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Therefore, this study proposes an explainable machine learning framework for
predicting cost overruns and schedule delays using safety indicators. A
comprehensive dataset comprising 50 irrigation projects implemented in Iraq
between 2022 and 2025 was developed. Twenty-three safety indicators were
identified through a systematic literature review, refined through expert
consultation, and validated using Partial Least Squares Structural Equation
Modeling (PLS-SEM). Four ML algorithms, namely Decision Tree (DT), Random
Forest (RF), Support Vector Regression (SVR), and Extreme Gradient Boosting
(XGBoost), were developed and evaluated using 5-fold cross-validation. Model
performance was assessed using the coefficient of determination (R?), root mean
square error (RMSE), and mean absolute error (MAE). The cross-validation results
demonstrated that Random Forest achieved the most robust predictive
performance for both cost overruns (R? = 0.912, RMSE = 1.685) and schedule delays
(R? = 0.894, RMSE = 3.236). Furthermore, SHAP analysis identified human-related
factors as the primary drivers of cost overruns and managerial factors as the
dominant contributors to schedule delays. The proposed framework provides an
interpretable decision-support tool for proactive safety management, early risk
identification, and improved planning of irrigation projects.
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1. Introduction

Irrigation projects are a vital component of infrastructure development, and water resource
management, which plays a crucial role in food security and economic stability. These projects are
complex, requiring multi-disciplinary coordination, significant use of heavy equipment, exposure
to the environment, and considerable human interaction. Worldwide, irrigation projects often
suffer significant delays and cost overruns, reducing their economic feasibility and use, and their
development potential [1]. There is growing evidence that the lack of safety management is an
indirect but very significant reason for these overruns and that operational risk and project
performance, as measured by overruns, are closely connected [2]. Safety in irrigation projects has
shifted from a reactive approach to accident prevention to being a proactive measure against
project performance, based on the planning, coordination, communication, and control of its
operations. Safety issues in irrigation projects can lead to work stoppages, equipment downtime,
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rework, loss of productivity and indirect losses that may be even more severe. The combination of
these disruptions means that the customer experiences schedule slippage, leading to cost
escalation and setting up a cause-and-effect relationship, such that the impact of safety incidents
becomes indirect on the bottom line [3]. For this reason, time overruns are often precursors to cost
overruns, and both serve as systemicindicators of inadequate safety and risk management systems.
These risks are exacerbated in an irrigation project's operating context. Projects are often situated
in remote regions, or sensitive to the environment, and exposed to weather variability, soil
conditions, logistical constraints as well as equipment reliability, adding to the uncertainty. The
interaction of human factors (i.e., lack of risk awareness, lack of communication, lack of safety
training, etc.) and machine and environmental hazards heightens vulnerabilities to delays [4,5].
These multifactorial influences show that it is not enough to identify causes of delay; the interaction
of these factors in the system within the project ecosystem should be understood and quantified.
In the project management context, one of the key success factors is cost and schedule performance.
Cost overruns are typically the amount by which the costs exceed the contract amount, while time
overruns are the time that is gone over the planned time [6, 7]. Research has shown that the
majority of projects in the global infrastructure sector have a planned budget to be exceeded by 30-
40% due to several factors, including safety inefficiencies [2]. When safety measures are not met,
it can interrupt the continuity of the work, lead to more corrective actions, and have cascading
effects on coordinating stakeholders and on the overall project efficiency [8,9]. The predictive
issues of cost and time overruns are met with recent developments in machine learning (ML)
providing a powerful solution framework. In contrast to traditional statistical methods, ML
algorithms can model complex, non-linear relationships in high dimensional data. This capability
is especially relevant to irrigation projects, as there are safety indicators that have dynamic
interactions with each other, such as training adequacy, maintenance practices, communication
efficiency, procedural compliance, environmental exposure, and reporting near-miss [10]. The ML
models can recognize hidden patterns in these variables, which can enable early identification of
risk trajectories, that cannot be identified by traditional forecasting methods [11]. In recent years,
several studies have been conducted to show the effectiveness of using ML algorithms to predict
the outcome of an irrigation project. However, hybrid and ensemble models have been found to be
more accurate than the single-method ones, and provide better early-warning capabilities for the
schedule delays and cost escalation [12, 13]. Although machine learning has been successfully
applied to predict cost and schedule performance in general construction projects, such use of ML
for safety-driven performance prediction in irrigation projects is still under-explored because
irrigation infrastructure is characterized by unique operational conditions, including extensive
environmental exposure, remote locations, hydraulic structures, deep excavations, seasonal
construction constraints, and water-related safety hazards. Consequently, there remains a critical
need for an explainable machine learning framework specifically designed for irrigation projects
using validated safety indicators. Irrigation infrastructure, with its components exposed to the
environment, requiring equipment intensive operations, and distributed project locations,
demands unique predictive frameworks, which incorporate safety management variables and
performance forecasting. Existing research highlights the importance of data quality, feature
engineering and regular model validation in improving the accuracy of the model, along with the
choice of the algorithm [14] . Despite the important progress achieved in applying machine learning
techniques for predicting projects performance, existing studies have mainly focused on general
construction datasets and traditional project management factors. In addition, previous research
rarely addressed irrigation projects, despite their unique operational characteristics, including
environmental exposure, far locations, equipment concentrated activities, and complex
stakeholder coordination. so, there remains a research gap in developing integrated predictive
frameworks that combine safety indicators with advanced machine learning techniques for
predicting cost and time overruns in irrigation projects. subsequently, the main aim of this study is
to develop and evaluate machine learning predictive models for predicting cost and time overruns
in irrigation projects using safety indicators. the study also aims to identify the most influential
safety - related factors affecting irrigation projects through SHAP - based interpretability analysis,
thereby supporting proactive decision - making and improving project planning and safety
management practices.
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2. Literature Review

2.1. Time Overrun Studies in Infrastructure Projects

Usually, time overrun is defined as exceeding the actual time limit or agreed delivery time of the
project. In concept, itis the gap between time to completion and actual time to completion as shown
in Eq (1), which is typically due to inefficiencies in the execution process in activities [15]. Delays
are usually caused by various interruptions of a project’s activities that occur at specific events, like
weather variability, resource constraints, or design changes, and can be quantified in a measurable
schedule overrun in a connected project system. Empirical evidence suggests that nearly 70% of
projects exceed their planned schedules, with average delays ranging from 10% to 30% of the
original project duration [16]. Previous studies have identified unexpected site conditions,
financing delays, poor contract management, material delivery delays, and inadequate planning as
major contributors to schedule overruns [17,18]. Similarly, contractor-related problems,
construction errors, financial constraints, and communication deficiencies have also been
recognized as significant causes of schedule slippage [19]. Collectively, these findings indicate that
time overruns are systemic problems arising from planning deficiencies, operational uncertainty,
and organizational inefficiencies, underscoring their persistent global challenge in construction
project management.
Actual schedule — Planned schedule

N . (1)
Ime overrun ratio Planned schedule

2.2. Cost Overruns in Infrastructure Projects

Cost overruns are among the most persistent and extensively investigated challenges in project and
infrastructure management because of their significant economic and organizational consequences
[20]. In general, a cost overrun refers to the difference between the planned (or approved) project
cost and the actual cost incurred upon project completion, as expressed in Eq. (2). The terms cost
escalation and budget overrun are often used interchangeably to describe financial deviations that
occur when initial planning assumptions fail to reflect actual project conditions (21-22). Empirical
studies have found that project stakeholders are frequently unaware of the relationship between
managerial decisions, operational actions, governance and final project costs [23]. Cost overruns
are commonly attributed to deficiencies in project planning, technical uncertainties, risk-related
changes, inadequate contingencies, and execution-stage disruptions. Previous studies have also
identified material shortages, financing constraints, poor contract management, price fluctuations,
procurement problems, design modifications, and organizational inefficiencies as major
contributors to cost escalation [24], [25], [26]. Additionally, ineffective supervision, weak
management practices, and financial constraints interact to adversely affect overall project cost
performance [27]. The literature as a whole reinforces the fact that cost overruns are not just
financial surprises, but the result of interrelated managerial, technical and environmental risks and
risks and the need for a holistic, risk-informed cost management framework.

actual budget — Planned budget (2)

Cost overrun ratio =
Planned budget

Although much research has examined the reasons behind and implications of cost and time
overruns in infrastructure projects, predicting these variations is difficult because of the
interaction of management, engineering, environmental, and safety factors. The development of
machine learning (ML) has provided advanced and, in many cases, more powerful predictive
capabilities. More recently, explainable artificial intelligence and shapley additive explanations
(SHAP) have made great improvements in the transparency and interpretability of predictive ML
models. Table 1 summarizes previous studies that have applied machine learning techniques to
predict project performance and highlights the remaining research gaps addressed in the present
study.

As summarized in Table 1. previous studies have demonstrated the effectiveness of machine
learning techniques in predicting project cost overruns and schedule delays across various
construction sectors. Nevertheless, several important research gaps remain. First, the majority of
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existing studies focused on general construction projects, such as buildings, highways, marine, and
residential projects, whereas irrigation projects possess unique operational characteristics,
including extensive environmental exposure, hydraulic structures, remote locations, seasonal
constraints, and complex excavation activities. Second, most studies emphasized prediction
accuracy without incorporating validated safety-related indicators as the primary predictive
variables. Third, although a limited number of studies employed explainable artificial intelligence
through SHAP, model interpretability remains largely overlooked, thereby limiting the practical
adoption of machine learning models in project management. Finally, no previous study has
integrated validated safety indicators, explainable machine learning, and SHAP within a unified
framework for simultaneously predicting cost overruns and schedule delays in irrigation projects.
To address these limitations, this study proposes an explainable machine learning framework that
integrates validated safety indicators with advanced predictive models and SHAP-based
interpretation to predict both cost overruns and schedule delays in irrigation projects. The
proposed framework combines safety indicators and machine learning for predictive modeling, and
SHAP for model interpretability, thereby providing a transparent and practical decision-support
tool tailored to the unique characteristics of irrigation projects.

Table 1. Comparative Review of Previous Machine Learning Studies for Cost and Schedule Overrun
Prediction and Identified Research Gaps

Project Explainability Main
Stud ML Model o R h G
uay Type ode (SHAP) Contribution esearch hap
. Compared ML Focusetd gnly on delay
Construction ML . prediction without
[28] . . X algorithms for A
projects algorithms - explainability or safety
delay prediction .
indicators.
Construction Predicted Did not incorporate safety-
[29] ) ANN, SVM X construction cost  related variables or model
projects . e
overruns interpretability.
[30] Constll*uctlon SVM X Accurate cc.)st. Used h1§tor1cal project
projects overrun prediction variables only.
Construction Cost prediction No safety-driven
[31] . XGBoost v with SHAP framework; limited to
projects . . .
interpretation general construction.
Marine GRNN, Time-delay Foc1_15e.d on flelay
[32] : X o prediction without
construction SVM prediction o
explainability.
[33] Highway ANN X Highway cost Infrastructure-specific but
projects prediction excluded safety indicators.
Focused on construction
[34] Construction  NGBoost, v Cost prediction costs rather than
projects ANN, LR with SHAP integrated cost-schedule
prediction.
Public RF, DT, Did not analyze model
[35] A XGBoost, X Time prediction interpretability or safety
buildings ,
KNN variables.
[36] Public RF, KNN, X Duration General construction
buildings NN prediction context only.
, . No explainable Al and no
[37] Residential RF, X Cost and schedule safety-oriented
projects RANSAC prediction
framework.
. ML Large dataset but excluded
public . Cost overrun .
[38] roiects algorithms X rediction explainability and
pro] (CatBoost) P validated safety indicators.

3. Research Methodology

This research adopted a quantitative predictive research design to investigate the relationships
between validated safety performance indicators and project performance, represented by cost
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overruns and time delays in irrigation projects. The methodological framework, illustrated in Fig.
1, integrates empirical field data, structured questionnaire-based measurements, and historical
project records with advanced machine learning techniques. This integrated approach ensures
methodological rigor, predictive reliability, and robust evaluation of the proposed predictive
models.
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Fig. 1. Flowchart of the Research

3.1. Research Design

The overall research design is quantitative and analytical, designed to identify systematic and
measurable relationships between safety performance indicators and project performance
outcomes that are generalizable. In particular, the study follows the parameters of the effect that
the safety variables have on the cost and schedule deviations encountered in the project. The
framework integrates three principal components:

e Structured collection of archival data from completed irrigation projects
e (Questionnaire-based measurement of safety performance indicators
e Machine learning-based predictive modeling and comparative evaluation

Python 3.10 was used as the main computation environment, while the use of Scikit-learn, Pandas,
NumPy, Seaborn, Jupyter Notebook, and Matplotlib libraries was used for data preprocessing,
machine learning model development, statistical analysis, and visualization. This methodological
approach is integrated and increases the analytical strength, as it draws on empirical project data
and sophisticated predictive modelling methods. It was decided to use the quantitative approach
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because it would allow for objective measurement, statistical reliability and predictive
generalization across irrigation project settings.

3.2. Data Collection and Dataset Format Development

Historical data from 50 irrigation projects implemented in Iraq between 2022 and 2025 were
collected and organized into a standardized electronic dataset. The dataset included planned and
actual project costs and durations, along with 23 safety-related indicators identified through a
comprehensive literature review, refined through expert consultation, and measured using a five-
point Likert scale questionnaire. The indicators were validated using Partial Least Squares
Structural Equation Modeling (PLS-SEM), including reliability and validity assessments (Previous
chapter), before being used as input variables for the machine learning models. The dataset was
organized in Microsoft Excel (xlsx) format to facilitate preprocessing and predictive modeling using
Python.

3.3. Data Preprocessing and Preparation

One of the most important steps for guaranteeing the reliability of the analysis and stability of the
model is the data preprocessing. The following sequence of procedures were followed:

3.3.1 Data Cleaning

Data cleaning was performed to ensure the quality, consistency, and reliability of the dataset prior
to model development. The dataset was screened for missing values, outliers, and inconsistencies.
Missing values were examined using the Pandas isnull () function, and no missing observations
were identified; therefore, no imputation procedures were required. Potential outliers were
assessed using the Interquartile Range (IQR) method. A small number of potential outliers were
detected in the Human Factors (2 observations), Management Factors (1 observation), and Cost
Overrun (5 observations) variables, whereas no outliers were identified in the remaining variables.
These observations were verified against the original project records and confirmed to represent
genuine project conditions rather than data entry or measurement errors. Therefore, all
observations were retained for subsequent analysis to preserve the representativeness of the real-
world irrigation project dataset.[39].

3.3.2 Scaling and Normalization

Since safety indicators were measured on different scales, they were scaled using the Min-Max
normalization [40]. The change is given as Eq (3):

B X —min (X)
"~ max (X) — min (X)

where, X'= normalized value: X= original value: min (X)and max (X)= minimum and maximum
values in the dataset

!

(3)

This normalization procedure improves convergence efficiency and enhances model performance
stability [41].

3.3.3 Train-Test Splitting

The dataset was split into training and testing sets to promote generalization of the model. Various
splitting ratios (6:4, 7:3, 8:2, 9:1) were tested. The ratio of 8:2 (80% training, 20% testing) proved
to be the best one and was used.

3.3.4 Hyperparameter Tuning Using GridSearchCV

Machine learning models are highly sensitive to hyperparameter selection, which directly
influences prediction accuracy, model complexity, and generalization capability. Therefore,
hyperparameter tuning was performed prior to model development to identify the optimal
parameter combinations for each algorithm and ensure a fair comparison among the developed
models. In this study, GridSearchCV was employed to systematically evaluate multiple
hyperparameter combinations for the Decision Tree (DT), Random Forest (RF), Support Vector
Regression (SVR), and Extreme Gradient Boosting (XGBoost) models. The optimal
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hyperparameters were subsequently adopted to train the final predictive models. The optimal
parameter settings are presented in Table 2.

Table 2. Optimal hyperparameters obtained using GridSearchCV

Model Parameters Interpretation

The decision tree was effectively pruned, reducing the risk of

DT max_depth=7 overfitting compared with an unpruned tree.

- Increasing the number of trees to 200 and using the square root
n_estimators=200, g u using qu

RF of the available features at each split improved model stability
max_features=sqrt ) o e
and enhanced its generalization capability.

C=100, SVR required relatively strong hyperparameter settings to

SVR gamma=0.1, achieve optimal performance, indicating its high sensitivity to
epsilon=0.01 hyperparameter selection.

learning rate=0.05 The model selected a shallow tree depth and a low learning

XGBoost g_rate=.uy, rate, which help reduce overfitting and improve generalization

max_depth=3
performance.

3.3.5 K-Fold Cross-Validation

To enhance the robustness and generalization capability of the developed machine learning
models, K-Fold Cross-Validation was employed during the model evaluation process. Cross-
validation is considered an effective technique for assessing predictive performance, particularly
when the available dataset is relatively limited. In this study, the dataset was divided into K = 5
equal folds. During each iteration, four folds (80% of the data) were used for training, while the
remaining fold (20%) was used for validation. This process was repeated five times, ensuring that
each fold served once as a validation set. The final model performance was obtained by averaging
the evaluation metrics across all folds, including the Coefficient of Determination (R?), Root Mean
Squared Error (RMSE), and Mean Absolute Error (MAE). The application of K-Fold Cross-Validation
reduces the risk of overfitting, improves the reliability of performance estimates, and provides a
more comprehensive assessment of model stability compared with a single train-test split.
Therefore, it was adopted as an additional validation procedure for comparing the predictive
performance of the SVR, DT, RF, and XGBoost models.

3.4. Data Analysis and Predictive Modeling

Historical data and safety metrics from various projects were combined to form an analytical data
set and analyzed with the help of Python based machine learning techniques. The process of
modeling involved training, validation and performance evaluation of the model to predict cost
overrun and time delays. The proposed framework highlights the effectiveness of the indicators of
safe water as predictive variables for taking proactive decisions in irrigation project management,
which are based on data.

4. Algorithm Evaluation Techniques

For machine learning modeling, the dataset is often split into a training set and a test set for
assessing the model's generalizability and mitigating the risk of overfitting [30,31]. The training set
is employed to develop and calibrate the models, and the testing set is used to evaluate the models’
predictive ability on data not included in the training set. Since this paper involves a regression
problem, a number of statistics were used to measure the accuracy of the prediction such as Mean
Squared Error (MSE), Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and the
Coefficient of Determination (R?). The mean squared error measures the mean of the squares of
the errors, while the mean absolute error measures the mean of the absolute errors. RMSE is an
interpretable error measure, which is the same unit as the dependent variable. R* represents the
percentage of the variance in the model that is explained.
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5. Machine Learning Algorithms

The study transformed the cost overrun and time delay prediction problem into a regression task
and tested four machine learning algorithms: SVR, DT, RF and XGBoost. The models were realized
in Python to assure methodological diversity and a reliable comparative predictive analysis as
follows:

5.1. Support Vector Regression (SVR)

Considering the capability of handling high dimensional and noisy data with good generalization
performance and modelling nonlinear relationships, Support Vector Regression (SVR) was chosen.
The model is especially appropriate for the current research as safety indicators have complex
interaction with cost overruns and time delays [33,34]. Moreover, SVR can work well in the limited
project data conditions by taking advantage of the kernel functions, especially Radial Basis
Function (RBF) [40]. The predictive function is the ability to predict the consequences of a situation.

5.2. Decision Tree (DT)

The choice of Decision Tree (DT) was made because it was able to show nonlinear and hierarchical
relationships between safety indicators and project performance [45]. The model is also applicable
to the existing data set because it is capable of detecting important thresholds and interactions of
safety with cost overruns and time delays [46]. DT also offers an intuitive analysis structure that
can be useful for comprehending how the 23 safety performance indicators affect project outcomes.
The Sum of Squared Errors (SSE) is used to determine splits in regression trees.

5.3. Random Forest (RF)

Random Forest (RF) was selected due to its strong predictive performance and robustness against
overfitting in complex regression problems [47] . The model is suitable for the current dataset
because it effectively captures nonlinear relationships and multidimensional interactions among
safety indicators through ensemble learning [38, 39]. Furthermore, RF enhances prediction
stability and generalization capability under limited and noisy project data conditions. For
regression tasks, the final prediction is obtained by averaging individual tree predictions.

5.4. Extreme Gradient Boosting (XGBoost)

XGBoost prefer using because it is both fast and accurate, and is capable of modelling complex
nonlinear relationships with high quality [50]. This model is especially relevant for the existing
data set as it is able to capture subtle interactions between safety indicators. in addition to, it
provides boosting and regularization methods which improve prediction performance and stop
overfitting when the amount of project data is limited.

6. SHAP algorithm

A comprehensive framework for interpreting Multilevel Models (MLMs) was known as SHAP
Analysis. It relies on Shapley Additive exPlanations, as a single framework for model interpretation.
Shapely values are employed to showcase the relative influence and contribution of individual
input variables to the final output variable [40, 41]. This concept shares similarities with
parametric analysis, where all variables except one are held constant, and the impact of the variable
in question on the target attribute is observed. In the SHAP methodology, the model generates
predicted outcomes for each anticipated sample, and the SHAP value indicates the value assigned
to each feature in the given sample [42, 43]in Eq (4).

SILAF =15 =1)!
¢i=2' LD I s v - £ @

| F !
SCF\{i}
where ¢;represents the Shapley value of feature i, Fis the set of all input features, Sis a subset of
features excluding i, and f(-)denotes the prediction function of the machine learning model. The
SHAP value quantifies the contribution of each feature to the final prediction.
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7. Results and Discussion

7.1. Comparison of Prediction Accuracy

To assess the predictive capability of the developed model, the performance of random forest (RF),
support vector regression (SVR), Extreme Gradient Boosting (XGBoost), and Decision Tree (DT)
algorithms (DT) algorithms was compared. Table 3 presents the evaluation metrics for the test and
training dataset, specifically the coefficient of determination (R%), mean absolute error (MAE), root
mean square error (RMSE), and mean absolute error (MAE), which are the key performance
metrics for a typical cost overrun and time delay evaluation.

Table 3. Comparison for both cost overruns and time delays in testing and training data

Cost Overrun

Algorithms R2 MSE RMSE MAE
Train Test Train Test Train Test Train Test
Decision Tree 0.996 -0.348 0.164 9.544 0.405 3.089 0.245 1.823
R;‘:r‘i‘in 0.972 0.695 1192 2160 1.092 1470 0.680 0.885
XGBoost 0.9600 0.779 0.001 1.565 0.028 1.251 0.018 0.962
SVR 0977 0.707 0.966 2.076 0.983 1.441 0.499 1.081

Time Delay

Algorithms R2 MSE RMSE MAE

Train Test Train Test Train Test Train Test

Decision Tree 0998  0.822  0.402 16982  0.634 4121 0374 3.589
R;:i‘;i“ 0987 0876 2436  11.827 1561 3439 1.156  2.603
XGBoost 0970 0.839  0.001 15359  0.038 3919 0017  3.102

SVR 0985 0916 2757 8064 1660 2840 0815 2115

Among the evaluated models, the Decision Tree exhibited a clear overfitting problem in cost
overrun prediction, achieving an excellent training performance (R* = 0.996) but a poor testing
performance (R? = -0.348). This substantial performance gap indicates that the model memorized
the training data rather than learning generalizable patterns, which is a common limitation of
single decision trees when applied to relatively small datasets. In contrast, XGBoost achieved the
highest testing accuracy for cost overrun prediction (R?* = 0.779), demonstrating superior
generalization capability. This performance can be attributed to its boosting strategy and built-in
regularization mechanisms, which effectively reduce model complexity and improve predictive
robustness. For time delay prediction, SVR achieved the highest testing performance (R? = 0.916),
indicating its ability to capture the nonlinear relationships between safety indicators and schedule
deviations under the adopted train-test split

7.2. Fold Cross-Validation Performance Evaluation

To comprehensively assess the predictive accuracy and generalization capability of the developed
machine learning models, K-fold cross-validation procedure was employed.

Table 4. Five-Fold Cross-Validation results for cost overrun and time delay prediction models

Cost overrun % Time Delay%

Model /1 r? 11;41\?[2% Mean MAE  StdR?  Mean R? g&gg I\&?E Std R?
SVR -0.145 5.626 4.383 0.286 0.024 10.798 8.596 0.189
DT 0.893 1.758 0.955 0.109 0.869 3.504 1.815 0.106
RF 0.912 1.685 1.027 0.075 0.894 3.236 2.115 0.086

XGBoost 0.825 2.060 1.045 0.098 0.876 3.417 1.862 0.090

The predictive performance of Decision Tree (DT), Random Forest (RF), Support Vector Regression
(SVR), and Extreme Gradient Boosting (XGBoost) was evaluated using the average coefficient of
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determination (Mean R?), root mean square error (Mean RMSE), mean absolute error (Mean MAE),
and the standard deviation of R? (Std R?) across the five folds. The results, summarized in Table 4,
provide a robust comparison of model accuracy, prediction error, and stability for both cost
overrun and time delay prediction.

7.3. Comparison Between Train-Test Split and 5-Fold Cross-Validation

To further evaluate the robustness of the developed models, the results obtained using the
conventional 80:20 train-test split were compared with those from 5-fold cross-validation, as
presented in Table 3. While the train-test split reflects model performance for a single random
partition of the dataset, cross-validation provides a more reliable estimate of predictive
performance by averaging the results across multiple independent folds, particularly for relatively
small datasets. For cost overrun prediction, XGBoost achieved the highest performance under the
80:20 train-test split (R? = 0.779), whereas Random Forest outperformed all other models during
5-fold cross-validation, achieving the highest average R* (0.912) together with the lowest RMSE
(1.685) and the smallest variability among folds (Std R* = 0.075). This improvement indicates that
Random Forest provides superior generalization capability owing to its ensemble learning
strategy, which effectively reduces model variance and minimizes overfitting. The Decision Tree
model showed relatively consistent performance between the two evaluation approaches.
Although it achieved high prediction accuracy under cross-validation (R? = 0.893), its performance
remained slightly lower than Random Forest because a single decision tree is inherently more
sensitive to variations in the training data, increasing the likelihood of overfitting when the
available dataset is limited. For time delay prediction, Support Vector Regression (SVR) produced
the highest prediction accuracy using the 80:20 train-test split (R? = 0.916). However, its average
cross-validation performance declined substantially to R* = 0.024, indicating that the excellent
result obtained under the single train-test split was highly dependent on the selected random
partition and was not consistently reproducible. This behavior suggests limited generalization
capability and highlights the sensitivity of SVR to small datasets and hyperparameter selection. In
contrast, random forest and XGBoost maintained consistently high predictive performance under
both evaluation approaches. For time delay prediction, Random Forest achieved the highest cross-
validation accuracy (R? = 0.894), followed closely by XGBoost (R? = 0.876). The relatively small
differences between their train-test and cross-validation performances indicate greater model
stability and robustness compared with SVR. Generally, although XGBoost and SVR achieved the
highest prediction accuracy under the single 80:20 train-test split for cost overruns and time
delays, respectively, the 5-fold cross-validation results demonstrate that Random Forest is the
most reliable and robust model for both prediction tasks. The consistency of its predictive accuracy,
combined with the lowest prediction errors and variability across folds, indicates superior
generalization performance and supports its practical application for predicting cost overruns and
schedule delays in irrigation projects.

7.4. Correlation Matrix Analysis

The correlation matrix among the study variables is presented at Fig .2., which shows the relation
between the factors related to safety and the performance measures of the projects such as cost
overrun and time delay in irrigation projects. Pearson correlation coefficient was used to assess the
relationships; the closer the values are to +1, the stronger the positive relationship will be. Based
on the results, there were moderate to strong correlations between most of the variables indicating
that safety-related factors within irrigation project environments are interconnected. The primary
relationships are as follows:

e The correlation that was found to be the strongest was between the Machine and Equipment
Factors and Time Delay, with the correlation coefficient being 0.81, which shows that
equipment failures, maintenance and machinery inefficiency are major contributors to
delays on projects.

e A similar coefficient was found between Human Factors and Methods and Procedures
Factors (0.80), indicating that the efficiency of operational procedures and implementation
practices is closely related to workforce performance.
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e The Machine and Equipment Factors also had a high correlation with Cost Overrun (0.77)
which means that issues related to equipment significantly contribute to project cost
overrun.

e Moreover, Human Factors was correlated highly with Machine and Equipment Factors
(0.73), showing the relationship between the capability of the human resource and the
effectiveness of the operation of machinery and equipment in irrigation projects.

e Moderate correlations were shown between Management Factors and Time Delay (0.63),
and also between Management Factors and Machine and Equipment Factors (0.67)
indicating that managerial practices have significant influence on controlling the project
performance.

e Environmental Factors showed comparatively moderate relationships with the other
variables, with the highest correlation observed with Machine and Equipment Factors (0.67),
indicating that environmental conditions may influence equipment efficiency and field
operations.

Overall, the results indicate that human factors, machinery and equipment, and operational
procedures are the most influential factors affecting time delays and cost overruns in irrigation
projects.
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Methods_Pracedures_Factors

Fig. 2. Correlation matrix analysis

7.5. SHAP Values Analysis
7.5.1 SHAP Values Analysis for Cost Overrun

According to Fig .3 SHAP Summary (Bee Warm) results, NRHF (Normalized Human Factors) was
identified as the most influential variable affecting cost overrun prediction. Higher values of
human-related problems generally produced positive SHAP values, indicating an increase in
predicted cost overruns, while improved workforce skills, training, and safety awareness
contributed to reducing cost deviations. NRMF (Normalized Management Factors) also showed a
strong positive influence, where weak planning, ineffective supervision, and poor coordination
increased the likelihood of cost escalation. In contrast, NRMEF (Normalized Machine and
Equipment Factors) demonstrated a moderate positive effect on cost overruns, indicating that
equipment failures, insufficient maintenance, and machinery inefficiency contributed to increased
project costs. NRMP (Normalized Methods and Procedures) and NREF (Normalized Environmental
Factors) had comparatively smaller impacts with SHAP values clustered around zero, indicating
that their influence on cost overrun prediction was comparatively limited.
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Fig. 3. SHAP summary, input variables on the prediction of cost overrun
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Fig. 4. SHAP waterfall plot, input variables on the prediction of cost overrun

The SHAP value for NRHF (Normalized Human Factors) is the highest of all the SHAP values,
(+0.67), as seen in Fig.4, thus making NRHF the most positive factor for the predicted cost overrun.
This positive impact indicates that deficiencies in workforce skills and training, in communication,
and in safety compliance greatly increased the forecasted project cost. In the same way, NRMEF
(Normalized Machine and Equipment Factors) had a positive impact (+0.38), meaning that machine
failures, poor maintenance and machinery inefficiency contributed to increase cost overruns due
to operating disruptions and extra costs. NRMP (Normalized Methods and Procedures), on the
other hand, had a slight negative contribution (-0.08), which suggests that proper construction
processes and organized procedures in the construction processes actually helped mitigate the
anticipated cost overruns. NRMF (Normalized Management Factors) and NREF (Normalized
Environmental Factors) had minimal impact near zero, indicating that in this particular
observation management practices and environmental conditions did not significantly affect the
cost overrun prediction. These findings can be interpreted in light of the operational characteristics
of irrigation projects. Human-related factors exert the greatest influence on cost overruns because
inadequate workforce skills, insufficient safety awareness, and poor communication frequently
lead to construction errors, rework, material waste, and reduced productivity. In irrigation
projects, where excavation works, concrete lining, canal structures, and hydraulic installations
require high operational accuracy, even minor human errors can result in substantial additional
labor, equipment, and material costs. Similarly, machinery and equipment deficiencies increase
project expenditures through equipment downtime, maintenance costs, and delays in critical
construction activities. In contrast, the relatively small contributions of management and
environmental factors in this observation suggest that direct operational issues associated with
workforce performance and equipment reliability had a more immediate impact on project costs
than broader managerial or environmental conditions. These findings emphasize that improving
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workforce competency, strengthening safety training, and implementing preventive equipment
maintenance can substantially reduce the likelihood of cost overruns in irrigation projects.

7.5.2 SHAP Values Analysis for Time Delay

The SHAP Summary Plot results Fig. 5 indicated that NRMF (Normalized Management Factors) had
the greatest influence on the time delay prediction in irrigation projects. The positive SHAP values
for higher values of management-related problems suggested that they generally led to an increase
in predicted project delays, whereas the effective planning, supervision, coordination, and risk
management activities reduced schedule deviations. The influence of NRHF (Normalized Human
Factors) was also very positive, with low workforce skill, low productivity and poor communication
making it more likely that there would be time delays. In addition, NRMEF (Normalized Machine
and Equipment Factors) showed a moderate positive relationship with project delays, signifying
that machinery failures, maintenance issues and machinery inefficiencies resulted in construction
continuity disruption and heightened delay risks. NREF (Normalized Environmental Factors)
demonstrated a relatively smaller and more variable influence: For projects, environmental factors
might either accelerate or retard delays. Lastly, the effect of NRMP (Normalized Methods and
Procedures) was the least, with SHAP values clustering around zero meaning that it has a
comparatively minor role in time delay prediction.

High
NRMF . - . . - . - . .
NRHF * * e o ese e . . . g
. g
NRMEF e e . o
=
3
NREF - ema  a e L
NRMP copm o .
Low
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SHAP value (impact on model output)
Fig. 5. SHAP summary, input variables on the prediction of time delay
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Fig. 6. SHAP waterfall plot, input variables on the prediction of duration delay

The SHAP Waterfall Plot Fig. 6 indicates that NRMF (Normalized Management Factors) had the
strongest negative contribution to the predicted time delay, with a SHAP value of (-2.85). This
negative effect indicates that the expected project delay was indeed substantially reduced as a
result of effective project planning, supervision, coordination and risk management efforts.
Likewise, the NRHF (Normalized Human Factors) had a negative contribution of (-2.32), meaning
that the more skilled workers, effective communication, and more productive workforce, the better
the project progressed and the lower the schedule deviations. NRMEF (Normalized Machine and
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Equipment Factors) showed a positive contribution of (+1.06), suggesting that machinery failure,
lack of equipment and maintenance issues contributed to the increased estimated delay for the
project. In the meantime, the contribution of organized workflows and efficient operational
procedures (NRMP) was moderate (-0.61), indicating that NRMP helped mitigate delays. Lastly,
the influence of the environmental condition (NREF, Normalized Environmental Factors) was
almost negligible (-0.02), suggesting that the environment was of little importance for the
prediction of the time delay for this specific observation. These findings can be explained by the
operational characteristics of irrigation projects. Effective management practices, including
accurate planning, timely decision-making, efficient resource allocation, and continuous site
supervision, play a fundamental role in maintaining project schedules., delays in procurement,
equipment mobilization, or coordination among project stakeholders can interrupt sequential
construction activities and substantially extend project duration. Similarly, competent and safety-
aware workers contribute to reducing operational errors, rework, and productivity losses, thereby
minimizing schedule deviations. In contrast, machinery breakdowns and inadequate equipment
availability directly interrupt construction operations, particularly in excavation, earthworks, and
canal construction activities, leading to schedule extensions. The relatively small contribution of
environmental factors suggests that, for the analyzed projects, managerial and operational
practices had a greater influence on project completion time than environmental conditions.

8. Features Importance Analysis (Extra Trees) for Cost Overrun and Time Delay

The "Features Importance” analysis presented a machine learning model, which shows the
importance of each safety factor to the variation of the key performance indicators of irrigation
project, which are the cost overrun and the time delay. The value of this analysis is that it can be
used for each outcome separately to identify intervention and improvement priorities with greater
accuracy and differentially, depending on the outcome desired.

8.1. Analysis of Factor Importance in Predicting Cost Overrun and Time Delay

The analysis of feature importance in Fig .7 for the prediction of cost overrun showed that the
factors with the highest importance values were Human Factors (0.5838). This suggests that
budget overruns in irrigation projects are mainly due to workforce skills, supervision, experience,
and safety procedure compliance. Management Factors scored a (0.2787), indicating that planning,
monitoring and decision-making is a critical factor in cost control of a project.
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Fig. 7. Features importance analysis for cost overrun and time delay
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The third place was taken by the Machine and Equipment Factors which had an importance value
0f (0.0789), which means that these factors have a moderate influence due to failures of equipment
and maintenance problems. Environmental Factors and Methods and Procedures Factors had
relatively small effects, with values of (0.0317) and (0.0270) respectively, indicating a relatively
small contribution to the prediction of cost overrun. The importance analysis of the time delay
prediction indicated that the most important variables were Management Factors, with an
importance value of (0.2787), because planning, monitoring and decision-making are key factors
in keeping projects on schedule. Human Factors was ranked second with a value of (0.0789),
meaning that productivity and experience of the employees greatly influence the project's
completion time. Machine and Equipment Factors were in third position with a value of (0.0317),
which indicates that problems with machines and equipment can cause project delays.
Environmental Factors and Methods and Procedures Factors also had relatively low values of
importance values (0.0270 and 0.0207, respectively), suggesting a comparatively small
contribution to time delay prediction.

8.2. Comparative and Integrated Analysis Between the Two Indicators

Comparing the two performance indicators shows that there are basic differences in the structure
of influence and the hierarchy of priority: The differences between the most important factor are
the most striking difference. There is an acknowledged difference in the top three responses
between the two: Human Factors leads the list for cost overrun, and Management Factors leads the
list for time delay. This means that financial difficulties are mainly attributed to human errors and
time delay to administrative planning and follow-up. Other factors show a difference in ordering as
well. Next, in both indicators, are the Machine and Equipment Factors, but they are more closely
related to the costs than to delay. Environmental and Procedural factors combine in the lower
ranks, albeit in a more noticeable way when looking at time delay as opposed to costs. As far as
concentration versus distribution of impact is concerned, it is observed that cost overrun shows
high concentration in two main factors (Human and Management) together explaining more than
86% of the impact. The effects on time delay, on the other hand, are more evenly divided among
factors, so that a more general and more detailed approach to solving the problems of schedules is
needed.

9, Limitations

Although the proposed framework demonstrated promising predictive performance, several
limitations should be acknowledged. First, the study was developed using a dataset of 50 irrigation
projects. While this represents a relatively small sample for machine learning applications,
obtaining comprehensive datasets that simultaneously integrate cost, schedule, and safety
information from real-world irrigation projects is inherently challenging due to the limited
availability and implementation of such projects. Therefore, this study establishes an important
empirical foundation for safety-driven predictive modeling in irrigation infrastructure. Second, the
developed models were calibrated using data collected from irrigation projects in Iraq;
consequently, their predictive performance may reflect the local managerial, environmental, and
operational conditions. Nevertheless, the proposed methodological framework, which integrates
validated safety indicators, machine learning-based prediction, and SHAP-based model
interpretability, is not geographically constrained and can be readily adapted and validated using
project data from other regions and infrastructure sectors.

10. Conclusion

This study introduced an explainable machine learning framework where predictive modeling is
combined with safety indicators to forecast cost and time risks in irrigation projects. Previous
studies, which mostly dealt with construction projects and focused on the accuracy of the
predictors, were insufficient in this field. This framework integrates safety indicators and machine
learning with SHAP explainability, thus offering actionable and time-sensitive recommendations
for the management of irrigation projects. This research demonstrated that safety management
indicators affect the performance of the projects. The safety indicators were validated using PLS-
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SEM to confirm their reliability and readiness to be used as predictors, and only then were they
introduced to the machine learning models. It was found that the biggest contributors to cost
overruns were the factors that were of a human nature. On the other hand, the factors that had the
highest contribution to delays in the project schedules were of a management nature. SHAP
analysis advanced the transparency of the predictive models and explained the nature of the
models by describing the contribution of safety indicators. Predictive performance was assessed
using the standard 80:20 train-test split and 5-fold cross-validation. Good predictive performance
was achieved in the train-test split. The most rigorous evaluation of model robustness and
generalization for the small size of the data set was achieved by the 5-fold cross-validation. The
results of the cross-validation showed that for the prediction of cost overruns and delays in project
schedules, Random Forest was the most reliable, and for the prediction of cost overruns, XGBoost
was the most accurate. In comparison, Support Vector Regression (SVR) showed a notable drop in
performance during cross-validation. This suggests that SVR also has a poor ability to generalize,
even when it provides a strong performance on a single train-test split. The developed models were
originally developed for irrigation in Iraq, but the framework is flexible and can be modified and
implemented in other areas and sectors.
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