A comprehensive evaluation using multiple error metrics
Coefficient of Determination (R2), Root Mean Squared Error (RMSE), Mean Absolute Er-
ror (MAE), and Mean Absolute Percentage Error (MAPE) demonstrates that POA-LGBM
significantly outperformed baseline LGBM and alternative metaheuristic configurations,
achieving an average R2 of 0.9786. To support transparency in digital project environments,
SHapley Additive exPlanations (SHAPs) were employed to identify dominant drivers
of cost overruns, including actual project cost, energy consumption, schedule deviation,
and material usage. By embedding AI-enabled predictive analytics into digital project
management practices, this study contributes to advancing digital transformation in project
delivery, offering actionable insights for cost control, risk management, and sustainable
infrastructure development.

Keywords: project cost overrun; artificial intelligence (AI); Light Gradient Boosting
Machine (LGBM); machine learning; data-driven decision making; smart project delivery

1. Introduction
In construction and infrastructure project management, the central responsibilities of the

project team toward the client are generally confined to the ‘iron triangle’, which highlights
compliance with cost, time, and quality criteria [1]. Since the 1980s, the definition of project
success has evolved beyond the traditional ‘iron triangle’ to incorporate dimensions such as
stakeholder satisfaction, environmental sustainability, and social responsibility [2]. Despite
this broader perspective, the cost component of these requirements still holds the greatest
importance for most clients [3]. Budget excesses, referred to as cost overruns, have profound
implications, including financial losses and potential reputational damage, limiting access
to future projects [4]. For practitioners, these unplanned expenditures demonstrate a failure
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in defining and controlling factors of the specific project, which has a detrimental effect on
the perception of the professional’s reputation and trust from the stakeholders [5]. Cost
overruns remain a pervasive issue in global construction practice. Love et al. [6] reported
that approximately 47% of construction projects, nearly five in ten, exceeded their budgets,
revealing a substantial disparity between the initially approved estimates and final contract
costs in Hong Kong between 1999 and 2017. Similarly, Melaku Belay et al. [7] observed that
building projects in Ethiopia experienced cost increases ranging from 2% to 248%, with
an average overrun of 35%. In the Australian context, Terrill et al. [8] documented AUD
34 billion in cost overruns across transportation infrastructure projects between 2001 and 2020,
corresponding to nearly 20% above the original budget estimates. Kadiri and Onabanjo [9]
showed that both public and private building projects delivered under traditional contract
systems experienced varying levels of cost overruns. Furthermore, Andrić et al. [10] provided
an overview of prior studies on cost overruns and showed persistent overruns across multiple
sectors and regions. Similarly, Flyvbjerg et al. [11] observed that cost underestimation is a
widespread issue, occurring across 20 countries and five continents, and affecting nine out of
ten transportation infrastructure projects.

Given the scale and persistence of cost overruns, researchers have intensely focused on
improving the methodology of cost estimation and forecasting. Earlier studies in the literature
have focused on estimating project outcomes and predicting construction project cost using
statistical techniques and mathematical modeling, which often assume linearity and struggle to
capture interdependence and interaction among multiple variables [12–14]. This limitation has
accelerated the adoption of machine learning (ML) techniques, as they offer many advantages
over classical approaches [15]. They can process large, high-dimensional datasets, uncover
hidden patterns, and update predictions dynamically as new project data become available [16].
This adaptability is especially valuable for cost overrun forecasting in complex infrastructure
projects, where uncertainty is high and conditions evolve over time [17].

The LGBM is an advanced ensemble learning algorithm based on regularized boosted
decision trees, where models are trained sequentially, with each successive model attempt-
ing to correct the errors of its predecessors [18]. It employs a ‘leaf-wise’ growth as opposed
to ‘level-wise’ growth. Doing so results in fewer iterations to achieve deeper trees and faster
convergence. Furthermore, LightGBM uses histogram-based algorithms, which lowers
memory consumption and offers native support to categorical features, which greatly
improves the speed and scalability of the algorithm [19]. These advantages have enabled
LGBM’s application in a variety of domains, including chemical toxicity prediction [20],
water level forecasting [21], low-temperature prediction [22], disease risk prediction in nurs-
ing homes [23], building design performance optimization in cold regions [24], as well as
water quality pH estimation [25] and management efficiency evaluation in agriculture [26].

Despite its demonstrated predictive power, LGBM’s performance is highly sensitive to
its numerous hyperparameters, which are difficult to tune manually. Conventional methods
spend a lot of time on computational work and fail to adequately explore the high-dimensional,
nonlinear parameter space, often resulting in suboptimal models [27]. To fully leverage
LGBM’s potential, it is essential to adopt advanced strategies like metaheuristic algorithms
that can improve its performance by optimally tuning its hyper-parameters [28,29]. Another
recurring limitation of machine learning models lies in their interpretability. While they
achieve high predictive accuracy, they often operate as “black boxes”, providing limited
insight into how individual features influence predictions. To overcome this, SHAPs was
introduced by Lundberg and Lee as a powerful interpretability framework [30]. Rooted
in cooperative game theory, SHAPs provides both global and local explanations for model
predictions. Global interpretation reveals the relative importance of each feature across the
entire dataset, offering insights into which project factors most strongly drive cost overruns.
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Local interpretation, on the other hand, allows for case-by-case analysis by illustrating how
specific feature values influence individual predictions, thereby improving the transparency,
reliability, and practical applicability of the model for decision-makers [31].

While several studies have explored metaheuristic-optimized machine learning for
cost prediction, most have focused on a limited set of algorithms or datasets, and often pri-
oritize predictive accuracy without addressing model interpretability or stability. This study
advances the literature by introducing a novel framework that integrates the POA with the
LGBM, specifically designed to balance exploration and exploitation in the hyperparameter
search space. Recent works have explored metaheuristic-based hyperparameter tuning for
LGBM. For instance, the hybrid Arithmetic Optimization Algorithm with Simulated An-
nealing tuner achieved higher accuracy in industrial fault prediction [28]. A study in Arabic
sentiment analysis employed metaheuristic feature selection, combined with Optuna hy-
perparameter tuning using LGBM, and reported improved accuracy [32]. Another investi-
gation applied three novel nature-inspired optimizers with LGBM to wildfire-susceptibility
prediction, outperforming standard LGBM configurations [31]. The proposed POA-LGBM
framework distinguishes itself from prior hybrid optimization models. The POA algorithm
is specifically designed to achieve a proportional balance between global exploration and
local exploitation, as evidenced by its original design and benchmarking, which makes it
especially suitable for complex hyperparameter tuning tasks [33]. POA-LGBM systemati-
cally enhances both model accuracy and generalization while simultaneously providing
interpretable insights through SHAPs analysis. By capturing multidimensional project
features, including financial, temporal, environmental, and resource-related variables, this
framework delivers a more comprehensive and actionable understanding of cost overrun
drivers, bridging the gap between high-performance predictive modeling and practical
decision-making in infrastructure project management.

The remainder of this paper is structured as follows. Section 2 presents a review of
similar works, and Section 3 describes the methodology, including the POA, the LGBM,
the proposed framework, the dataset, and the evaluation metrics. Section 4 presents
the experimental evaluation of the proposed model. Finally, Section 5 summarizes the
conclusions of this study and outlines directions for future research.

2. Literature Review
An increasing use of hybrid metaheuristic approaches and machine learning (ML) for cost

overrun predictions is highlighted in the literature. Al Mnaseer et al. [34] developed artificial
neural networks (ANNs) trained on data from 191 construction projects in Jordan to predict cost
and schedule overruns. Model hyperparameters were optimized using Tabu Search, yielding
92.19% accuracy and an R2 of 0.9385 for both cost and time predictions, which confirmed the
model’s effectiveness in early overrun estimation. Cheng et al. [35] developed a hybrid deep
learning model for predicting construction project costs and schedules, combining Neural
Networks for time-independent data and Bidirectional Gated Recurrent Unit (NN-BiGRU)
for time-dependent data. The model was optimized using the Optical Microscope Algorithm
(OMA), resulting in Reference Index (RI) values of 0.977 for costs and 0.932 for schedules.
Elmasry and Elshaarawy [36] proposed hybrid Categorical Boosting (CatBoost) models for
predicting the costs of concrete solid slabs by integrating CatBoost with three metaheuristic
optimization algorithms: Dwarf Mongoose Optimization (DMO), Phasor Particle Swarm
Optimization (PPSO), and Atom Search Optimization (ASO). These models optimized key
hyperparameters, and were benchmarked against the traditional CatBoost model. The ASO-
CatBoost model achieved the highest performance. ForouzeshNejad et al. [15] proposed
a hybrid eXtreme Gradient Boosting–Simulated Annealing (XGBoost-SA) model to forecast
construction project costs and schedules by incorporating historical project data and optimizing
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key features. The model achieved 92% prediction accuracy and significantly reduced cost and
time prediction errors by nearly 50% and 80%, respectively, compared to the traditional Earned
Schedule Method (ESM) and Earned Value Management (EVM). The study notes that the
model’s generalizability is limited by its dependence on data from similar projects. Coffie and
Cudjoe [37] applied an Extreme Gradient Boosting (XGBoost) model to data from construction
projects completed in Ghana between 2016 and 2018 to predict cost overruns. The model
demonstrated strong performance with RMSE, MSE, MAE, and MAPE values.

Mahmoodzadeh et al. [38] applied four machine learning models: Gaussian Process
Regression (GPR), Support Vector Regression (SVR), Linear Regression (LR), and Decision
Tree (DT) to predict the duration and cost of tunnelling projects using 350 datasets with
16 input parameters. The models were optimized using the Grey Wolf Optimization (GWO)
algorithm, with LR achieving the highest prediction performance. Doulabi [39] developed
a data-driven decision-support framework to optimize hospital construction cost and time
in Iran using data from 270 facilities. The methodology combined machine learning models,
including Multilayer Perceptron (MLP), Support Vector Regression (SVR), and Random For-
est, with metaheuristic algorithms such as Grey Wolf Optimizer (GWO), Genetic Algorithm
(GA), and Artificial Bee Colony (ABC) for multi-objective optimization. SVR produced the
most accurate cost and duration predictions, while GWO achieved the lowest normalized
objective value. Han et al. [40] proposed a cost prediction model for agricultural water
conservancy projects by integrating Building Information Modeling (BIM) with a Grey BP
Neural Network optimized using the Sparrow Search Algorithm (SSA). The model was
trained on real project data and material prices from January 2016 to February 2021 in
Liaoning Province, China. Results showed a maximum relative error of 2.99%, RMSE of
0.1358, and R2 of 0.9819, representing a 33% reduction in RMSE and a 6% improvement
in R2 compared to the baseline PGNN model. Almahameed and Bisharah [41] evaluated
multiple machine learning approaches for construction cost optimization, comparing Linear
Regression, Decision Trees, Support Vector Machines (SVM), Gradient Boosting, Random
Forest, K-Nearest Neighbors (KNN), and Convolutional Neural Network (CNN) regression.
The voting regression model proposed by the authors outperformed the competing models.

Collectively, these studies demonstrate that integrating machine learning with meta-
heuristic optimization substantially improves the accuracy and reliability of cost and schedule
predictions across a wide range of construction projects. Hybrid models consistently out-
perform traditional approaches, enabling early overrun estimation, resource optimization,
and informed decision-making. Previous hybrid frameworks based on GA [39] and PSO [41]
have demonstrated the potential of evolutionary and swarm-based search mechanisms for
improving cost prediction accuracy. GA and PSO effectively explore wide search spaces but
often suffer from slow convergence and premature stagnation due to discrete crossover and
mutation operations. These hybrids exhibit rapid early convergence, but are prone to entrap-
ment in local optima and high parameter sensitivity. These constraints limit their scalability
and consistency in high-dimensional hyperparameter landscapes. In contrast, the proposed
POA-LGBM framework achieves a more adaptive balance between exploration and exploita-
tion, enabling faster convergence and robust generalization with fewer control parameters.
This dynamic adaptability, coupled with the pelican’s cooperative foraging analogy, ensures
efficient search diversification and stability across iterations, offering a distinct advantage.

3. Methodology
3.1. Pelican Optimization Algorithm

The Pelican Optimization Algorithm (POA) is a recently proposed population-based
metaheuristic optimization technique inspired by the cooperative hunting behavior of
pelicans [42]. This algorithm draws upon the natural dynamics observed in pelican groups,
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particularly their coordinated strategies during prey capture, to develop an effective search
mechanism for solving complex optimization problems. The POA operates on a population
of candidate solutions, each represented by a pelican. The entire population is structured
as a matrix, referred to as the population matrix, defined in Equation (1).

X =



x1,1 . . . x1,j . . . x1,m
...

. . .
...

. . .
...

xi,1 . . . xi,j . . . xi,m
...

. . .
...

. . .
...

xN,1 . . . xN,j . . . xN,m


N×m

(1)

where N denotes the number of pelicans (population size), m represents the number of
decision variables in the optimization problem, and xi,j corresponds to the value of the j-th
variable assigned by the i-th pelican (candidate solution). At the outset, the population is
initialized uniformly within the feasible search space using Equation (2).

xi,j = lj + rand ·
(
uj − lj

)
, i = 1, 2, . . . , N; j = 1, 2, . . . , m (2)

Here, lj and uj denote the lower and upper bounds of the j-th variable, respectively,
and rand is a uniformly distributed random number drawn from the interval [0, 1]. This
ensures that all initial candidate solutions are randomly scattered across the search domain,
promoting diversity in the early stages of the algorithm. The performance of each candidate
solution is evaluated through the objective function, resulting in a vector known as the
objective function vector, as given in Equation (3).

F =



F(X1)
...

F(Xi)
...

F(XN)


N×1

(3)

where F(Xi) is the objective function value associated with the i-th pelican’s position.
The POA proceeds through two sequential phases designed to balance exploration

and exploitation, mirroring the pelican’s hunting cycle. The movement toward prey is the
exploration phase. In this phase, the algorithm simulates the pelican’s initial descent toward
a target prey location. The key innovation lies in the stochastic generation of the prey’s
position within the search space at each iteration, which enhances the algorithm’s ability to
explore uncharted regions and avoid premature convergence. The updated position of the
i-th pelican in the j-th dimension is computed as expressed in Equation (4)

xP1
i,j =

xi,j +
(

pj − I·xi,j
)
· rand, if rand < 0.5

xi,j +
(
xi,j − pj

)
· rand, otherwise

(4)

where xP1
i,j is the new position of the i-th pelican in dimension j, pj represent the j-th component

of the prey position, I ∈ {1, 2} represent a control parameter selected randomly per individual
and per iteration, rand ∈ [0, 1] represent a uniform random number. The parameter I plays a
crucial role in modulating the extent of displacement. When I = 1, the movement is relatively
conservative, allowing for fine adjustments. However, when I = 2, the displacement is
amplified, enabling the pelican to leap into distant regions of the search space. This dynamic
adjustment significantly boosts the algorithm’s exploration capability, especially in early
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iterations, thereby increasing the likelihood of discovering promising sub-regions. To ensure
progress toward optimality, an effective updating rule is applied. A new position is accepted
only if it yields a strictly better objective function value as expressed in Equation (5)

Xi =

XP1
i , if F

(
XP1

i

)
< F(Xi)

Xi, otherwise
(5)

This mechanism prevents the algorithm from deteriorating due to unfavorable moves
and maintains convergence integrity. The wing spreading on water surface is the ex-
ploitation phase. Upon reaching the vicinity of the prey, pelicans engage in a secondary
maneuver: spreading their wings across the water surface to generate disturbances that
drive fish upward, concentrating them within reach. This behavior is mathematically
modeled to represent a local search strategy aimed at refining the current best solutions.
The updated position in this phase is given by Equation (6)

xP2
i,j = xi,j + R·

(
1 − t

T

)
·(2·rand − 1)·xi,j (6)

where xP2
i,j is the updated position of the i-th pelican in the j-th dimension, R is a constant

scaling factor controlling the magnitude of perturbation its set to 0.2, t is the current itera-
tion counter, T is the maximum number of allowed iterations, rand ∈ [0, 1] is a uniformly
distributed random number. The term R·

(
1 − t

T
)

acts as a time-varying neighborhood
radius. Initially, when t ≪ T, the coefficient approaches R, indicating a broad exploration
radius around each pelican. As t increases and approaches T, the coefficient diminishes
linearly, reducing the neighborhood size. This progressive reduction enables the algo-
rithm to transition from global exploration to fine-grained local search. The expression
(2·rand − 1) introduces directional randomness, allowing movements both toward and
away from the current position, thus maintaining a balanced local search pattern. The
multiplication by xi,j ensures that the step size scales proportionally with the current vari-
able value, enhancing adaptability in different scales of the search space. Similar to the
exploration phase, an effective update criterion is enforced, defined in Equation (7).

Xi =

XP2
i , if F

(
XP2

i

)
< F(Xi)

Xi, otherwise
(7)

This ensures that only beneficial updates are retained, guiding the population toward
improved solutions over successive iterations.

3.2. Light Gradient Boosting Machine (LGBM)

LGBM is a gradient boosting framework that utilizes decision trees as base learners,
designed to enhance efficiency and performance in various machine learning tasks such
as regression, classification, and ranking. Unlike traditional boosting methods, LGBM
introduces several algorithmic optimizations to improve computational speed and reduce
memory usage [43]. A key feature of this model is its use of histogram-based binning tech-
niques for continuous feature values, which significantly accelerates the training process
by reducing the number of computational operations required during split finding [44].
Moreover, LGBM employs a leaf-wise (best-first) tree growth strategy, in contrast to the
level-wise approach used in many conventional tree-based algorithms. This method se-
lects the leaf with the highest potential loss reduction to expand at each step, enabling
greater accuracy, particularly when dealing with complex datasets. To prevent overfitting,
the algorithm incorporates depth limits and other regularization mechanisms during the
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tree construction phase. The learning process in LGBM is formulated as an optimization
problem, where the objective is to minimize a specified loss function L(y, f (x)) over the
training dataset X =

{(
xj, yj

)}N
j=1. The final predictive model is constructed iteratively,

with each subsequent tree aiming to correct the residuals of the current ensemble. Formally,
the optimal function estimate f̂ (x) is obtained by solving Equation (8)

f̂ (x) = arg min
f

Ex,y[L(y, f (x))] (8)

Each individual tree in the ensemble is represented by a function Wq(x), where
q ∈ {1, 2, . . . , N} denotes the decision path leading to a specific leaf node, W corresponds to
the weight associated with that leaf, and N represents the total number of leaves in the tree.
During training, the model updates its predictions using a second-order approximation
of the objective function via Newton’s method. At iteration t, the objective function is
approximated as expressed in Equation (9)

Gt ∼= ∑N
i=1 L[yi, Ft−1(xi) + ft(xi)] (9)

This iterative refinement allows LGBM to achieve high predictive performance with
relatively fast convergence, making it a robust choice for large-scale and high-dimensional
data applications.

3.3. Proposed Framework

This research proposes a hybrid framework that uses both LGBM and POA to en-
hance predictive accuracy for the cost overrun model. The POA-LGBM model uses the
POA metaheuristic to fine-tune LGBM’s hyperparameters, and thus its efficiency. The
framework of this model is described in the following sections. Figure 1 illustrates the
proposed framework.

 

Figure 1. POA-LGBM prediction model.
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3.3.1. Data Partitioning and Initialization

The process begins with the preprocessed dataset, which is partitioned into training
and testing data. The training partition is used for model construction and hyperparameter
tuning, while the testing partition is used for the final, unbiased, and last evaluation of the
optimized model performance.

3.3.2. POA for Hyperparameter Tuning

The POA, which is the main part of the framework, is a nature-inspired metaheuristic
that simulates the intelligent hunting and foraging of pelicans. POA is employed to navigate
the complex, high dimensional space for the LGBM hyperparameters and selects the set
that best reduces the prediction error. The sequence of steps of the optimization process is
as follows:

1. Initialization: The POA process begins by initializing a population of pelicans, where
each pelican represents a candidate solution. Each candidate solution corresponds to
a unique set of LGBM hyperparameters. The positions of the pelicans are randomly
initialized within predefined search boundaries for each hyperparameter. Also, the
LGBM model is initialized using Equation (8).

2. Fitness Evaluation: The fitness of each pelican (each set of hyperparameters) is eval-
uated using a fitness function. This function trains an LGBM model on the training
data using the specified hyperparameters and calculates the model’s performance.
In the proposed framework, the fitness of pelicans is measured by Mean Squared
Error (MSE) through a 5-fold cross-validation procedure. Cross-validation ensures a
robust and generalizable fitness score by mitigating the risk of overfitting to a specific
subset of the training data. The objective is to minimize this error metric.

3. Population Update: The POA iteratively updates the positions of the pelicans through
two primary phases, mirroring pelican hunting strategies:

# Moving Towards Prey (Exploration Phase): In this phase, pelicans explore the
search space to locate promising areas (prey). The position of each pelican
is updated based on the location of randomly selected prey, as described by
the POA’s mathematical model (Equation (4)). Afterwards, the update rule in
Equation (5) is adopted if the new position is better or worse.

# Winging on the Water Surface (Exploitation Phase): Once a promising region
is identified, pelicans exploit the area to converge on the best solution. This
phase involves a more localized search around the current best solutions to
refine the hyperparameter values (Equation (6)). Afterwards, the update rule
in Equation (7) is adopted if the new position is better or worse.

4. Iteration and Termination: The fitness evaluation and population update steps are
repeated for a predetermined number of iterations (T). Throughout this process, the
algorithm records the best set of hyperparameters found so far (best solution). The
iterative process terminates when the maximum number of iterations is reached.

3.3.3. Final Model Training and Evaluation

The integration of POA with LGBM leverages the algorithm’s two-phase adaptive
mechanism to achieve an optimal trade-off between global exploration and local exploita-
tion during hyperparameter tuning. In the exploration phase, pelicans move stochasti-
cally toward prey positions across the search space (Equation (4)), promoting the diverse
sampling of hyperparameter configurations and reducing the likelihood of premature
convergence. As iterations progress, the wing-spreading phase (Equation (6)) narrows
the search radius through a time-dependent decay function. R (1 − t/T), where t is the
current iteration, T denotes the maximum iteration, and R is a coefficient set to 2, enabling
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fine-grained refinement around promising solutions. This gradual transition ensures con-
vergence toward globally optimal parameter sets with minimal overfitting risk. Upon
completion of the POA optimization, the algorithm outputs the best-performing set of
LGBM hyperparameters. The performance of this finalized POA-LGBM model is then
rigorously assessed by making predictions on the unseen test set. The model’s predictive
accuracy is quantified using the standard evaluation metrics. Finally, the performance of
the proposed POA-LGBM framework is compared against other models to validate its
superiority and effectiveness in predicting project cost overruns.

3.4. Data
3.4.1. Dataset Description

This study utilized a comprehensive civil engineering dataset obtained from Kaggle [45],
specifically designed for whole life cycle management of construction projects through
the integration of Building Information Modeling (BIM) and Artificial Intelligence (AI)
technologies. The selected dataset comprises 16 primary features, including 13 numerical
and 3 categorical features, chosen for predictive modeling. These features capture multidi-
mensional aspects of construction project performance, encompassing financial metrics,
temporal parameters, environmental conditions, resource utilization, and safety indicators.
The adopted dataset represents a comprehensive collection of construction project records
curated from the BIM. It integrates data from a range of project categories, including resi-
dential, commercial, transportation, and public infrastructure developments. Although the
dataset does not focus on a specific geographical region, it consolidates observations across
multiple jurisdictions and climates, providing sufficient variability to support a generaliz-
able cost overrun prediction framework. This diversity ensures that the POA-LGBM model
captures a wide array of construction patterns and resource usage dynamics.

3.4.2. Data Characteristics and Feature Selection

The dataset comprises both numerical and categorical variables spanning multiple
project domains. The selected feature set includes fundamental project metrics: Planned
Cost and Actual Cost for financial tracking; Planned Duration and Actual Duration for
temporal assessment; and Schedule Deviation. Environmental monitoring parameters
incorporate Temperature, Humidity, and Weather Condition variables (stormy, rainy, and
snowy), while operational metrics encompass Energy Consumption, Material Usage, Labor
Hours, and Equipment Utilization rates. Safety and quality assurance are represented
through Accident Count and Anomaly Detected indicators, with Completion Percentage
providing project progress tracking. Project Type serves as a categorical classifier distin-
guishing between various construction categories including dam, tunnel, and roads. The
target variable, Cost Overrun, represents the dependent variable for predictive modeling.

3.4.3. Data Preprocessing and Transformation

The data preprocessing implemented several critical data cleaning and transformation
procedures to ensure model readiness. Non-predictive identifiers such Start Date, End Date,
Project ID, and Location were excluded from the features. Records containing missing
values in the target variable were removed to maintain prediction integrity. Categorical
variables underwent one-hot encoding transformation.

3.4.4. Feature Scaling and Normalization

Features underwent Min-Max normalization to standardize value ranges between
0 and 1, addressing potential scale disparities among variables measured in different units.
This normalization procedure ensures equal feature contribution during model training
and prevents variables with larger magnitudes from dominating the learning process. This
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standardized data structure facilitates seamless integration with various machine learning
frameworks while preserving the interpretability of individual feature contributions to
model predictions. Figure 2 illustrates the distribution of numerical features after scaling.

   

   

   

   

 

  

Figure 2. Distribution of numerical features.

3.5. Evaluation Metrics

To assess the performance of the predictive model, the study employed four widely
adopted regression metrics: R2, RMSE, MAE, and MAPE. These metrics provide comple-
mentary insights into model accuracy, error magnitude, and interpretability. Below is a
summary of the mathematical formulations and interpretations for each metric in Table 1.
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Table 1. Evaluation metrics.

Metric Mathematical Formulation Typical Range & Note

R2 R2 = 1 − ∑n
i=1 (yi−ŷi)

2

∑n
i=1 (yi−ȳ)2

−∞ < R2 ≤ 1 (values < 0
occur when the model

underperforms the mean
predictor)

RMSE
(Root-Mean-Squared Error) RMSE =

√
1
n

n
∑

i=1
(yi − ŷi)

2 [0, ∞); lower is better

MAE (Mean Absolute
Error) MAE = 1

n ∑n
i=1 |yi − ŷi| [0, ∞); lower is better

MAPE (Mean Absolute
Percentage Error)

MAPE =
100
n

n
∑

i=1

|yi − ŷi|
|yi|

[0, ∞)%; lower is better

Table 1 below provides the mathematical formulations for each evaluation metric used
in this study, where n represents the number of observations, yi denotes the actual cost
overrun values, ŷi represents the predicted cost overrun values, and y indicates the mean
of the actual values.

4. Experimental Evaluation
To rigorously assess the efficacy of metaheuristic optimization in tuning the hyper-

parameters of LGBM, a systematic experimental design was employed. The objective
function of each compared optimizer is defined as the mean of fivefold cross-validation
performance to mitigate overfitting and ensure generalizability. Each candidate optimizer
was embedded into the training process to fine-tune the LGBM parameters, producing five
enhanced variants: AEFA-LGBM, CS-LGBM, DE-LGBM, POA-LGBM, and SCA-LGBM.
These were compared against the baseline LGBM without optimization. Parameters of
each optimizer are presented in Table 2. The baseline LGBM model was configured with
a learning rate of 0.1, maximum depth of 20, and 100 estimators. For hyperparameter
optimization, the search boundaries were established as follows: learning rate ranging
from 0.05 to 0.5, maximum depth from 5 to 20, and number of estimators from 50 to 200.
The dataset was partitioned with 70% allocated for training and 30% for testing. Due to the
stochastic nature of the optimization algorithms, the entire training process was repeated
across 20 independent runs, thereby capturing the variability of results and allowing for
statistical characterization through the reporting of mean, standard deviation, and best-
case values across multiple performance indicators. The models were evaluated on both
training and testing sets using a comprehensive suite of metrics. This broad spectrum of
measures ensures that the analysis goes beyond accuracy alone and includes robustness,
error distribution, and interpretability of model performance.

Table 2. Optimization algorithms parameters.

Algorithms Parameter Setting

AEFA k0 = 500, γ = 30

CS Pa = 0.25, r = 0.05

DE F = 0.5, CR = 0.7

POA R = 0.2

SCA a= 2
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The training outcomes in Table 3 reveal the immediate benefits of metaheuristic
hyperparameter tuning, bold indicates the best value. The optimized LGBM variants
consistently outperformed the baseline, demonstrating markedly improved fitting abil-
ity. While the baseline LGBM achieved an R2 of 0.9768, all optimized versions exceeded
0.994, signifying that the optimization process enabled the models to capture nearly all
variance in the training data. This improvement was mirrored in the RMSE and MAE
values, where metaheuristic-enhanced models reported significantly lower errors. Notably,
SCA-LGBM produced the lowest average MAE (0.0068) and also recorded an impres-
sively low RMSE (0.0110), indicating superior precision in capturing underlying patterns.
A further strength of the optimized models lies in their stability. The reported standard
deviations across metrics were minimal, underscoring the consistency of the metaheuristic-
driven frameworks over repeated runs. In contrast, the baseline LGBM not only showed
inferior averages but also exhibited greater variability, particularly in error-based metrics,
suggesting its sensitivity to suboptimal parameter settings. These results underscore the
value of metaheuristics in guiding the search process toward globally competitive solutions
that reduce the risks of underfitting and overfitting. The true test of model performance,
however, lies in the ability to generalize beyond the training data.

Table 3. Training results of 20 independent runs.

AEFA-LGBM CS-LGBM DE-LGBM POA-LGBM SCA-LGBM LGBM

R2 AVG 0.99560 0.99714 0.99722 0.99711 0.99717 0.97683

STD 9.6721 × 10−4 1.2766 × 10−3 8.1976 × 10−4 9.7025 × 10−4 1.6715 × 10−3 1.6387 × 10−3

Best 0.99751 0.99918 0.99854 0.99852 0.99942 0.97984

RMSE AVG 1.4254 × 10−2 1.1258 × 10−2 1.1265 × 10−2 1.1472 × 10−2 1.1014 × 10−2 3.1964 × 10−2

STD 1.5742 × 10−3 2.5896 × 10−3 1.6884 × 10−3 1.8294 × 10−3 3.2976 × 10−3 9.4009 × 10−4

Best 1.0778 × 10−2 6.1850 × 10−3 8.2730 × 10−3 8.3130 × 10−3 5.2050 × 10−3 3.0067 × 10−2

MAE AVG 9.2692 × 10−3 7.0936 × 10−3 7.0767 × 10−3 7.1763 × 10−3 6.8588 × 10−3 2.4781 × 10−2

STD 1.1983 × 10−3 1.9636 × 10−3 1.3036 × 10−3 1.4814 × 10−3 2.6748 × 10−3 6.6421 × 10−4

Best 6.5610 × 10−3 3.2520 × 10−3 4.6230 × 10−3 4.6130 × 10−3 2.3110 × 10−3 2.3480 × 10−2

MAPE AVG 6.4322 4.6809 4.6034 4.7092 4.4852 1.3997 × 101

STD 9.4115 × 10−1 1.5075 1.0321 1.1219 2.0236 2.8684

Best 4.2945 1.8143 2.7754 2.7495 1.1217 1.1578 × 101

Table 4 presents the testing results, where again the superiority of the optimized
frameworks is evident, bold indicates the best value. All metaheuristic-enhanced models
achieved average R2 values around 0.978, compared to the baseline’s lower value of 0.959.
This demonstrates that the optimization mechanisms not only improved the in-sample
performance but also transferred predictive precision to unseen data.

The RMSE and MAE metrics further illustrate this consistency. POA-LGBM in par-
ticular stood out by achieving the lowest RMSE (0.0304) and a competitive MAE (0.0233),
suggesting that its search dynamics facilitated a balanced trade-off between bias reduc-
tion and variance control. Similarly, DE-LGBM and AEFA-LGBM achieved comparably
strong results, reinforcing the effectiveness of evolutionary-inspired search strategies in
exploring the hyperparameter landscape. Interestingly, while the baseline LGBM exhibited
a superficially favorable MAPE (20.97%) relative to the optimized models (≈30%), this
outcome was coupled with MAE and high variance, which undermines its reliability. This
discrepancy highlights the limitations of relying on a single percentage-based metric, as
improvements in one measure may mask instability or imbalances in overall predictive be-
havior. The experimental findings provide robust evidence that metaheuristic optimization
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significantly enhances the predictive capability and robustness of LGBM. All optimized
variants reduced the error metrics and achieved more stable outcomes than the baseline.
The training–testing comparison also indicates that the improvements were not a result of
overfitting; rather, the optimized models generalized well across independent runs and
unseen data.

Table 4. Testing results of 20 independent runs.

AEFA-LGBM CS-LGBM DE-LGBM POA-LGBM SCA-LGBM LGBM

R2 AVG 0.97848 0.97837 0.97845 0.97856 0.97822 0.95919

STD 7.7721 × 10−5 7.0533 × 10−4 6.3666 × 10−4 3.8363 × 10−4 7.1151 × 10−4 4.6021 × 10−3

Best 0.97827 0.97669 0.97683 0.97794 0.97637 0.95019

RMSE AVG 3.0493 × 10−2 3.0566 × 10−2 3.0513 × 10−2 3.0432 × 10−2 3.0671 × 10−2 4.2477 × 10−2

STD 5.4949 × 10−5 4.9664 × 10−4 4.4780 × 10−4 2.7326 × 10−4 4.9791 × 10−4 2.9544 × 10−3

Best 3.0415 × 10−2 2.9673 × 10−2 2.9956 × 10−2 2.9762 × 10−2 2.9799 × 10−2 3.7379 × 10−2

MAE AVG 2.3193 × 10−2 2.3427 × 10−2 2.3414 × 10−2 2.3267 × 10−2 2.3482 × 10−2 3.3356 × 10−2

STD 5.6641 × 10−5 4.6134 × 10−4 4.5545 × 10−4 2.3405 × 10−4 4.5953 × 10−4 2.4926 × 10−3

Best 2.3104 × 10−2 2.2732 × 10−2 2.2902 × 10−2 2.2804 × 10−2 2.2655 × 10−2 2.8801 × 10−2

MAPE AVG 3.0828 × 101 3.0661 × 101 3.0439 × 101 3.0567 × 101 3.0702 × 101 2.0975 × 101

STD 1.3558 × 10−1 6.4876 × 10−1 4.4589 × 10−1 5.2025 × 10−1 7.9319 × 10−1 7.9711

Best 3.0639 × 101 2.9467 × 101 2.9813 × 101 2.9165 × 101 2.9413 × 101 1.2617 × 101

When comparing among the metaheuristic approaches, POA-LGBM emerged as the
best performer. It demonstrated the highest average R2 in the testing phase (0.9786), the
lowest RMSE, and strong stability across independent trials. This outcome can be attributed
to POA’s exploration–exploitation balance, which is particularly well-suited for navigating
the complex hyperparameter search space of LGBM. DE-LGBM and AEFA-LGBM followed
closely, offering competitive performance with marginally higher errors. CS-LGBM and
SCA-LGBM also performed significantly better than the baseline, though with slightly less
consistency in certain metrics. The implications of these findings are twofold. First, they
confirm that metaheuristic optimization provides a powerful mechanism to unlock the full
potential of ensemble-based learners like LGBM, especially when tasked with complex
prediction problems. Second, they demonstrate that the choice of optimization strategy is
not inconsequential: while all metaheuristics outperformed the baseline, certain algorithms,
particularly POA, achieved a superior balance of accuracy, stability, and generalization.

The scatter plots in Figure 3 further reinforce these conclusions by illustrating predicted
versus actual cost overruns for the best-performing runs. For the optimized models, data
points aligned closely with the ideal line (Y = X), and the fitted regression lines (black
dashed) almost perfectly overlapped with the ideal line, indicating strong agreement
between the predictions and ground truth. AEFA-LGBM, CS-LGBM, DE-LGBM, and SCA-
LGBM exhibited tight clustering of training and testing points, underscoring both accuracy
and consistency. AEFA-LGBM stands out by the densest clustering around the ideal line,
with minimal dispersion at extreme values, reflecting its superior balance of bias and
variance. As seen in Table 4, POA-LGBM exhibited more accurate prediction based on
average performance, demonstrating more stable and repeatable prediction. In contrast,
the baseline LGBM displayed greater scatter, with noticeable deviations particularly at
higher cost overrun values. This divergence highlights the limitations of manually set
hyperparameters and confirms the necessity of optimization.
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Figure 3. Predicted vs. actual of models.

Figure 4 illustrates the prediction–target alignment alongside the absolute error distri-
butions for the best test run of each model, with results from both the training and testing
phases displayed. The plot provides a granular view of model performance, capturing how
well predictions align with the actual cost overrun values and where discrepancies emerge
across the sample space. Across all optimized LGBM variants, the predicted values aligned
closely with the actual observations, with only minor deviations reflected in the dark-red
absolute error trajectories. The error remained consistently bounded within a narrow
range, confirming that metaheuristic optimization not only enhances average accuracy
but also stabilizes performance across diverse samples. AEFA-LGBM and DE-LGBM, for
instance, showed highly uniform error bands, with fluctuations tightly constrained around
the baseline. This indicates that their optimization strategies successfully minimize outlier
deviations. POA-LGBM once again demonstrated the strongest balance of accuracy and
stability. The prediction curve almost perfectly overlapped the actual data across both
training and testing regions, while the absolute error line remained exceptionally flat. This
reinforces earlier quantitative findings (highest mean R2 and lowest RMSE during testing)
and scatter plot evidence (tight clustering around the ideal prediction line). The error
consistency highlights POA-LGBM’s capacity to generalize effectively while minimizing
overfitting, a property particularly valuable in practical cost overrun prediction tasks where
reliability is critical. In comparison, the baseline LGBM displayed substantially larger devi-
ations. The prediction trajectory diverged more frequently from the actual data, and the
absolute error line exhibited pronounced fluctuations. These inconsistencies corroborate the
higher RMSE and variance reported in the numerical results, demonstrating that without
optimization, LGBM is less capable of maintaining a reliable performance across varying
data ranges.
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Figure 4. Error plots of the prediction model.

The convergence curves in Figure 5 present the trajectory of the mean cross-validation
MSE across 20 independent runs for each metaheuristic-enhanced LGBM. These curves
provide valuable insights into the optimization dynamics, including convergence speed, sta-
bility, and the ability to escape poor local optima. All metaheuristic variants demonstrated
a rapid decline in MSE during the initial iterations, indicating effective exploration of the
hyperparameter space. Within the first 30 iterations, each algorithm achieved substantial
reductions in error, reflecting their capacity to quickly identify promising parameter regions.
Beyond this initial phase, the trajectories flattened, suggesting a shift from exploration to
exploitation as the algorithms refined their search around high-quality solutions. AEFA-
LGBM exhibited the fastest convergence and ultimately achieved the lowest mean error,
highlighting its strong capability for early exploitation. This explains the competitive train-
ing performance reported. POA-LGBM and DE-LGBM also converged effectively, reaching
similarly low error plateaus but with a slightly slower early phase descent compared to
AEFA. This more gradual convergence suggests that POA and DE balance exploration
and exploitation more evenly, a property that aligns with their superior generalization
performance during testing. In contrast, CS-LGBM and SCA-LGBM showed slower con-
vergence and stabilized at marginally higher MSE values. While they outperformed the
baseline LGBM by a wide margin, their optimization dynamics suggest less efficient search
behavior, potentially limiting their ability to fine-tune hyperparameters to the same preci-
sion as AEFA, DE, or POA. Nonetheless, their stability across iterations indicates that once
convergence is reached, the solutions remain consistent and reproducible.

The bar chart in Figure 6 illustrates the mean computational time (in seconds) over
20 independent runs for all competing optimization models. POA-LGBM exhibited the
highest average runtime. The SCA-LGBM and DE-LGBM models also required rela-
tively longer computation times due to their population-based nature. In contrast, AOA-
LGBM and AEFA-LGBM demonstrated notably shorter mean runtimes, indicating faster
convergence and reduced computational overhead. While the POA-LGBM incurred a
marginally higher computational cost, the gain in prediction accuracy and stability jus-
tifies the trade-off, underscoring its efficiency in balancing optimization intensity and
predictive robustness.
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Figure 5. Convergence plot.

Figure 6. Runtime of compared model.

To complement the quantitative performance analysis, SHAPs were employed to
interpret the decision-making process of the best-performing model, POA-LGBM. SHAPs
provides a unified measure of feature contributions to the model’s predictions, allowing
both global and local interpretability.

The SHAPs summary plot in Figure 7 reveals that Actual_Cost emerged as the most
influential variable, exerting the highest positive and negative impact on the predicted
cost overruns. This dominance aligns with domain expectations, as historical cost pro-
files directly inform the likelihood of future overruns. Energy_Consumption and Sched-
ule_Deviation followed closely, highlighting the centrality of resource intensity and project
scheduling in driving cost inefficiencies. The relatively wide spread of SHAPs values
indicates that both high and low feature values exert strong directional influence, meaning
that projects with unusual energy demand or significant schedule slippage are particularly
prone to overruns.
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Figure 7. SHAPs analysis of impact of features.

Other variables such as Material_Usage, Actual_Duration, and Accident_Count also
contributed significantly, underscoring the interplay between material allocation, timeline
efficiency, and workplace safety. Notably, operational indicators like Equipment_Utilization
and Labor_Hours carried moderate influence, reflecting their role as secondary determi-
nants that amplify or mitigate cost pressures. In contrast, contextual factors such as
Weather_Conditions and project-type variables displayed lower SHAPs magnitudes, sug-
gesting that while they contribute, their effect was less consistent compared to direct cost,
schedule, and resource variables.

The SHAPs decision plot in Figure 8 provides a trajectory of how features cumula-
tively shape predictions for individual samples. The left-to-right movement shows that
predictions generally start from a baseline expectation and are progressively adjusted
by key drivers. Actual_Cost and Energy_Consumption consistently shifted predictions
upward, reinforcing their strong positive association with overruns. Conversely, features
like Completion_Percentage and Planned_Cost often pulled predictions downward, re-
flecting their stabilizing effect when project progress aligns with expectations. Beyond
global interpretability, the SHAPs findings offer direct managerial implications for cost
control. For instance, consistently high SHAPs values associated with Actual Cost and
Energy Consumption can trigger early warning thresholds within digital dashboards,
prompting managers to review procurement efficiency or energy usage intensity. Similarly,
a high SHAPs contribution from Schedule Deviation may signal potential downstream
cost inflation, allowing for proactive schedule adjustments or contractual renegotiations
before overruns materialize. In real-world deployment, these SHAP-based insights can
be integrated into BIM or Digital Twin systems, enabling the real-time visualization of
cost risk zones and dynamic prioritization of corrective actions. Consequently, SHAPs not
only enhance interpretability, but also empower project managers to transform predictive
analytics into timely, data-driven preventive strategies against escalating project costs.
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Figure 8. SHAPs analysis of POA-LGBM decision during prediction.

5. Conclusions
This study introduced a comprehensive framework for enhancing the predic-

tive capability of LGBM through metaheuristic-based hyperparameter optimization.
Five swarm and evolutionary algorithms, namely AEFA, CS, DE, POA, and SCA, were
employed to guide the optimization process, with results evaluated over 20 independent
runs using a robust fivefold cross-validation as an evaluation mechanism for training.
The findings demonstrated that all optimized variants outperformed the baseline LGBM,
achieving higher predictive accuracy, lower error rates, and greater stability across training
and testing phases. Among the tested frameworks, POA-LGBM consistently exhibited
the most balanced performance in terms of accuracy, generalization, and stability, while
AEFA-LGBM showed the fastest convergence.

Beyond raw performance improvements, the integration of SHAPs interpretability
highlights that the optimized models are not black boxes. Instead, they identify intuitive
and domain-relevant drivers of cost overruns, such as actual cost, energy consumption, and
schedule deviation, thereby offering actionable insights for project managers. This dual
emphasis on predictive strength and interpretability strengthens the case for metaheuristic-
enhanced LGBM as a practical decision-support tool in managing complex project envi-
ronments. Importantly, our prediction model, as shown in Figure 1, demonstrates that
metaheuristic-enhanced LGBM can provide a structured approach to balance exploration
and exploitation in analytical decisions through data-driven interpretability.

Despite its contributions, the study is not without limitations. First, the analysis
was conducted on a single dataset, which, while rich and representative, may limit the
generalizability of results across different industries or project types. Although the current
dataset encompassed multiple construction categories including residential, commercial,
and infrastructure projects, future work will involve testing the POA-LGBM framework
on regional and sectoral datasets to evaluate its transferability across diverse contexts.
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Such cross-domain validation will help quantify robustness to geographic, climatic, and
regulatory variability. In practical terms, real-world deployment may face challenges such
as limited data availability, model scalability, and stakeholder acceptance. To address these,
the framework can be expanded through federated learning architectures that preserve data
privacy across firms and incremental retraining pipelines to adapt to evolving project data.

Second, although multiple metaheuristic algorithms were compared, the study did
not explore hybrid or adaptive mechanisms that dynamically balance exploration and
exploitation, which may yield further improvements. Finally, computational cost remains a
consideration, as multiple independent runs of metaheuristic optimization are resource-
intensive, potentially constraining scalability in real-world, large-scale deployments. We
note that the present study provides a rigorous comparison among metaheuristic-optimized
ensemble models. In future research, we plan to extend our benchmarking to include deep-
learning and RL models trained under comparable conditions, thereby more fully situating
the POA-LGBM framework within the broader advanced AI landscape of cost-overrun
prediction and digital project management analytics.

Future research should address these limitations along several directions. Extending
the evaluation to multi-domain datasets including infrastructure, manufacturing, and
energy systems would validate the robustness and adaptability of the proposed frame-
work. Additionally, integrating hybrid or multi-objective metaheuristics could further
enhance optimization efficiency by jointly considering the accuracy, computation time,
and interpretability. From a practical standpoint, embedding the proposed models into
real-time monitoring and decision-support systems could transform predictive modeling
into proactive cost overrun management. Finally, expanding the research to ensemble
approaches that combine multiple optimized learners could yield even greater robustness
and accuracy in highly uncertain environments.
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