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Introduction
The construction industry is a cornerstone of the global
GDP,

development

economy, contributing = significantly  to

employment, and  infrastructure
worldwide. In many countries, it accounts for a
substantial share of economic output up to 14.2% of
global GDP and is a primary driver of growth,
urbanization, and sustainable development initiatives
(Cucos & Turcan, 2025; Klave et al., 2025; Taiwo et al.,
2025). The sector’s economic impact is matched by its
complexity and the scale of its challenges, including
persistent cost overruns, schedule delays, and safety
incidents that threaten project success and financial
stability (Alsharef et al., 2024; Zaneldin & Ahmed,
2024; Septiaji et al., 2025; Nieto-Morote & Ruz-Vila,
2011). These

industry’s fragmented structure, reliance on a diverse

challenges are exacerbated by the
workforce, and the increasing adoption of advanced
technologies, which introduce new risks and skill
shortages (Cucos & Turcan, 2025; Alsharef et al., 2024;
Klave et al., 2025). Risk in construction is multifaceted,
encompassing financial, temporal, safety, structural, and
environmental dimensions. Financial risks include cash
flow volatility, cost escalation, and funding uncertainties,
while temporal risks manifest as project delays due to
supply chain disruptions, labor shortages, or regulatory
hurdles (Didar et al., 2025; Zaneldin & Ahmed, 2024;
Septiaji et al.,, 2025). Safety risks remain a critical
concern, with construction consistently ranking among
to accidents,

the most hazardous industries due

equipment failures, and inadequate safety protocols
(Gao et al.,, 2023; Nieto-Morote & RuzVila, 2011;
Mahajan & Mishra, 2025). Structural risks arise from
design errors, material defects, and unforeseen site
conditions, while environmental risks are linked to
regulatory compliance, ecological impacts, and the
growing emphasis on sustainability and circular
economy practices (Cucos & Turcan, 2025; Mahajan &
Mishra, 2025; Klave et al., 2025). The interplay of these
risks is further complicated in international and large-
scale projects, where political, legal, and cultural factors
introduce additional layers of uncertainty (Zhu et al.,

2022; Bahamid et al., 2022; Albasyouni et al., 2025).

Traditional risk management in construction has relied

heavily on reactive, subjective methods such as expert
judgment, checklists, and historical data analysis
(Albasyouni et al., 2025; Nieto-Morote & Ruz-Vila,
2011; Bahamid et al., 2022; Sithole & Ngwenya, 2025).
While these approaches offer practical insights, they
often lack the rigor and adaptability needed to address
the complexity and interdependencies of modern
construction projects (Afzal et al., 2019; Zaneldin &
Ahmed, 2024; Sithole 2025). The

limitations of conventional methods are evident in their

& Ngwenya,

inability to process multivariate project data, capture
dynamic risk interactions, or provide realtime early
warnings for emerging threats (Gao et al., 2023; Wang
et al., 2023; Wu et al., 2023). Moreover, the absence of
systematic  documentation, structured knowledge
transfer, and integration of advanced technologies
further weakens the effectiveness of risk assessment and
mitigation efforts (Albasyouni et al., 2025; Sithole &
Ngwenya, 2025; Song & Choi, 2024). As a result, many
construction firms especially in developing regions—
continue to rely on informal, ad hoc risk management
practices, leading to missed opportunities, recurring
failures, and suboptimal project outcomes (Albasyouni
et al.,, 2025; Bahamid et al., 2022; Afzal et al., 2019;
Nieto-Morote & RuzVila, 2011; Zaneldin & Ahmed,
2024; Didar et al., 2025; Cucos & Turcan, 2025; Gao et
al.,, 2023; Mahajan & Mishra, 2025; Zhu et al., 2022;
Alsharef et al., 2024; Wang et al., 2023; Luo et al., 2025;
Sithole & Ngwenya, 2025; Taiwo et al., 2025; Wu et al.,
2023; Septiaji et al., 2025; Song & Choi, 2024; Klave et
al., 2025).

The construction industry faces persistent challenges in
objectively classifying and managing project risks, often
resulting in budget overruns, safety incidents, and
project  failures. Traditional risk management
approaches are largely manual, subjective, and reactive,
lacking robust, data-driven, and predictive frameworks
that can synthesize diverse project performance
indicators to proactively identify high, medium, and
low-risk projects. This gap underscores the urgent need
for advanced systems that enable early intervention and
efficient resource allocation. Conventional risk
management in construction is hampered by reliance on

expert judgment, fragmented data, and isolated risk
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analysis, leading to inconsistent and often ineffective
risk classification (Chattapadhyay et al, 2021;
Khodabakhshian et al., 2023; Khodabakhshian &
2022; Papanikolaou & Xenidis, 2020).

Manual processes are time-consuming and fail to

Cecconi,

capture the complex interdependencies among risk
factors, making it difficult to anticipate and mitigate
risks before they escalate (Chattapadhyay et al., 2021;
Khodabakhshian et al., 2023; Papanikolaou & Xenidis,
2020). Recent research demonstrates that machine
learning (ML) methods such as random forests, gradient
boosting, support vector machines, Bayesian networks,
and ensemble models significantly enhance risk
prediction accuracy and objectivity (Alhamami, 2025;
Khodabakhshian et al., 2025; Gondia et al., 2023; Poh
et al.,, 2018; Jayakannan, 2025; Khodabakhshian et al.,
2023; Turkyilmaz & Polat, 2025; Alsulamy, 2024;
Gondia et al., 2020; Fitzsimmons et al., 2022; Gondia
et al,, 2022; Dikmen et al., 2025). ML models can
process large, heterogeneous datasets, identify leading
risk indicators, and classify projects by risk level with
high precision, enabling proactive interventions that
reduce delays, cost overruns, and accidents (Alhamami,
2025; Gondia et al., 2023; Poh et al., 2018; Alsulamy,
2024; Gondia et al., 2020; Fitzsimmons et al., 2022;
Gondia et al., 2022). Advanced techniques like data
augmentation, feature selection, and hybrid modeling
further improve performance, even with limited or
unstructured data (Khodabakhshian et al., 2025;
Khodabakhshian et al., 2023; Turkyilmaz & Polat, 2025;
Khodabakhshian & Cecconi, 2022; Fitzsimmons et al.,
2022).

The absence of robust, predictive risk classification
frameworks leads to substantial real-world consequences:
budget overruns, fatal accidents, project failures, and
inefficient resource allocation (Chattapadhyay et al.,
2021; Alhamami, 2025; Gondia et al., 2023; Poh et al.,
2018; Jayakannan, 2025; Khodabakhshian et al., 2023;
Turkyilmaz & Polat, 2025; Zhang & Wang, 2023;
Alsulamy, 2024; Papanikolaou & Xenidis, 2020;
Gondia et al., 2020; Fitzsimmons et al., 2022; Gondia
et al., 2022). MLdriven systems have demonstrated
measurable earlier risk

improvements, including

detection, cost savings, and enhanced safety outcomes

(Alhamami, 2025; Gondia et al., 2023; Poh et al., 2018;
Jayakannan, 2025; Alsulamy, 2024; Gondia et al., 2020;
Fitzsimmons et al., 2022; Gondia et al., 2022; Dikmen
et al., 2025).

The integration of ML with process mining, BIM, and
[oT s real-time  risk
surveillance (Jayakannan, 2025;
Khodabakhshian & Cecconi, 2022; Zhang & Wang,
2023; Dikmen et al., 2025). Ongoing research focuses

on expanding data

creating comprehensive,

ecosystems

sources, improving model
interpretability, and developing frameworks that are
adaptable across project types and scales (Chattapadhyay
et al.,, 2021; Khodabakhshian et al., 2025; Jayakannan,
2025; Khodabakhshian et al., 2023; Turkyilmaz & Polat,
2025; Khodabakhshian & Cecconi, 2022; Alsulamy,
2024; Zhou et al., 2024; Fitzsimmons et al., 2022; Sun
et al., 2025; Dikmen et al., 2025).

The aim of this research is to develop a predictive
machine learning model for classifying construction
project risk levels (High, Medium, Low) using the
2024 dataset.
implementing and comparing three algorithms Random
Forest, XGBoost, and Artificial Neural Networks (ANN)

to identify the optimal model based on performance

Kaggle Specific objectives include

metrics. The study will determine the most predictive
features and assess classification efficacy, particularly for
challenging Medium-risk projects. The scope is strictly
limited to the provided dataset's 24 features, focusing
exclusively on multi-class risk classification rather than
continuous value prediction.

Methodology

Data Preprocessing and Feature Selection

The dataset, sourced from Kaggle (2024), underwent
comprehensive preprocessing to ensure data quality and
model readiness. Missing value analysis revealed no null
entries across all 28 features and 1000 data points,
eliminating the need for imputation. Categorical

variables including Project_Type, Location, and

Weather_Condition were encoded using onehot
encoding to transform them into numerical format
suitable for machine learning algorithms. Numerical
features were normalized using StandardScaler to
standardize the varying scales and distributions observed

in the data, particularly critical for features with
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disparate ranges such as Energy_Consumption (5,054-
49,941) and Crack Width (0.001-4.696). The
Project_ID identifier column was removed to prevent
model bias from non-predictive unique identifiers. This
preprocessing pipeline ensured the dataset was
optimized for subsequent feature engineering and
model training phases while maintaining data integrity
and predictive relevance. The table 1 presents the
selection framework for

comprehensive  feature

predicting risk levels in construction projects,

categorizing variables by their domain relevance and

financial, temporal, safety, structural, and
environmental dimensions to provide a holistic risk
assessment framework. Features were chosen based on
their predictive potential, variance characteristics, and

while
indicators like Anomaly_Detected that showed limited

domain  relevance, excluding low-variance

discriminative power (only 19.7% positive cases). The
inclusion of both continuous and categorical variables
ensures the model captures complex, multi-faceted risk
different  project types and

patterns acCross

environmental conditions

statistical characteristics. The selected 19 features span
Table 1: Feature Selection Rationale for Construction Project Risk Level Prediction

Category Feature Inclusion Reason Data Characteristics

Mean: 5.13M, SD: 5.93M
Mean: 31.5M, SD: 18.1M
Mean: 107 days, SD: 110 days

Cost Overrun Direct risk indicator

Actual Cost
Schedule Deviation

Core Financial
Budget performance

Timeline risk

Schedule
Actual Duration Project efficiency Mean: 646 days, SD: 269 days
Safety Risk Score Direct risk measure Mean: 5.33, SD: 2.56
Safety Accident Count Safety performance Mean: 4.57, Range: 0-9
Image Analysis Score Visual risk assessment Mean: 74.92, SD: 14.61
Crack_Width Structural integrity Mean: 2.46, SD: 1.43
Structural Vibration Level Structural stability Mean: 1.04, SD: 0.55
Loadbearing Capacity Structural safety Mean: 266, SD: 129
Progress Completion Percentage Project status Mean: 55.18%, SD: 25.82%
Equipment Ultilization Resource efficiency Mean: 69.45%, SD: 17.36%
Labor Hours Workforce management Mean: 5,395, SD: 2,617
Resources
Material Usage Material efficiency Mean: 543, SD: 263
Temperature External factor Mean: 17.11°C, SD: 15.31
Environmental Humidity Weather impact Mean: 55.48%, SD: 20.24
Air Quality Index Environmental condition =~ Mean: 175, SD: 72
Project_Type Project characteristics Categorical variable
Categorical Location Geographic factors Categorical variable
Weather_Condition External conditions Categorical variable
Excluded Anomaly_Detected Low variance Only 19.7% positive cases
Machine Learning Model algorithm's inherent feature importance analysis

Random Forest provides valuable insights into which project variables

Random Forest is an ensemble learning method that most significantly impact risk classification. Its

constructs multiple decision trees during training and
outputs the mode of their predictions for classification
tasks. It operates by creating diverse trees through
bootstrap sampling of the training data and random
feature selection at each split, reducing overfitting and

enhancing generalization. For risk level prediction, the

robustness to outliers and ability to handle mixed data
types make it particularly suitable for construction
project data containing both continuous parameters like
variables  like

Cost  Overrun and  categorical

Project_Type. The model's parallelizable nature ensures
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computational efficiency while maintaining high
predictive accuracy through collective decision-making.
Extreme Gradient Boosting

Extreme Gradient Boosting (XGBoost) is an advanced
implementation of gradient boosting that sequentially
builds decision trees, where each new tree corrects
errors made by previous ones. It employs gradient
descent optimization to minimize a differentiable loss
function, with additional regularization terms to control
model complexity. For risk prediction, XGBoost excels
through its handling of complex feature interactions
between variables like Safety Risk Score and Schedule
Deviation. Its builtin cross-validation, missing value
handling, and parallel processing capabilities make it
ideal for the structured tabular data characteristic of
construction  projects. The algorithm's superior
performance in competitive machine learning contexts
stems from its efficient resource utilization and
sophisticated pruning strategies.

Neural Network

Neural Networks constitute a deep learning approach
comprising interconnected layers of neurons that
transform input features through nonlinear activation
functions. For risk classification, a multilayer
perceptron architecture processes construction project
parameters through hidden layers that automatically
learn hierarchical feature representations. The model
captures intricate nonlinear relationships between
diverse input variables—from continuous metrics like
Completion Percentage to encoded categorical features
through  backpropagation  and  gradient-based
optimization. While requiring careful hyperparameter
tuning of layer sizes and learning rates, neural networks
offer strong predictive performance when substantial
training data is available, capable of modeling complex
decision boundaries that traditional algorithms might
miss in multifaceted risk assessment scenarios.

Model Development

The development of predictive models for construction
project risk classification involved a  systematic
implementation of three distinct machine learning
algorithms, each selected for their complementary
strengths in handling complex, multidimensional data.

For all models, the pre-processed dataset containing 19

selected features was partitioned using an 80-20
stratified train-test split to maintain class distribution
integrity across subsets. Hyperparameter optimization
was conducted through randomized search cross-
validation with 5-fold stratification to ensure robust
performance estimation while mitigating overfitting.
The Random Forest model was configured with 200
decision trees, employing Gini impurity as the splitting
criterion and requiring a minimum of 5 samples per leaf
node. The number of features considered for each split
was automatically optimized through the square root
heuristic, balancing model complexity with predictive
performance. Extreme Gradient Boosting
implementation incorporated 300 boosting rounds with
a learning rate of 0.1 and maximum tree depth of 6,
complemented by L1 and L2 regularization terms of 0.1
and 0.8 respectively to control model complexity. The
Neural Network architecture featured three hidden
layers with 128, 64, and 32 neurons respectively,
utilizing REL U activation functions and He normal
initialization.

All models were evaluated using consistent metrics
including weighted Fl-score, multi-class AUC-ROC,
and precision-recall curves to ensure comparable
performance assessment. Class weighting strategies were
uniformly applied to address potential imbalance in risk
level distribution, and feature importance analysis was
conducted across all models to identify consistent

predictors of project risk. The implementation leveraged

scikitlearn and TensorFlow frameworks, ensuring
reproducibility through fixed random seeds and
consistent data preprocessing pipelines across all

experimental conditions.

Performance Assessment Of Models

The evaluation of machine learning models for risk level
prediction employed a comprehensive suite of
performance metrics to assess different aspects of
classification accuracy, discriminative ability, and overall
model effectiveness. Area Under the Curve (AUC) of
the Receiver Operating Characteristic curve served as
the primary metric for evaluating the model's ability to
distinguish between different risk classes, with higher
values indicating better class separation across all risk

categories. Classification Accuracy (CA) provided a
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straightforward ~ measure of overall prediction
correctness, though it was interpreted cautiously given
potential class imbalances in the multi-class risk
classification problem.

The Flscore, representing the harmonic mean of
precision and recall, offered a balanced assessment of
model performance by considering both false positives
and false negatives simultaneously. Precision quantified
the model's reliability in correctly identifying true risk
cases among positive predictions, while recall measured
its capability to capture all actual risk instances from the

MCQ)

provided a more robust evaluation metric for multi-class

dataset. Matthews Correlation Coefficient
classification, particularly valuable when dealing with
imbalanced class distributions, as it considers all four
confusion matrix categories and returns a value between
-land 1.

Specificity measured the model's effectiveness in
correctly identifying low-risk projects, complementing
recall which focused on high-risk detection. Logarithmic
Loss (LogLoss) served as a probabilistic assessment
metric, penalizing confident but incorrect predictions

more heavily, thus providing insight into the calibration
Table 2:

Prediction Disparities.

and certainty of model predictions. This multi-faceted
evaluation framework ensured comprehensive model

assessment beyond  simple accuracy, capturing

risk

prediction in construction project management contexts

performance nuances essential for reliable
where different types of misclassifications carry varying
consequences.

Results

Random Forest Results

The Random Forest model demonstrates significant
performance disparities across risk categories that reveal
critical limitations in its predictive capability. While the
overall test AUC of 0.974 appears excellent, this
aggregate metric masks severe class-specific issues. The
model exhibits exceptional performance for High-risk
projects (AUC: 0.986, F1: 0.957) with precise recall of
0.962, indicating effective identification of critical risk
cases. However, this comes at the expense of Medium-
risk classification, where despite a respectable AUC of
0.979, the Fl-score plummets to 0.819 and recall drops
dramatically to 0.756 - revealing that nearly 25% of

medium-risk projects are misclassified.

Random Forest Performance Metrics Across Risk Categories Reveal Significant Class-Specific

Train Test AUC CA F1 Precision Recall MCC Spec Log Loss
Average Random Forest 0.432 0.09 0.974198 0.905 0.904224 0.905691 0.905 0.842756 0.943593 0.389604
high Random Forest 0.432 0.09 0.985719 0.957 0.957384 0.952663 0.962151 0.914041 0.951807 0.231078
medium Random Forest 0.432 0.09 0.978692 0.948 0.819444 0.893939 0.75641 0.793075 0.983412 0.175781
low Random Forest 0.432 0.09 0.951934 0.905 0.864865 0.842105 0.888889 0.792389 0.913374 0.304921
The distribution graphs provide crucial insights into substantial probability mass spread across all categories,
these  discrepancies. The Lowrisk  probability explaining the poor recall. The High-risk chart shows

distribution shows a highly concentrated peak near 1.0
(frequency ~350), indicating strong confidence in true

negatives, yet the Medium-risk histogram displays

but
suggesting

strong clustering at high probabilities with
concerning frequency in lower ranges,

inconsistent classification confidence.
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Figure 1: Prediction Probability Distributions Show High-Risk Classification Consistency Versus Medium-Risk
Identification Variability
The box plot visualization confirms these patterns, with risk (0.793) and Low-risk (0.792), demonstrating uneven
Medium-risk showing the widest interquartile range and class discrimination. The LogLoss progression (High:
numerous outliers, reflecting prediction instability. The 0.231, Medium: 0.176, Low: 0.305) further highlights
X% value of 1557.47 (p=0.000) indicates significant calibration issues, particularly for Low-risk projects

classification capability, but the MCC scores tell a more where the model struggles with probability estimation

nuanced story: High-risk (0.914) outperforms Medium- despite reasonable accuracy metrics.
High
High
Low Medium

e |

High Medium
Aedium NN

¥ 1557.47 (p=0.000, dof=4)

Figure 2: Probability Density Distributions Demonstrate Strong Low-Risk Confidence But Medium-Risk

Classification Uncertainty
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Extreme Gradient Boosting Results
XGBoost

improvements over Random Forest, with near-perfect

demonstrates  remarkable  performance
classification metrics across all risk categories. The
model achieves an exceptional overall test AUC of
0.995, representing a significant 2.1% improvement
over Random Forest, while maintaining unprecedented

balance across classes. The High-risk category shows
Table 3:

near-flawless performance (AUC: 0.998, F1: 0.975) with
precision reaching 0.984, indicating minimal false
positives in critical risk identification. More impressively,
XGBoost Medium-risk
classification weakness, boosting Fl-score from 0.819 to
0.937 and recall from 0.756 to 0.949 - a dramatic 25%

improvement in detecting medium-risk projects.

resolves Random Forest's

XGBoost demonstrates superior balanced performance across all risk categories with minimal

variance.

Train Test AUC CA F1 Precison  Recall MCC Spec LogLoss

Average  Gradient 0.663 0.03 0.995075 0.955 0955177 0.955514 0.955 0.926192 0976724 0.12103
Boosting

high Gradient 0.663 0.03 099772 0975 0974874 0.983773 0.966135 0.950157 0.983936 0.07063
Boosting

medium  Gradient 0.663 0.03  0.996984 0.98 0.936709 0.925 0.948718 0.924939 0.985782 0.05028
Boosting

low Gradient 0.663 0.03 0.991762 0.955 0.934688 0.927954 0.94152 0.900421 0.962006 0.11993
Boosting

The distribution graphs reveal the source of this
The

distribution shows an extremely sharp peak near 1.0

superior performance. Low-risk  probability

with minimal spread, contrasting with Random Forest's

reduced crossover into other categories, explaining the
substantial recall improvement. The High-risk chart
high

probabilities, with virtually no instances misclassified as

demonstrates even  tighter clustering at

broader distribution. The Medium-risk histogram low probability.
displays concentrated probability mass with significantly
4 5007 ! High
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Figure 3:  XGBoost exhibits sharper probability peaks indicating higher classification confidence consistently.

0.390) superior  probability  calibration,
particularly notable in Medium-risk (0.050 vs 0.176)
where XGBoost achieves

This

demonstrates XGBoost's effective handling of class

The box plot visualization confirms these observations, reflect
showing markedly narrower interquartile ranges and
fewer outliers across all classes. The higher X2 value of
1707.56  (p=0.000)
classification capability. MCC scores show balanced

excellence (High: 0.950, Medium: 0.925, Low: 0.900),

addressing Random Forest's class imbalance issues. The

near-perfect probabilistic

indicates  stronger  overall forecasting. comprehensive  performance

interactions and feature relationships that challenged
the Random Forest model.

dramatically lower Logloss values (average: 0.121 wvs

High
High |
Low Me
.|
Medium
Aedium [ ]
0 10 20 30 40 50 60 70 80 90 100

¥ 1707.56 (p=0.000, dof=4)

Figure 4: XGBoost shows tighter probability distributions and reduced outliers across all risk classes.
Neural Network Results
The Neural the

inconsistent performance profile among all models,

Medium-risk classification with an Fl-score of merely
0.316 and recall of 0.231 - indicating that over 75% of

medium-risk projects are misclassified. This severe

Network  demonstrates most

revealing fundamental architectural limitations for this performance imbalance is visually evident in the
classification task. While achieving excellent High-risk
detection (AUC: 0.986, Recall: 0.962) comparable to

distribution graphs, where Medium-risk probabilities

show no clear peak and substantial overlap across all

tree-based methods, the model catastrophically fails in categories.
Table 4: Neural Network shows strong High-risk detection but severe Medium-class performance collapse.
Train Test AUC CA F1 Precison Recall MCC Spec LogLoss
Average  Neural 2.705 0.104 0.900655 0.752 0.7308 0.7283 0.752  0.58037 0.84751 0.59941
Network
high Neural 2,705 0.104 0.986359 0.908 0.9130 0.86870  0.9621 0.82072 0.85341 0.29519
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Network

medium  Neural 2.705 0.104 0.923944 0.844 0.3157 0.5 0.2307 0.26406 0.95734 0.30642
Network

low Neural 2.705 0.104 0.791727 0.752 0.6526 0.62634 0.6812 0.46132 0.78875 0.50600
Network

MCC scores highlight the discrimination problems,
with Medium-risk at 0.264 and Low-risk at 0.461,
representing 65-70% reductions compared to XGBoost.

The Neural Network's failure to balance performance

across classes, despite adequate High-risk detection,
renders it unsuitable for practical risk assessment where
comprehensive multi-class understanding is essential

rather than selective category expertise.
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Figure 5 Probability distributions reveal inconsistent confidence levels with Medium-risk identification failures.

The box plot reveals the model's instability, displaying
the widest interquartile ranges and numerous outliers,
particularly for Medium and Low-risk classes. The
significantly lower X2 wvalue of 708.66 (p=0.000)
classification  capability

The

confirms weaker overall

compared to tree-based models. Low-risk

distribution shows concerning bimodal characteristics
with peaks at both low and high probabilities,
explaining the mediocre Fl-score of 0.653. The
substantial train-test Logloss gap (2.705 vs 0.599)
indicates clear overfitting, further exacerbated by the

model's inability to generalize Medium-risk patterns.
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Figure 6 Neural Network displays widest probability distributions indicating classification uncertainty across

categories.

ROC Analysis

The ROC curve analysis reveals distinct performance
patterns across risk categories. High-risk classification
demonstrates near-perfect curves across all models, with

XGBoost

indicating superior true positive rates with minimal false

achieving optimal top-left positioning,
positives. Medium-risk curves show significant model
stratification, where XGBoost maintains strong diagonal

dominance while Neural Network curves approach

1.0

08

06

TP Rate (Sensitivity)

| Low

s !

TP Rate (Sensitivity)

random guessing levels, explaining its poor Medium-risk
recall. Lowrisk classification displays intermediate
performance, with Random Forest and XGBoost
showing comparable curves while Neural Network again
trails. The consistent area under these curves directly
correlates with each model's categorical AUC metrics,

visually + validating XGBoost's balanced multi-class

superiority.

=3
S

Medium

04 06

FP Rate (1-Specificity)
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Figure 7 ROC curves demonstrate XGBoost consistent superiority across all risk categories versus competitors.

Ranks
# Gainratio Gini
1 Safety Risk_Score 0453 0363
2 @ Anomaly_Detected 20 0084 0014
3 Actual_Cost 0.005 0.005
4 Image_Analysis_Score 0.005 0.003
5 Planned_Cost 0.004 0.004
6 Planned_Duration 0004 0004
7 Air_Quality_Index 0.004 0.004
8 [@ Location 5.0 0.003 0.003
9 Schedule_Deviation 0003 0002
10 Cost_Overrun 0.003 0.002
11 [@ Weather_Condition 50 0.003 0002
12 Material_Usage 0.003 0.002
13 Actual_Duration 0.002 0.002
14 Labor_Hours 0.002 0.002
15 Load Bearing Capacity 0002 0002
16 Crack_Width 0.002 0.002
17 Humidity 0.002 0.002
18 Temperature 0001 0001
19 Equipment_Utilization 0001 0001
20 Accident_Count 0.001 0001
21 Vibration_Level 0.001 0.001
22 Energy_Consumption 0.001 0.001
23 Completion_Percentage 0.001 0.001
24 [@ Project_Type 50 0.001 0.001

Figure 8: Feature Importance Ranking for Construction Project Risk Prediction

Statistical Significance Analysis

The feature ranking analysis reveals Safety_Risk_Score
as the dominant predictor with a substantial gain ratio
of 0.453, indicating its critical role in risk level
determination. Anomaly_Detected ranks second,
though with significantly lower importance (0.084),
highlighting its supplementary value. Financial metrics
including Actual_Cost and Planned_Cost demonstrate
moderate predictive power, while Image_Analysis_Score
emerges as a key visual indicator. Notably, categorical
variables like Location and Weather Condition show
limited discrimination capability. The analysis confirms

that safety-related parameters and cost metrics form the

core feature set, while environmental and structural
variables contribute minimally to risk classification,
providing crucial insights for feature selection
optimization in construction risk prediction models.
Best Model Selection

Model selection employed a multi-criteria framework
all  risk
categories. Key metrics included weighted Fl-score,
AUC-ROC,
High-risk

misclassification carries greatest consequences. XGBoost

prioritizing balanced performance across

multi-class and  class-specific  recall,

particularly  for detection  where

demonstrated superior performance with the highest

overall AUC (0.995), classification accuracy (95.5%),
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across all risk levels. Its
recall (94.9%) addressed

critical limitations observed in alternative models, while

and balanced Fl-scores

exceptional Medium-risk

maintaining strong calibration (LogLoss: 0.121). These
results, combined with robust feature handling and

establish

XGBoost as the optimal model for construction project

consistent  crossvalidation performance,
risk prediction.

Discussion

Comparison With Existing Literature

The comparative analysis highlights that while Random
Forest models are robust and interpretable, they are
prone to class imbalance issues, particularly in Medium-
risk categories, which can undermine proactive risk
management. XGBoost consistently delivers superior,
balanced performance across all risk classes, making it
the preferred choice for multi-class risk classification in
construction. Neural Networks, despite their theoretical
potential, often underperform in practical, imbalanced

datasets typical of construction projects, especially for
Table 5:

Medium-risk identification. The choice of model has

direct  implications for  realworld  outcomes:
misclassification of Medium-risk projects can lead to
missed opportunities for intervention, resulting in
budget overruns, accidents, and project failures (Yaseen
et al, 2020; Zhong, Li and Chen, 2021;
Khodabakhshian, Cecconi and Droguett, 2025;
Chattapadhyay, Putta and P, 2021; Gondia et al., 2023;
Alhamami, 2025; Ashtari et al., 2022; Choi et al., 2020;
Alsulamy, 2024; Gondia et al., 2020; Khodabakhshian,
Puolitaival and Kestle, 2023; Pham and Han, 2023;
Fitzsimmons et al., 2022; Nyqvist, Peltokorpi and
Seppinen, 2024; Gao et al., 2023; Erkal et al., 2024;
Tserng et al., 2011; Seni€ et al., 2025; Wu et al., 2024;
Salarian et al., 2023; George, Nalluri and Anand, 2022;
Jeon and Cai, 2022; Abuassi et al., 2025; Moussa,
Ezzeldin and El-Dakhakhni, 2024; Akinosho et al., 2020;
Manu, 2024; Arabiat, Al-Bdour and Bisharah, 2023;

Afzal et al., 2021).

Key Claims And Support Evidence Identified In These Papers

Claim Evidence Reasoning Papers

Strength
XGBoost Evidence Multiple studies  (Zhong, Li and Chen, 2021; Alsulamy, 2024;
outperforms strength: show XGBoost Khodabakhshian, Puolitaival and Kestle, 2023; Pham and
Random  Forest Strong achieves higher Han, 2023; Fitzsimmons et al., 2022; Nyqvist, Peltokorpi
and Neural (9/10) AUC, F1, and and Seppinen, 2024; Gao et al.,, 2023; Erkal et al., 2024;
Networks for recall across all Tserng et al,, 2011; SeniC et al., 2025; Wu et al., 2024;
balanced,  multi- risk categories, Salarian et al., 2023; George, Nalluri and Anand, 2022; Jeon
class risk especially and Cai, 2022; Abuassi et al., 2025; Moussa, Ezzeldin and El-
classification  in medium risk Dakhakhni, 2024; Akinosho et al., 2020; Manu, 2024; Afzal
construction etal., 2021)
projects
Random  Forest Evidence High overall (Yaseen et al., 2020; Choi et al., 2020; Gondia et al., 2020;
models are robust strength: accuracy  but Khodabakhshian, Puolitaival and Kestle, 2023; Wu et al,,
but suffer from Strong significant drop 2024; Salarian et al., 2023; George, Nalluri and Anand,
class  imbalance, (8/10) in Medium-risk 2022; Abuassi et al, 2025; Moussa, Ezzeldin and EL
especially in recall and F1- Dakhakhni, 2024; Akinosho et al., 2020; Arabiat, Al-Bdour
Medium-risk score, leading to  and Bisharah, 2023)
classification misclassification
Neural Networks Evidence Neural (Zhong, Li and Chen, 2021; Khodabakhshian, Cecconi and
are  inconsistent strength: Networks show Droguett, 2025; Chattapadhyay, Putta and P, 2021; Gondia
and unreliable for Moderate strong High-risk et al., 2023; Alhamami, 2025; Ashtari et al., 2022; Choi et
Medium-risk (7/10) detection  but al., 2020; Gondia et al., 2020; Khodabakhshian, Puolitaival
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classification  in

construction risk

prediction

Feature selection
and data
augmentation
improve  model
performance,
especially for
imbalanced
datasets
Misclassification

of  Medium-risk
projects leads to
missed

interventions and
increased project

failures

Neural Networks

may overfit and
lack
generalizability in
small or
imbalanced
construction

datasets

Evidence
strength:
Moderate

(7/10)

Evidence
strength:

Moderate
(6/10)

Evidence
strength:
Moderate

(5/10)

fail in Medium-
risk, with high
misclassification

rates

Techniques like

SMOTE,
GANE, and
hybrid models
enhance

accuracy  and
stability in risk

prediction

Medium-

risk  detection

Poor

results in
unaddressed
risks,  causing

overruns  and

accidents

Overfitting and
instability
observed in
practical
applications
with limited
data

and Kestle, 2023; Pham and Han, 2023; Fitzsimmons et al.,
2022; Nyqvist, Peltokorpi and Seppinen, 2024; Gao et al,,
2023; Erkal et al., 2024; Tserng et al.,, 2011; SeniC et al.,
2025; Wu et al., 2024; Salarian et al., 2023; George, Nalluri
and Anand, 2022; Jeon and Cai, 2022; Abuassi et al., 2025;
Moussa, Ezzeldin and El-Dakhakhni, 2024; Akinosho et al.,
2020; Manu, 2024; Arabiat, Al-Bdour and Bisharah, 2023;
Afzal et al., 2021)

(Khodabakhshian, Cecconi and Droguett, 2025; Ashtari et
al.,, 2022; Choi et al, 2020; Zhan et al, 2024
Khodabakhshian, Puolitaival and Kestle, 2023; Pham and
Han, 2023; Fitzsimmons et al., 2022; Nyqvist, Peltokorpi
and Seppinen, 2024; Gao et al., 2023; Erkal et al., 2024;
Tserng et al., 2011; SeniC et al., 2025; Wu et al., 2024;
Salarian et al., 2023; George, Nalluri and Anand, 2022; Jeon
and Cai, 2022; Abuassi et al., 2025; Moussa, Ezzeldin and El-
Dakhakhni, 2024; Akinosho et al., 2020; Manu, 2024;
Arabiat, Al-Bdour and Bisharah, 2023; Afzal et al., 2021)
(Yaseen et al, 2020; Zhong, Li and Chen, 2021;
Chattapadhyay, Putta and P, 2021; Gondia et al., 2023;
Alhamami, 2025; Ashtari et al.,, 2022; Choi et al., 2020;
Gondia et al., 2020; Khodabakhshian, Puolitaival and Kestle,
2023; Pham and Han, 2023; Nyqvist, Peltokorpi and
Seppinen, 2024; Gao et al., 2023; Tserng et al., 2011; Wu et
al., 2024; Salarian et al., 2023; George, Nalluri and Anand,
2022; Jeon and Cai, 2022; Abuassi et al., 2025; Moussa,
Ezzeldin and El-Dakhakhni, 2024; Akinosho et al., 2020;
Manu, 2024; Arabiat, Al-Bdour and Bisharah, 2023; Afzal et
al., 2021)

(Zhong, Li and Chen, 2021; Khodabakhshian, Cecconi and
Droguett, 2025; Chattapadhyay, Putta and P, 2021; Gondia
et al.,, 2023; Alhamami, 2025; Ashtari et al., 2022; Choi et
al., 2020; Gondia et al., 2020; Khodabakhshian, Puolitaival
and Kestle, 2023; Pham and Han, 2023; Fitzsimmons et al.,
2022; Nyqvist, Peltokorpi and Seppinen, 2024; Gao et al,,
2023; Erkal et al., 2024; Tserng et al., 2011; SeniC et al.,
2025; Wu et al., 2024; Salarian et al., 2023; George, Nalluri
and Anand, 2022; Jeon and Cai, 2022; Abuassi et al., 2025;
Moussa, Ezzeldin and El-Dakhakhni, 2024; Akinosho et al.,
2020; Manu, 2024; Arabiat, Al-Bdour and Bisharah, 2023;
Afzal et al., 2021)

Conclusion and Recommendations
This study successfully developed a comprehensive

machine learning framework for construction project

risk level prediction, demonstrating that XGBoost
achieves exceptional performance with 95.5% accuracy

and 0.995 AUC in classifying project risk categories.
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The feature importance analysis revealed that Safety
Risk Score, Anomaly_Detected, and financial metrics
serve as the most critical predictors, while
environmental factors contribute minimally to risk
assessment. The model's superior capability in
identifying Medium-risk projects (94.9%  recall)
addresses a crucial gap in construction risk management,
where intermediate risk levels often present the most
challenging classification scenarios.
For practical implementation, construction firms should
integrate the XGBoost model into their project
management systems for real-time risk monitoring. The
feature ranking suggests prioritizing safety metrics and
cost control measures as primary risk indicators. Future
research should focus on incorporating real-time sensor
data and expanding the model to include supply chain
disruptions and regulatory compliance factors.
Additionally, developing region-specific adaptations
could enhance model accuracy across diverse
geographical contexts.
The study's methodology provides a replicable
framework for risk prediction in construction, though
continuous model retraining with new project data
remains essential for maintaining predictive accuracy.
Organizations should establish dedicated data collection
protocols for the identified key features to ensure model
sustainability. This research establishes a robust
foundation for data-driven risk management in
construction, potentially reducing project failures and
improving overall industry safety standards through
proactive risk identification and mitigation strategies.
Data Availability
The dataset utilized in this study is publicly accessible
via the Kaggle data science platform. All data supporting
the findings of this research were sourced from the
"Construction Project Risk Analysis Dataset" available
on Kaggle (2024).
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