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Abstract

Cost overrun remains a major challenge in construction project management, particularly

in regions characterized by geographical constraints, logistical complexity, and high project

uncertainty. Conventional statistical approaches often struggle to capture nonlinear rela-

tionships among factors associated with construction cost overruns. This study proposes a

hybrid framework integrating Structural Equation Modeling–Partial Least Squares (SEM-

PLS) and Gradient Boosting to predict a latent Cost Overrun construct in construction

projects in Southwest Papua Province, Indonesia. SEM-PLS was employed to assess the

validity and reliability of the research constructs, comprising 24 predictor indicators across

three explanatory constructs and three outcome indicators for the latent Cost Overrun

construct. The validated indicator-level latent scores were used as input features for the

Gradient Boosting model, while the latent Cost Overrun construct was used as the pre-

diction target. The model achieved a mean absolute error (MAE) of 1.7838, a root mean

square error (RMSE) of 2.2079, a mean absolute percentage error (MAPE) of 19.10%, and

an R2 of 0.6173. Feature importance analysis indicated that Risk Factors contributed most

strongly (53.64%), followed by Social Factors (26.03%) and Geographical Factors (20.33%).

The proposed framework provides a structured approach for risk-oriented construction

cost management in high-risk regions.

Keywords: cost overrun; construction projects; Gradient Boosting; SEM-PLS; Southwest

Papua

1. Introduction

Cost overrun is one of the major challenges in construction project management and

represents a critical indicator of project success. Cost overrun occurs when the actual project

expenditure exceeds the estimated cost established during the initial planning stage or the

agreed contract value [1]. This phenomenon not only reduces contractor profitability but

also affects investment efficiency, project financing sustainability, and the effectiveness of

public expenditure in infrastructure development [2]. Previous studies have demonstrated

that cost overruns are a global and persistent issue across various types of construction

projects, including roads, bridges, buildings, ports, airports, energy infrastructure, and

public transportation systems [3,4]. More than 90% of public infrastructure projects ana-

lyzed in previous studies experienced cost overruns with substantial deviations from their

original estimates. Similar conditions have also been observed in developing countries,
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where additional challenges such as material price volatility, supply chain limitations, and

logistical and geographical constraints further complicate project delivery [5]. In large-scale

infrastructure projects, cost overruns are frequently triggered by project uncertainties, scope

changes, fluctuations in material prices, and the limited accuracy of cost estimation during

the early planning stage [6].

In developing countries, the complexity of cost overruns becomes even greater due

to the interaction of economic, technical, managerial, and external factors that dynamically

influence project performance. Material price instability, variations in labor productivity,

procurement delays, design changes during project execution, unforeseen site conditions, and

regulatory changes have consistently been identified as major contributors to construction

cost overruns [7]. Furthermore, geographical conditions and limited logistics infrastructure in

certain regions may increase cost uncertainty and project implementation risks.

Within the Indonesian context, these challenges become more pronounced in projects

located in regions characterized by limited accessibility and high dependence on material

transportation from other areas. Under such conditions, the relationships among cost

overrun factors become increasingly nonlinear and difficult to explain using conventional

cost estimation approaches, which typically assume linear relationships among variables.

In practice, construction project data are often influenced by multidimensional interactions

among technical, economic, managerial, and environmental factors that evolve dynamically

throughout the project lifecycle [8–10].

The complexity of these interactions makes cost estimation and prediction increasingly

difficult when using conventional statistical approaches based on linear assumptions.

In reality, the relationships among technical, economic, managerial, and environmental

variables are often nonlinear and dynamic, resulting in patterns that cannot be adequately

captured by traditional statistical methods [11]. Consequently, linear regression-based

models and conventional statistical approaches frequently exhibit limitations in modeling

complex relationships and producing adaptive cost predictions under changing project

conditions [12]. Although these methods may perform adequately for datasets with limited

variables and relatively simple relationships, their predictive capability tends to decline

when applied to construction projects characterized by heterogeneous datasets and complex

variable interactions [13].

Recent advances in computational technology and the increasing availability of large-

scale construction project data have accelerated the adoption of machine learning tech-

niques for cost prediction and decision support in construction management. Various algo-

rithms, including Artificial Neural Networks (ANNs), Support Vector Machines (SVMs),

Random Forest (RF), and Extreme Gradient Boosting (XGBoost), have been employed to

improve cost prediction accuracy and have demonstrated superior performance compared

with conventional statistical approaches [14–18]. In particular, ensemble learning methods

have shown a stronger capability to capture nonlinear relationships, reduce the risk of

overfitting, and identify hidden patterns within complex construction datasets [19]. Recent

studies in infrastructure engineering have further demonstrated that boosting-based algo-

rithms can significantly improve predictive performance across various civil engineering

and infrastructure management applications [20–22]. Consequently, machine learning ap-

proaches based on ensemble learning are increasingly recognized as promising alternatives

for achieving more accurate and adaptive cost overrun prediction.

Despite these advances, several research gaps remain to be addressed. First, most

previous studies have focused primarily on construction cost estimation rather than cost

overrun prediction during project execution [23]. Second, many predictive models have

been developed using all available variables without systematic construct validation or

feature selection procedures, potentially resulting in unstable models with limited inter-
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pretability [24]. Third, studies investigating the application of Gradient Boosting algorithms

for cost overrun prediction in construction projects, particularly in developing countries

characterized by high geographical, logistical, and project risk complexity, remain relatively

limited [25]. Furthermore, previous research has predominantly emphasized predictive

accuracy while paying less attention to model interpretability and the identification of

dominant factors contributing to project cost overruns [26].

To address these limitations, this study proposes a cost overrun prediction framework

that integrates Structural Equation Modeling–Partial Least Squares (SEM-PLS) as a con-

struct validation and feature selection mechanism with Gradient Boosting as the primary

prediction model. SEM-PLS is employed to identify factors that significantly influence cost

overruns, whereas Gradient Boosting is utilized to model nonlinear relationships among

variables and generate more accurate predictions. The proposed framework further evalu-

ates model performance using several prediction metrics, including Mean Absolute Error

(MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), and

the coefficient of determination (R2), while also comparing the performance of Gradient

Boosting with several alternative machine learning algorithms.

The contributions of this study can be summarized in three aspects. First, the study

introduces an integrated SEM-PLS and Gradient Boosting framework to establish a more

systematic feature screening based on causal relationships among variables. Second, the

study extends the application of ensemble learning techniques for cost overrun prediction

in developing countries characterized by high uncertainty and logistical complexity. Third,

the study provides a practical contribution by developing a predictive model that can serve

as a decision support tool for project owners, contractors, and government agencies in

construction cost control and infrastructure investment planning.

Based on these considerations, the objectives of this study are fourfold: (1) to identify

factors that significantly influence construction cost overruns; (2) to develop a cost overrun

prediction model using the Gradient Boosting algorithm; (3) to evaluate model performance

using multiple prediction metrics; and (4) to identify dominant factors affecting cost overruns

through feature importance analysis. The findings are expected to contribute both theoretically

to the advancement of machine learning-based cost prediction models and practically to

improving the effectiveness of cost control in construction and infrastructure projects.

2. Materials and Methods

2.1. Research Framework

This study adopts a quantitative data-driven approach to develop a cost overrun

prediction model for construction projects using the Gradient Boosting algorithm. The

research framework was designed to integrate variable validation, feature selection, predic-

tive model development, and model performance evaluation into a systematic analytical

workflow. The first stage of the study involved the collection of historical construction

project data encompassing various technical, economic, managerial, and environmental

characteristics that potentially influence the occurrence of cost overruns. Subsequently, data

cleaning and preprocessing procedures were conducted to ensure the quality and reliability

of the dataset used for model development. These procedures included handling missing

values, checking data consistency, and performing data transformation where necessary.

In the next stage, Structural Equation Modeling–Partial Least Squares (SEM-PLS)

was employed to validate the research constructs and identify variables that significantly

influence cost overruns. This process aimed to establish a more systematic feature selection

mechanism based on interrelationships among constructs, thereby improving both the

stability and interpretability of the predictive model. Variables that satisfied the validation

criteria were subsequently used as input features for the Gradient Boosting model. The
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Gradient Boosting algorithm was selected because of its capability to model nonlinear

relationships, capture complex interactions among variables, and reduce the risk of over-

fitting through a boosting-based ensemble learning approach [27]. To achieve optimal

predictive performance, hyperparameter optimization was conducted by tuning several

key parameters that influence the model learning process.

Model performance was subsequently evaluated using several metrics commonly

adopted in construction cost prediction studies, including Mean Absolute Error (MAE),

Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), and the coef-

ficient of determination (R2). In addition, feature importance analysis was performed to

identify the dominant factors contributing to cost overruns in construction projects. Overall,

the proposed research framework aims to develop a cost overrun prediction model that not

only achieves high predictive accuracy but also provides meaningful interpretation of the

key factors influencing project cost overruns. Consequently, the proposed model has the

potential to serve as a decision support tool for project stakeholders in construction project

cost management and control. The overall research framework is presented in Figure 1.

Figure 1. Research framework integrating SEM-PLS and Gradient Boosting.

2.2. Data Collection and Dataset Description

This study employed a quantitative approach based on historical construction project

data and survey data to develop a cost overrun prediction model for construction projects in

Southwest Papua Province, Indonesia. The research data were collected from construction

projects implemented between 2015 and 2025 and were complemented by primary data

obtained through questionnaire surveys administered to construction project stakeholders

with experience in project execution within the study area. The initial stage of the study

involved identifying factors that potentially influence the occurrence of cost overruns

based on an extensive literature review and the specific characteristics of the study region.

Based on this identification process, the research variables were classified into three main

constructs: social factors, geographical factors, and risk factors. In total, the study initially

considered 24 indicators representing these three constructs, which served as the basis for

constructing the latent variables used in the analysis.

The questionnaire indicators were measured using a Likert scale. Respondents were se-

lected using purposive sampling based on three criteria: having experience in construction

projects, being involved in project decision-making or implementation, and understand-
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ing construction project cost aspects. The respondents included construction contractors,

consultants, and field supervisors involved in construction project activities. A total of

233 questionnaires were distributed, of which 233 were valid and used for analysis, result-

ing in a 100% response rate.

The social factor construct consisted of four indicators representing the interaction

between construction projects and local communities, namely community conflicts, com-

munity acceptance, local labor availability, and cultural adaptation. The geographical factor

construct comprised four indicators reflecting the physical and accessibility characteristics

of the study area, including accessibility, material transportation distance, topographical

conditions, and infrastructure limitations. Meanwhile, the risk factor construct included

sixteen indicators covering logistics risk, weather risk, regulatory risk, contractual risk,

cost control, design changes, labor productivity, construction inflation, and other risks that

may arise during project execution. Subsequently, Structural Equation Modeling–Partial

Least Squares (SEM-PLS) was employed to assess the measurement and structural models

of the research. The SEM-PLS analysis evaluated the validity and reliability of the indi-

cators representing three theoretical constructs, namely Social Factors (X1), Geographical

Factors (X2), and Risk Factors (X3). The three constructs were represented by 24 indicators,

consisting of four indicators for Social Factors (X1.1–X1.4), four indicators for Geographical

Factors (X2.1–X2.4), and sixteen indicators for Risk Factors (X3.1–X3.16). These 24 indicators

represent the predictor side of the model, whereas the latent Cost Overrun construct (Y)

was measured separately using three outcome indicators (Y.1–Y.3). Thus, the complete

SEM-PLS measurement model comprised 27 indicators, while 24 validated predictor indica-

tors were retained as input features for the Gradient Boosting model. The 24 indicators that

satisfied the predefined measurement criteria were retained for the subsequent machine

learning stage, and their corresponding indicator-level latent scores were used as numerical

representations of the validated indicators in the machine learning dataset.

Thus, SEM-PLS served not only to establish the theoretical and empirical validity of

the research constructs but also to determine the suitability of the indicators for subsequent

predictive modelling. The machine learning stage subsequently used the retained indicator-

level latent scores as input features rather than using the three constructs as aggregated input

variables. The latent Cost Overrun construct represents a perception-based assessment of the

occurrence and severity of construction cost-overrun conditions derived from questionnaire

indicators. Accordingly, the Gradient Boosting model predicts the latent Cost Overrun

construct score rather than the actual monetary amount or percentage of project cost overrun.

The use of indicator-level latent scores provided numerical representations of the

validated indicators for the machine learning model while preserving the information

associated with the three theoretical constructs. The predictor features and the prediction

target were derived from the same 233 questionnaire observations. Therefore, the Gradient

Boosting analysis was treated as a predictive modelling stage based on a predefined

hold-out test set rather than as an independent-data validation of the SEM-PLS structural

model. Accordingly, the R2 values obtained from SEM-PLS and Gradient Boosting are

not interpreted as evidence that Gradient Boosting is statistically superior to SEM-PLS,

but rather as results from two analytical approaches applied to the same survey-derived

latent outcome for different analytical purposes. The input features were derived from the

indicators that satisfied the SEM-PLS measurement criteria and were organized according

to their respective constructs: Social Factors (X1.1–X1.4), Geographical Factors (X2.1–X2.4),

and Risk Factors (X3.1–X3.16). The testing set was reserved for final model evaluation and

was not used for hyperparameter selection. The training dataset was used to develop the

Gradient Boosting model, while the testing dataset was employed to evaluate the model’s

generalization capability on unseen data. This data partitioning strategy is widely adopted
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in machine learning model development to minimize the risk of overfitting and provide

a more objective estimation of predictive performance. The main characteristics of the

dataset are summarized in Table 1.

Table 1. Characteristics of the Dataset.

Item Description

Study Area Southwest Papua Province, Indonesia
Observation Period 2015–2025
Number of Observations 233
Number of Research Constructs 4
Number of Initial Indicators 24
Number of Outcome Indicators 3
Total Measurement Indicators 27

Research Constructs
Social Factor (X1), Geographical Factor (X2),
Risk Factor (X3), Latent Cost Overrun construct (Y)

Indicator Structure X1.1–X1.4, X2.1–X2.4, X3.1–X3.16
Prediction Target Latent Cost Overrun construct (Y)
Feature Validation SEM-PLS
Feature Input for ML Validated indicator-level latent scores
Prediction Algorithm Gradient Boosting
Training–Testing Ratio 80:20

Training–Testing Split
186 training observations (80%) and
47 testing observations (20%)

Random State 42

2.3. Descriptive Statistics

Descriptive statistics were employed to provide an initial overview of the charac-

teristics of the dataset used for the development of the cost overrun prediction model.

This analysis aimed to identify the central tendency, variability, and distribution range

of the research variables prior to the machine learning model training process. Since the

prediction model was developed using an integrated SEM-PLS and Gradient Boosting

approach, descriptive statistics were presented at the latent variable level, comprising

Social Factors (X1), Geographical Factors (X2), Risk Factors (X3), and the latent Cost Over-

run construct (Y). These construct-level descriptive statistics are presented to summarize

the theoretical variables, whereas the machine learning model operates on the validated

indicator-level latent scores retained after the SEM-PLS assessment. These variables were

represented by latent variable scores generated from the research indicators that satisfied

the validity and reliability criteria during the SEM-PLS analysis stage.

Table 2 presents the mean, standard deviation, minimum value, and maximum value

for each variable used in the modelling process. The mean value represents the general

tendency of the data, whereas the standard deviation indicates the degree of variation

among observations. The minimum and maximum values illustrate the distribution range

of the dataset used during the model training and evaluation processes.

Table 2. Descriptive Statistics of the Latent Variables.

Variable Mean Std. Dev Min Max

Social Factor (X1) 3.747 0.892 1.000 5.000
Geographical Factor (X2) 4.185 0.951 1.000 5.000

Risk Factor (X3) 3.983 0.816 1.000 5.000
Latent Cost Overrun construct (Y) 10.416 3.481 3.000 15.000

https://doi.org/10.3390/infrastructures11090328

https://doi.org/10.3390/infrastructures11090328


Infrastructures 2026, 11, 328 7 of 23

Based on Table 2, the geographical factor exhibited the highest mean value of 4.185, indi-

cating that most respondents perceived geographical conditions and accessibility limitations

as dominant challenges affecting the implementation of construction projects in Southwest

Papua. The risk factor recorded a mean value of 3.983 with a relatively low level of variability

(SD = 0.816), suggesting a high degree of consistency among respondents regarding the

influence of project risks on cost overruns. Meanwhile, the social factor showed a mean value

of 3.747, with a slightly higher level of variability compared with the other factors.

The latent Cost Overrun construct had a mean score of 10.416, a standard deviation of

3.481, and a score range between 3 and 15. These results indicate substantial variation in

the perceived occurrence and severity of cost-overrun conditions across the observations,

providing a suitable basis for developing a machine learning model capable of capturing

nonlinear relationships among the latent variables.

As shown in Table 3, most indicator loadings exceeded the minimum recommended

threshold of 0.70. Two indicators, X1.3 (0.672) and X3.2 (0.691), were below this thresh-

old but were retained because the corresponding constructs demonstrated satisfactory

reliability and convergent validity at the construct level.

Table 3. Outer Loadings of Research Indicators.

Indicator Social Factor (X1) Geographical Factor (X2) Risk Factor (X3) Latent Cost Overrun (Y)

X1.1 0.843 — — —
X1.2 0.749 — — —
X1.3 0.672 — — —
X1.4 0.715 — — —
X2.1 — 0.868 — —
X2.2 — 0.907 — —
X2.3 — 0.924 — —
X2.4 — 0.884 — —
X3.1 — — 0.774 —
X3.2 — — 0.691 —
X3.3 — — 0.742 —
X3.4 — — 0.721 —
X3.5 — — 0.775 —
X3.6 — — 0.804 —
X3.7 — — 0.783 —
X3.8 — — 0.779 —
X3.9 — — 0.742 —

X3.10 — — 0.791 —
X3.11 — — 0.781 —
X3.12 — — 0.770 —
X3.13 — — 0.732 —
X3.14 — — 0.767 —
X3.15 — — 0.796 —
X3.16 — — 0.748 —

Y.1 — — — 0.888
Y.2 — — — 0.863
Y.3 — — — 0.838

The cross-loading results in Table 4 show that each indicator has its highest loading

on the construct to which it theoretically belongs compared with the other constructs. This

pattern indicates that the indicators demonstrate adequate discriminant validity at the

indicator level.
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Table 4. Cross-Loading of Research Indicators.

Indicator X1 X2 X3 Y

X1.1 0.843 0.654 0.682 0.595
X1.2 0.749 0.547 0.507 0.382
X1.3 0.672 0.369 0.408 0.287
X1.4 0.715 0.447 0.516 0.325
X2.1 0.605 0.868 0.616 0.492
X2.2 0.600 0.907 0.649 0.430
X2.3 0.665 0.924 0.663 0.489
X2.4 0.636 0.884 0.729 0.447
X3.1 0.607 0.684 0.774 0.352
X3.2 0.536 0.503 0.691 0.311
X3.3 0.563 0.591 0.742 0.415
X3.4 0.545 0.544 0.721 0.413
X3.5 0.541 0.520 0.775 0.518
X3.6 0.563 0.540 0.804 0.494
X3.7 0.569 0.545 0.783 0.438
X3.8 0.591 0.549 0.779 0.428
X3.9 0.546 0.625 0.742 0.418
X3.10 0.507 0.591 0.791 0.447
X3.11 0.518 0.614 0.781 0.378
X3.12 0.539 0.572 0.770 0.433
X3.13 0.524 0.515 0.732 0.445
X3.14 0.555 0.581 0.767 0.448
X3.15 0.598 0.584 0.796 0.449
X3.16 0.613 0.522 0.748 0.432

Y.1 0.451 0.440 0.458 0.888
Y.2 0.457 0.396 0.449 0.863
Y.3 0.546 0.500 0.542 0.838

Discriminant validity was further assessed using the Heterotrait–Monotrait ratio

(HTMT). The HTMT results are presented in Table 5.

Table 5. Heterotrait–Monotrait Ratio (HTMT) for Discriminant Validity.

Construct Relationship HTMT

Social Factor (X1)—Geographical Factor (X2) 0.805
Social Factor (X1)—Risk Factor (X3) 0.833

Geographical Factor (X2)—Risk Factor (X3) 0.797
Social Factor (X1)—Latent Cost Overrun construct (Y) 0.663

Geographical Factor (X2)—Latent Cost Overrun construct (Y) 0.589
Risk Factor (X3)—Latent Cost Overrun construct (Y) 0.622

The HTMT values were 0.805 for the relationship between Social Factor (X1) and

Geographical Factor (X2), 0.833 for Social Factor (X1) and Risk Factor (X3), 0.797 for

Geographical Factor (X2) and Risk Factor (X3), 0.663 for Social Factor (X1) and the Latent

Cost Overrun construct (Y), 0.589 for Geographical Factor (X2) and the Latent Cost Overrun

construct (Y), and 0.622 for Risk Factor (X3) and the Latent Cost Overrun construct (Y). All

HTMT values were below the 0.90 threshold, indicating adequate discriminant validity

among the constructs.

As shown in Table 6, all outer and inner VIF values were below 5, indicating that the

measurement and structural models did not exhibit critical multicollinearity.
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Table 6. Variance Inflation Factor (VIF) Assessment.

Type Indicator/Relationship VIF

Outer VIF X1.1 1.499
Outer VIF X1.2 1.462
Outer VIF X1.3 1.652
Outer VIF X1.4 1.721
Outer VIF X2.1 2.440
Outer VIF X2.2 3.366
Outer VIF X2.3 3.862
Outer VIF X2.4 3.035
Outer VIF X3.1 2.533
Outer VIF X3.2 2.112
Outer VIF X3.3 2.519
Outer VIF X3.4 2.403
Outer VIF X3.5 2.764
Outer VIF X3.6 3.452
Outer VIF X3.7 3.172
Outer VIF X3.8 2.904
Outer VIF X3.9 2.174
Outer VIF X3.10 2.708
Outer VIF X3.11 2.593
Outer VIF X3.12 2.573
Outer VIF X3.13 2.218
Outer VIF X3.14 3.030
Outer VIF X3.15 3.403
Outer VIF X3.16 2.250
Outer VIF Y.1 2.549
Outer VIF Y.2 2.335
Outer VIF Y.3 1.557
Inner VIF X1 → Y 2.429
Inner VIF X2 → Y 2.522
Inner VIF X3 → Y 2.741

2.4. SEM-PLS Validation and Feature Screening

Prior to the development of the Gradient Boosting model, Structural Equation

Modeling–Partial Least Squares (SEM-PLS) was employed to assess the validity and reliabil-

ity of the research constructs and their indicators. The analysis consisted of measurement-

model evaluation and structural-model assessment. The measurement model was eval-

uated using convergent validity, discriminant validity, and reliability criteria to deter-

mine whether the indicators adequately represented their respective theoretical constructs.

Convergent validity was assessed using outer loadings and Average Variance Extracted

(AVE), while discriminant validity was examined using cross-loadings and the Heterotrait–

Monotrait ratio (HTMT). Multicollinearity was assessed using both outer and inner Variance

Inflation Factor (VIF) values.

The structural model was subsequently assessed to examine the relationships between

Social Factors (X1), Geographical Factors (X2), Risk Factors (X3), and the latent Cost Overrun

construct (Y). The SEM-PLS assessment involved 24 initial indicators distributed across

three theoretical constructs: Social Factors, represented by X1.1–X1.4; Geographical Factors,

represented by X2.1–X2.4; and Risk Factors, represented by X3.1–X3.16. The results of the

measurement-model assessment were used to determine whether the 24 indicators were

sufficiently valid and reliable for subsequent machine learning modelling. All 24 indicators

were retained for the machine learning stage based on the overall measurement-model

assessment.
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For the predictive modelling stage, the validated indicators were represented by their

corresponding latent scores generated through SEM-PLS. These indicator-level latent scores

were used as machine learning features, while the latent Cost Overrun score was used as the

prediction target. Therefore, SEM-PLS did not reduce the 24 indicators into three machine

learning input variables. Instead, the three constructs served as the theoretical organization

of the indicators, while the validated indicator-level scores provided the features used by

the Gradient Boosting model. This integration enables SEM-PLS to provide theoretical and

empirical validation before predictive modelling, while Gradient Boosting is subsequently

used to capture nonlinear relationships and complex interactions among the validated

indicator-level features. The SEM-PLS analysis was conducted using SmartPLS 4.

2.5. Gradient Boosting Model Development

The cost overrun prediction model proposed in this study was developed using the

Gradient Boosting algorithm, one of the most widely adopted decision tree-based ensemble

learning methods that constructs predictive models sequentially to minimize prediction

errors generated in previous iterations [28]. Unlike bagging approaches, which develop

multiple models independently and combine their outputs, Gradient Boosting generates a

sequence of weak learners in which each newly constructed model focuses on reducing the

residual errors produced by the preceding model [29,30].

Mathematically, the Gradient Boosting learning process begins by constructing an

initial model based on the average value of the target variable. In each subsequent iteration,

the model calculates the residuals or prediction errors generated by the previous iteration

and then builds a new decision tree to learn the patterns contained within these residuals.

The final prediction is obtained by aggregating the contributions of all decision trees

constructed throughout the iterative learning process, as expressed in Equation (1).

fm(x) = Fm−1(x) + ηhm(x) (1)

where:

• Fm(x) represents the prediction model at iteration m;

• Fm−1(x) denotes the model generated in the previous iteration;

• hm(x) represents the weak learner developed to model the residual errors;

• η is the learning rate parameter controlling the contribution of each decision tree to

the final prediction model.

The Gradient Boosting algorithm was selected in this study because of its capability to

model nonlinear relationships, capture complex interactions among variables, and reduce

the risk of overfitting through a sequential boosting mechanism [29–31]. The model was

implemented using the GradientBoostingRegressor algorithm from the scikit-learn library.

Furthermore, the algorithm provides information regarding the relative importance of

each variable through feature importance analysis, thereby enabling the identification

of dominant factors contributing to cost overruns in construction projects. The input

features used in the prediction model consisted of the validated indicator-level latent scores

obtained from the SEM-PLS analysis. These features represented the indicators retained

from the three research constructs, namely Social Factors (X1.1–X1.4), Geographical Factors

(X2.1–X2.4), and Risk Factors (X3.1–X3.16). The latent Cost Overrun construct (Y) was

used as the prediction target. This feature structure allows the Gradient Boosting model

to evaluate the predictive contribution of individual indicators while preserving their

theoretical association with the three research constructs. The model therefore estimates

the latent Cost Overrun construct score from the 24 validated indicator-level latent input

features. The final dataset consisted of 233 observations and was divided using hold-out
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validation into 80% training data (186 observations) and 20% testing data (47 observations),

with a fixed random state of 42. The training set was used for model development and

hyperparameter optimization, whereas the testing set was reserved exclusively for the final

evaluation of model performance on unseen observations. The architecture of the proposed

Gradient Boosting model is presented in Figure 2.

Figure 2. Architecture of the proposed Gradient Boosting model.

2.6. Hyperparameter Optimization

To improve predictive performance and reduce the risk of overfitting, a hyperparame-

ter optimization process was conducted for the Gradient Boosting model. The objective of

this process was to identify the combination of parameters that provides the best balance

between prediction accuracy and model generalization capability on unseen data.

Several key hyperparameters were optimized in this study, including the number of de-

cision trees (n_estimators), learning rate (learning_rate), maximum tree depth (max_depth),

proportion of training samples used in each iteration (subsample), minimum number of

samples required to split an internal node (min_samples_split), minimum number of sam-

ples required at a leaf node (min_samples_leaf), and the maximum number of features

considered at each split (max_features). These hyperparameters were selected because they

have a significant influence on model complexity and the predictive performance of the

Gradient Boosting algorithm.

The search space comprised seven Gradient Boosting hyperparameters with the can-

didate values shown in Table 7. RandomizedSearchCV evaluated 60 randomly selected

parameter combinations from this search space using 5-fold cross-validation, with the

coefficient of determination (R2) as the scoring criterion. Hyperparameter optimization

was performed exclusively on the training dataset, while the testing dataset was reserved

for final model evaluation. The testing dataset was not used during hyperparameter opti-

mization and was reserved exclusively for the final evaluation of the selected model. After
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the optimal hyperparameter configuration was obtained, Repeated Cross-Validation was

conducted on the training dataset to further assess the stability of the final model across

repeated data partitions. This validation was conducted separately from the hold-out

testing procedure. The repeated cross-validation results were used to assess model stabil-

ity, whereas the 20% testing set remained reserved for the final evaluation of predictive

performance on unseen observations.

Table 7. Hyperparameter Search Space for Gradient Boosting.

Hyperparameter Values Tested

n_estimators 300, 500, 700, 1000, 1500
learning_rate 0.03, 0.05, 0.07, 0.01, 0.15
max_depth 2, 3, 4, 5, 6
min_samples_split 2, 3, 5, 10
min_samples_leaf 1, 2, 3
subsample 0.70, 0.80, 0.90, 1.00
max_features sqrt, log2, None

The optimal hyperparameter configuration obtained from the optimization process is

presented in Table 8.

Table 8. Optimal Hyperparameters of the Gradient Boosting Model.

Hyperparameter Optimal Value

Number of Trees (n_estimators) 300
Learning Rate (learning_rate) 0.03

Maximum Tree Depth (max_depth) 3
Subsample Ratio (subsample) 0.70

Minimum Samples Split (min_samples_split) 10
Minimum Samples Leaf (min_samples_leaf) 2

Maximum Features (max_features) sqrt

The resulting hyperparameter configuration was used as the final setting of the Gra-

dient Boosting model to achieve optimal predictive performance for construction cost

overrun prediction. A relatively small learning rate combined with a larger number of

decision trees enabled the model to learn gradually and more stably, while limiting tree

depth and employing subsampling techniques helped reduce the risk of overfitting and

improve the model’s generalization capability on unseen observations.

2.7. Model Evaluation Metrics

The performance of the Gradient Boosting model was evaluated using four perfor-

mance metrics that are commonly adopted in construction cost prediction studies, namely

Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage

Error (MAPE), and the coefficient of determination (R2). The combination of these metrics

provides a comprehensive assessment of both prediction accuracy and model generaliza-

tion capability. Mean Absolute Error (MAE) was used to measure the average magnitude

of prediction errors without considering their direction. Lower MAE values indicate higher

prediction accuracy and were calculated using Equation (2):

MAE =
1

n

n

∑
i=1

∣

∣Yi − Ŷi

∣

∣ (2)
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Root Mean Square Error (RMSE), on the other hand, assigns a larger penalty to extreme

prediction errors and is therefore more sensitive to the presence of outliers. RMSE was

calculated using Equation (3):

RMSE =

√

1

n

n

∑
i=1

(Y i − Ŷi

)2
(3)

To evaluate the relative prediction error with respect to the observed latent Cost

Overrun construct scores, Mean Absolute Percentage Error (MAPE) was employed. This

metric expresses prediction errors as percentages and was calculated using Equation (4):

MAPE =
100

n

n

∑
i=1

∣

∣

∣

∣

∣

Yi − Ŷi

Yi

∣

∣

∣

∣

∣

(4)

Because the prediction target is a latent construct score rather than an observed

monetary or percentage-based cost overrun, MAPE is interpreted as a relative error measure

on the latent construct scale. In addition, the coefficient of determination (R2) was used to

evaluate the ability of the model to explain the variability of the observed data. An R2 value

closer to one indicates better predictive capability and was calculated using Equation (5):

R2 = 1 −
∑

n
i=1

(

Yi − Ŷi

)2

∑
n
i=1

(

Yi −Y i

)2
(5)

The combined use of MAE, RMSE, MAPE, and R2 enables a more comprehensive

evaluation of model performance because each metric exhibits different sensitivities to

prediction errors and model behavior. Furthermore, this evaluation framework has been

widely adopted in machine learning-based construction cost prediction studies, thereby

facilitating direct comparison of model performance with previous research findings.

3. Results

3.1. Measurement Model Assessment

The measurement model evaluation results indicate that all research constructs satis-

fied the validity and reliability criteria required in SEM-PLS analysis. The outer loading

results are presented in Table 3, while the cross-loading results are presented in Table 4.

The HTMT results and VIF assessment are presented in Tables 5 and 6, respectively. As

presented in Table 9, all constructs exhibited Cronbach’s Alpha and Composite Reliability

(CR) values exceeding the minimum threshold of 0.70, indicating a satisfactory level of in-

ternal consistency among the indicators forming each construct. Furthermore, all constructs

achieved Average Variance Extracted (AVE) values above the recommended threshold of

0.50, thereby satisfying the convergent validity criterion commonly adopted in SEM-PLS

studies [32]. These results indicate that the research indicators were able to explain more

than 50% of the variance of their respective constructs and can therefore be considered

adequate representations of the latent variables included in the analysis.

The Geographical Factor construct demonstrated the highest level of reliability, with

a Composite Reliability value of 0.942 and an AVE value of 0.802, indicating excellent

indicator homogeneity and explanatory capability. Meanwhile, the Risk Factor construct

exhibited the highest Cronbach’s Alpha value (0.952), reflecting a very high level of internal

consistency among the project risk indicators. Overall, these findings confirm that the SEM-

PLS measurement model successfully validated the 24 indicators and established stable

and reliable representations of the three theoretical constructs, providing the empirical

basis for their subsequent use in the Gradient Boosting model development stage.
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Table 9. Measurement Model Assessment.

Construct Cronbach’s Alpha Composite Reliability AVE

Social Factor (X1) 0.748 0.834 0.558
Geographical Factor (X2) 0.918 0.942 0.802

Risk Factor (X3) 0.952 0.957 0.582
Latent Cost Overrun construct (Y) 0.830 0.898 0.745

3.2. Structural Model Assessment

Following the establishment of construct validity and reliability, the structural model

was evaluated to identify the relationships among latent variables and determine the

factors influencing cost overruns in construction projects. The analysis results indicated

that all independent variables exhibited statistically significant relationships with the

latent Cost Overrun construct. The structural model results were assessed using the path

coefficient, bootstrapped standard deviation, T-statistic, and p-value. As presented in

Table 10, all three relationships achieved p-values below the significance threshold of 0.05.

All 24 predictor indicators were retained for the subsequent Gradient Boosting model

development stage based on the overall measurement-model assessment. As presented

in Table 10, the Geographical Factor (X2) exhibited the strongest path coefficient with the

latent Cost Overrun construct, with a path coefficient of 0.211, a bootstrapped standard

deviation of 0.089, a T-statistic of 2.378, and a p-value of 0.017. This finding suggests that

geographical conditions, regional accessibility, limitations in supporting infrastructure,

and logistical challenges contribute significantly to increasing construction project costs in

Southwest Papua. The result is consistent with the characteristics of the study area, which is

highly dependent on the transportation of materials and equipment from other regions and

is therefore particularly vulnerable to supply chain disruptions and transportation costs.

Table 10. Structural Model Assessment.

Relationship
Path

Coefficient

Bootstrapped
Standard
Deviation

T-Statistic p-Value

Social Factor (X1) → Latent Cost Overrun construct (Y) 0.163 0.083 1.969 0.049
Geographical Factor (X2) → Latent Cost Overrun construct (Y) 0.211 0.089 2.378 0.017

Risk Factor (X3) → Latent Cost Overrun construct (Y) 0.067 0.026 2.537 0.011

The Social Factor (X1) represented the second strongest path coefficient with the

latent Cost Overrun construct, with a path coefficient of 0.163, a bootstrapped standard

deviation of 0.083, a T-statistic of 1.969, and a p-value of 0.049. This finding indicates that

the interaction between construction projects and local communities, including community

acceptance, social conflicts, local labor participation, and adaptation to local socio-cultural

conditions, plays an important role in determining the effectiveness of project cost control.

Meanwhile, the Risk Factor (X3) demonstrated the smallest path coefficient (0.067)

but remained statistically significant, with a bootstrapped standard deviation of 0.026, a

T-statistic of 2.537, and a p-value of 0.011. The smaller path coefficient of the Risk Factor

does not imply a lower statistical significance because statistical significance is determined

by the ratio between the estimated path coefficient and its bootstrapped standard deviation.

In this case, the Risk Factor produced the smallest path coefficient (0.067) but also the

smallest standard deviation (0.026), resulting in the highest T-statistic (2.537) and the lowest

p-value (0.011) among the three structural relationships. Therefore, the ordering of path

coefficients does not necessarily correspond to the ordering of p-values.
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The explanatory capability of the structural model was further evaluated using the

coefficient of determination (R2). The analysis resulted in an R2 value of 0.587 and an

adjusted R2 value of 0.573, indicating that approximately 58.7% of the variance in the latent

Cost Overrun construct was explained by the combined relationships with Social Factors,

Geographical Factors, and Risk Factors. The remaining variation was attributed to other

factors outside the scope of the present study, including market conditions, policy changes,

contractual strategies, and project-specific characteristics that were not incorporated into

the research model. The structural model quality indicators are presented in Table 11.

Table 11. Structural Model Quality Indicators.

Indicator Value

R2 0.587

Adjusted R2 0.573
SRMR 0.094

The SRMR value was 0.094. This value is above the commonly referenced threshold

of 0.08 and should therefore be interpreted as indicating a marginal level of approximate

model fit rather than excellent fit. The SRMR result is reported transparently as a limitation

of the overall model fit assessment, while the structural model’s explanatory capability is

evaluated separately using R2 and adjusted R2.

These findings indicate that the SEM-PLS approach provided empirical evidence

regarding the validity and relevance of the research constructs and their indicators for the

subsequent Gradient Boosting prediction stage. The validated indicator-level scores were

retained as machine learning input features, while the three constructs continued to serve

as the theoretical framework for organizing these indicator-level features. The SEM-PLS

results therefore provided empirical evidence for the relevance of the research constructs

and their indicators before the predictive modelling stage.

3.3. Gradient Boosting Model Performance

The performance of the Gradient Boosting model was evaluated using four primary

evaluation metrics, namely Mean Absolute Error (MAE), Root Mean Square Error (RMSE),

Mean Absolute Percentage Error (MAPE), and the coefficient of determination (R2). These

metrics were employed to provide a comprehensive assessment of both prediction accuracy

and the model’s capability to explain variations in the observed data. The evaluation results

indicate that the Gradient Boosting model achieved satisfactory predictive performance

for the latent Cost Overrun construct, with an MAE value of 1.7838 and an RMSE value

of 2.2079. These prediction errors indicate the model’s ability to estimate the observed

scores of the latent Cost Overrun construct from the validated indicator-level input features

obtained through SEM-PLS.

Furthermore, the model produced a MAPE value of 19.10%, indicating the average

relative prediction error with respect to the observed latent Cost Overrun construct scores.

The Gradient Boosting model achieved an R2 value of 0.6173, indicating that approximately

61.73% of the variance in the latent Cost Overrun construct scores in the held-out testing set

was explained by the validated indicator-level input features. The corresponding SEM-PLS

R2 of 0.587 and adjusted R2 of 0.573 describe the explanatory capability of the structural

relationships among the latent constructs and are therefore reported as a complementary

structural result rather than as a benchmark for predictive superiority. Because the predic-

tors and target were derived from the same 233 questionnaire observations and the same

SEM-PLS measurement framework, the difference between the two R2 values should not
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be interpreted as statistical evidence that Gradient Boosting outperforms SEM-PLS. The

complete performance evaluation results are presented in Table 12.

Table 12. Performance Evaluation of the Gradient Boosting Model for the Latent Cost Overrun

Construct.

Metric Value

MAE 1.7838
RMSE 2.2079

MAPE (%) 19.0962
R2 0.6173

The results indicate that the Gradient Boosting algorithm can model nonlinear rela-

tionships and complex interactions among the validated indicator-level input features that

are not explicitly represented in the linear structural relationships assessed through SEM-

PLS. This finding supports the application of ensemble learning methods for predicting

the latent Cost Overrun construct, particularly in construction projects located in regions

characterized by high geographical complexity, social challenges, and project risks, such as

Southwest Papua.

Figure 3 illustrates the relationship between the observed scores of the latent Cost

Overrun construct and the scores predicted by the Gradient Boosting model on the held-out

testing set. The results should be interpreted as prediction performance for the latent Cost

Overrun construct rather than as direct prediction of monetary or percentage-based project

cost overrun. Most observations are distributed close to the 45◦ reference line, indicating

a high degree of agreement between the observed and predicted construct scores. These

findings are consistent with the obtained performance metrics, namely an MAE of 1.7838,

an RMSE of 2.2079, a MAPE of 19.10%, and an R2 value of 0.6173.

Figure 3. Observed versus predicted scores of the latent Cost Overrun construct on the held-out

testing set.

3.4. Comparative Analysis with Other Models

To evaluate the effectiveness of the proposed approach in predicting the latent Cost

Overrun construct, a comparative analysis was conducted among the Gradient Boosting,

Random Forest, and Artificial Neural Network (ANN) algorithms using four evaluation
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metrics, namely MAE, RMSE, MAPE, and R2. These algorithms were selected because

they are among the machine learning approaches commonly applied in construction cost

prediction and project management studies.

As shown in Table 13, the Gradient Boosting model achieved the best hold-out test-

set performance across the four evaluation metrics considered in this study. The model

produced the lowest MAE value (1.7838) and the lowest RMSE value (2.2079) on the

hold-out testing set, indicating lower prediction errors than the alternative models in this

particular test split. Furthermore, the MAPE value of 19.10% represents the average relative

prediction error with respect to the observed scores of the latent Cost Overrun construct,

which range from 3 to 15. Therefore, this value should be interpreted as a relative error

measure on the constructed latent-score scale rather than as a direct indicator of monetary

cost prediction accuracy.

Table 13. Comparative Performance of Machine Learning Algorithms for Predicting the Latent Cost

Overrun Construct.

Metric Random Forest Gradient Boosting Artificial Neural Network

MAE 1.8899 1.7838 2.4922
RMSE 2.2266 2.2079 3.0278

MAPE (%) 20.8360 19.0962 26.1725
R2 0.6107 0.6173 0.2802

From the perspective of explanatory capability on the hold-out testing set, Gradient

Boosting achieved the highest R2 value (0.6173), compared with 0.6107 for Random Forest.

However, the difference in R2 between the two models was small (∆R2 = 0.0066), so the

observed advantage of Gradient Boosting cannot be interpreted as evidence of statistically

significant superiority. Although the difference between the two models was relatively

small, the hold-out testing results indicate that Gradient Boosting provided slightly better

predictive performance than Random Forest on the predefined test split. This result

should be interpreted as a dataset-specific predictive outcome rather than evidence that the

boosting mechanism is statistically superior to the bagging approach.

To further assess model stability beyond the single hold-out test split, the Repeated

Cross-Validation results presented in Table 14 were also considered. Random Forest achieved

a mean MAE of 2.1843 ± 0.2656, RMSE of 2.8022 ± 0.3281, and R2 of 0.3237 ± 0.1392, whereas

Gradient Boosting achieved 2.2305 ± 0.2215, 2.8661 ± 0.2911, and 0.2870 ± 0.1629, respec-

tively. The ANN model produced 2.6284 ± 0.3312 for MAE, 3.3595 ± 0.4178 for RMSE, and

−0.0074 ± 0.2841 for R2. These results indicate that Random Forest exhibited slightly better

average performance and stability under repeated cross-validation, while Gradient Boosting

remained competitive. Therefore, the selection of Gradient Boosting as the primary model

is based on its performance on the predefined hold-out testing set rather than a claim of

statistically significant superiority over Random Forest.

Table 14. Repeated Cross-Validation Performance of Machine Learning Models.

Algorithm MAE (Mean ± SD) RMSE (Mean ± SD) R2 (Mean ± SD)

Random Forest 2.1843 ± 0.2656 2.8022 ± 0.3281 0.3237 ± 0.1392
Gradient Boosting 2.2305 ± 0.2215 2.8661 ± 0.2911 0.2870 ± 0.1629

Artificial Neural Network 2.6284 ± 0.3312 3.3595 ± 0.4178 −0.0074 ± 0.2841

In contrast, the ANN model demonstrated relatively inferior performance across all

evaluation metrics, particularly in terms of explanatory capability, with an R2 value of
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only 0.2802. These findings indicate that, for datasets with relatively limited sample sizes,

ensemble learning approaches such as Gradient Boosting and Random Forest exhibit better

generalization capability than artificial neural network models, which typically require

larger training datasets to achieve optimal performance.

Overall, the comparative analysis indicates that Gradient Boosting provided the

strongest performance on the predefined hold-out testing set, while the repeated cross-

validation results showed that Random Forest had slightly better average stability across

repeated data partitions. Considering these complementary findings, Gradient Boosting

was retained as the primary prediction model because it achieved the lowest MAE and

RMSE and the highest R2 on the predefined hold-out testing set.

3.5. Feature Importance Analysis

Feature importance analysis was performed to identify the relative contribution of the

input features to the cost overrun predictions generated by the Gradient Boosting model.

In addition to improving model interpretability, this approach supports the principles of

Explainable Artificial Intelligence (XAI), which has increasingly been adopted in machine

learning-based prediction systems in infrastructure and transportation applications [33,34].

Unlike SEM-PLS results, which describe relationships among theoretical constructs through

the structural model, feature importance analysis provides insights into the predictive

contribution of individual input features in capturing nonlinear relationships within con-

struction project data. In this study, feature importance was examined at the indicator level,

while the corresponding indicators were conceptually grouped into the Social Factor (X1),

Geographical Factor (X2), and Risk Factor (X3) constructs.

As illustrated in Figure 4, the Risk Factor (X3) was identified as the most influential

variable in predicting Cost Overrun, contributing 53.64% to the overall model prediction,

followed by the Social Factor (X1) with 26.03%, and the Geographical Factor (X2) with

20.33%. This finding is consistent with recent studies indicating that risk management

has become a critical component in the application of artificial intelligence within modern

infrastructure projects [35].

Figure 4. Factor-level feature importance of the Gradient Boosting model.

These results indicate that project risks play a more dominant role in construction

cost overruns than the other factors considered in this study. Logistics risks, material

price fluctuations, design changes, delays in decision-making processes, and uncertainties
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during project implementation were identified as key contributors influencing the model’s

predictive capability.

Interestingly, these findings differ from the SEM-PLS results, which identified the

Geographical Factor as having the largest path coefficient influencing Cost Overrun. This

discrepancy highlights the distinction between linear causal relationships identified through

SEM-PLS and nonlinear predictive contributions captured by the Gradient Boosting algo-

rithm. The findings suggest that although geographical conditions exert a strong direct

influence on cost overruns, project risks exhibit more complex interactions and contribute

more substantially to the predictive capability of the model.

At the indicator level, several variables demonstrated relatively stronger contributions

than others. The five indicators with the highest importance values are presented in Table 15.

The dominance of these indicators suggests that social aspects, regional accessibility,

and operational risk factors contribute significantly to the formation of cost overrun patterns

in construction projects in Southwest Papua. These findings have important practical

implications, indicating that cost overrun mitigation strategies should not focus solely on

technical project aspects but should also consider social conditions and local contextual

factors that influence project implementation.

Table 15. Top Five Most Important Indicators in the Gradient Boosting Model.

Rank Indicator Importance (%)

1 X1.1 12.48
2 X2.1 7.78
3 X3.5 6.07
4 X1.4 5.47
5 X2.2 5.29

3.6. Discussion and Practical Implications

The results of this study demonstrate that the hybrid approach integrating SEM-PLS

and Gradient Boosting provides a complementary framework in which SEM-PLS estab-

lishes empirical validity before the predictive modelling stage, while Gradient Boosting

is used to capture nonlinear relationships and complex interactions among the validated

input features. The differences observed between the SEM-PLS results and the feature im-

portance analysis highlight the distinct characteristics of causal and predictive approaches.

While the SEM-PLS analysis identified the Geographical Factor as having the strongest

direct effect on Cost Overrun, the Gradient Boosting model identified the Risk Factor as the

most influential predictor. These findings suggest that although geographical conditions

exert a substantial direct influence on project costs, project risks arising during construc-

tion implementation exhibit more complex interactions and play a more dominant role in

explaining variations in cost overruns.

A methodological consideration concerns the relationship between the SEM-PLS

and Gradient Boosting stages. Both the predictor features and the latent Cost Overrun

target were derived from the same 233 questionnaire observations and the same SEM-

PLS measurement framework. Consequently, the Gradient Boosting results should be

interpreted as an out-of-sample hold-out prediction within the available survey dataset

rather than as an independent external validation of the SEM-PLS model. The higher R2

obtained by Gradient Boosting should therefore not be interpreted as evidence of statistical

superiority over SEM-PLS. Instead, the two approaches serve different analytical purposes:

SEM-PLS evaluates the structural relationships among theoretical constructs, whereas

Gradient Boosting evaluates the predictive contribution of the validated indicator-level

latent scores and their nonlinear interactions. Independent validation using external project-
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level observations would be required to establish the generalizability of the predictive

model beyond the present survey dataset.

These findings have important implications for construction project management,

particularly in regions characterized by challenging geographical and logistical conditions

such as Southwest Papua. Cost control strategies should not focus solely on technical

estimation and quantity control but should also consider project risks, uncertainty in

material distribution, changing site conditions, and social dynamics that may significantly

influence project implementation. Furthermore, the results indicate that Gradient Boosting

provided competitive predictive performance compared with Random Forest and Artificial

Neural Networks, with the strongest performance observed on the predefined hold-out

testing set. This finding suggests that Gradient Boosting represents an effective alternative

for the development of decision support systems aimed at project planning and cost control,

especially in situations where historical project data remain limited.

From an academic perspective, this study contributes methodologically through the

integration of SEM-PLS and machine learning techniques for construction cost overrun

prediction. This approach achieves a balance between model interpretability and predictive

accuracy, resulting in a prediction framework that is not only accurate but also theoret-

ically grounded in explaining relationships among research variables. From a practical

perspective, the proposed model can be utilized by government agencies, consultants, and

contractors as a decision support tool for cost estimation, dominant risk identification, and

the development of cost overrun mitigation strategies during the project planning stage.

Consequently, the implementation of the proposed model has the potential to improve

budget management effectiveness and support infrastructure development in regions

characterized by high uncertainty and project complexity.

Beyond serving as a predictive model, the proposed approach is illustrated through a

prototype user interface for a potential decision support system to support construction cost

estimation processes [36]. Through such a system, users can enter project information and

stakeholder assessment inputs and obtain a predicted latent Cost Overrun score together

with information regarding the dominant factors influencing the prediction results. This ca-

pability may assist government agencies, consultants, and contractors in risk identification

and decision-making processes during both the planning and project control stages.

For project promoters or clients, the framework can support early identification of

the dominant factors associated with the latent Cost Overrun construct and help prioritize

risk mitigation and cost-control actions during project planning and project monitoring.

For general contractors, the same information can be used to focus operational responses

on the dominant risk factors affecting project execution, including logistical, site-related,

social, and other project risks identified by the model. Thus, the framework provides

different decision perspectives for clients and contractors while using the same predictive

information: clients can use the results to strengthen planning, budget oversight, and risk

prioritization, whereas contractors can use them to prioritize operational mitigation and

project-control actions.

More broadly, predictive planning based on the proposed framework can support

the interests of multiple stakeholders throughout project implementation. For project

personnel, early identification of dominant risk and contextual factors can support more

informed planning of project activities and resource requirements. For local communities,

consideration of social factors such as community acceptance, social conflicts, local labor

participation, and adaptation to local socio-cultural conditions can support earlier attention

to issues that may affect project implementation. For investors, the predicted Cost Overrun

score and identified dominant factors can provide additional information for project risk

and budget oversight. For contractors, the same predictive information can support the
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prioritization of operational mitigation measures and project-control actions. In this way,

predictive planning extends the use of cost-overrun prediction beyond cost estimation

toward proactive risk awareness and stakeholder-oriented project management. The input

dashboard is shown in Figure 5a, and the prediction results based on the entered values are

shown in Figure 5b.

Figure 5. Illustrative Prototype User Interface: (a) Input Interface; (b) Prediction Output Interface.

4. Conclusions

This study developed a hybrid approach integrating Structural Equation Modeling–

Partial Least Squares (SEM-PLS) and Gradient Boosting to predict the latent Cost Overrun

construct in construction projects in Southwest Papua Province, Indonesia. The SEM-PLS

analysis evaluated the validity and reliability of the 24 indicators representing three primary

constructs, namely Social Factors, Geographical Factors, and Risk Factors, and provided the

empirical basis for determining the indicators suitable for subsequent predictive modelling.

The validated indicator-level latent scores were subsequently used as input features for

the Gradient Boosting model. The evaluation results demonstrated that the Gradient

Boosting model achieved the strongest predictive performance on the predefined hold-out

testing set compared with Random Forest and Artificial Neural Network models, with

an MAE of 1.7838, an RMSE of 2.2079, a MAPE of 19.10%, and an R2 value of 0.6173.

These findings indicate that ensemble learning approaches possess a strong capability to

capture nonlinear relationships and complex interactions among variables influencing cost

overruns in construction projects. The practical interpretation of the proposed model is

limited to assessing the level of the latent Cost Overrun construct derived from stakeholder

assessments. The model should therefore not be interpreted as a direct estimator of the

monetary amount or percentage of actual project cost overrun.

The feature importance analysis revealed that the Risk Factor was the most influen-

tial variable in predicting the latent Cost Overrun construct, contributing 53.64% to the

overall model prediction, followed by the Social Factor (26.03%) and the Geographical

Factor (20.33%). At the indicator level, feature importance was calculated for the validated

indicator-level input features used by the Gradient Boosting model. These findings suggest

that cost control strategies in construction projects, particularly in regions characterized by

challenging geographical conditions, should place greater emphasis on risk management

and uncertainty mitigation during project implementation. In addition to its methodologi-

cal contribution through the integration of SEM-PLS and machine learning, this study also

demonstrates practical implementation potential through the development of a prototype
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user interface-based decision support system to support construction cost estimation and

control processes.

This study has several limitations. First, the prediction target was derived from

questionnaire-based latent variable scores rather than observed monetary or percentage-

based cost-overrun records. Therefore, the proposed model should be interpreted as

predicting the latent Cost Overrun construct and not as directly estimating the monetary

magnitude of project cost overruns. Future research should integrate validated historical

project cost records with stakeholder-derived indicators to develop and externally validate

models for direct monetary or percentage-based cost overrun prediction. Second, the

dataset was restricted to construction projects in Southwest Papua Province and did not

incorporate additional external factors such as national market dynamics, policy changes,

and macroeconomic conditions. Future research should therefore expand the geographical

scope of the study, increase the volume of historical project data, incorporate additional

external variables, and explore explainable artificial intelligence approaches to further

enhance the generalizability and interpretability of the proposed prediction model.
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