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Abstract

Purpose: The aim of the study was to assess
sustainable  development depends on the
infrastructure projects that affect the long-term
economic, social, and environmental impacts. Cost
overruns, however, tend to occur in construction
projects.

Methodology: This research study uses the Build
Bridges, Not Walls dataset available in the U.S.
National Bridge Inventory, which contains over
600,000 bridge records, and builds a predictive
model to estimate the number of infrastructure cost
overruns. To begin with, it involved extensive
preprocessing, including imputing missing values,
scaling the features, and analyzing their
correlations. The model was assessed using R2,
RMSE, MAE, MAPE, and SHAP interpretability
indicators.

Findings: The XGBoost model performed very
well on the prediction accuracy metric, achieving
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an R2 of 95.67%, exceeding the ANN benchmark
(R2 = 77.3%). The analysis of the Shapley values
showed that landform and location were the most
influential features, with construction type being a
minor factor. Additionally, the strength of
XGBoost was further confirmed through
evaluations of RMSE, loss curves, and feature-
wise performance plots.

Implications to Theory, Practice and Policy: The
overall conclusion from the study is that applying
ensemble learning methods especially XGBoost
was the right approach for plausible costing of
large-scale infrastructure projects, leading to better
planning and decision-making.

Keywords: Cost Overruns, Infrastructure
Projects, Construction Estimation,
Hyperparameter Optimization, SHAP Analysis,
Predictive Modeling, Sustainable Development
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INTRODUCTION

The phrases "budget increase," "cost increase," and "cost growth" are sometimes used interchangeably with
"cost overrun."[1]. Cost overruns in construction projects are common, can occur under a variety of market
and legal circumstances, and, regrettably, can have a detrimental impact on achieving project objectives.
The results of many investigations show the extent of this problem. Different construction investment types
can be defined and described at different phases of the project's implementation [2]. Different
organizational, economic, and technical specificities define these investments. However, one should take
into account factors like the proportion of a particular element in the facility's overall cost, the risk of
variations in the quantity of work and the vulnerability of a certain kind of work to variations in unit prices,
such as the cost of building materials, to evaluate the risk of cost overruns of that specific component.

The unpredictability of building materials is a problem for the construction industry. Key building
materials, including steel, cement, asphalt, gravel, sand, and concrete, are subject to daily price fluctuations
influenced by a variety of factors, including market conditions, raw material costs, and energy prices. These
discrepancies create challenges for bidders and project managers alike, making material cost estimation
more complex and prone to error. Data-driven approaches have been developed as a crucial tool for
forecasting building material costs to address these issues. These techniques leverage historical data to
model and predict future material costs and provide insight into potential price fluctuations [3]. They have
been extensively used in pertinent research for the past 20 years and are frequently categorized under
"machine learning” and "deep learning.” The data-driven forecasting methods used in construction
economics nowadays may be roughly divided into two groups: time-series analysis and causal modeling.

The sustainability perspective needs to be carefully considered when developing infrastructure, as it has a
significant impact on the economy, society, and the environment. Specifically, intercity transportation
facilities promote urban sprawl and aggregation, thereby significantly accelerating regional economic
growth [4]. Furthermore, the largest linear infrastructure projects affect biodiversity and natural habitats in
several ways and contribute to landscape fragmentation [5]. However, the project's activities also
significantly impact the ecosystem, including through infrastructure development.

The behavior of steel rebar-concrete systems can be predicted using machine learning (ML) techniques.
Still, several obstacles remain, such as the scarcity of reliable beam test data, which makes it challenging
to develop a trustworthy bond-strength model using hyperparameter-optimized ML algorithms [6]. It has
always been challenging to integrate theoretical understanding with machine learning techniques for
nonlinear material characteristics in structural mechanics. This paper proposes a method for determining
bond strength between steel rebars and the surrounding concrete using machine learning techniques to
overcome the drawbacks of traditional empirical formulae and data-driven models. By combining Bayesian
optimization with machine learning, the model's accuracy can be improved. It has not been common
practice to forecast bond strength using ML-based models in conjunction with the SHAP technique. This
work provides crucial insights into the complex nonlinear behavior of bond strength by integrating SHAP
with ML algorithms. It also shows how different aspects contribute to bond strength.

Motivation and Contribution of Paper

In building projects, cost overruns are inevitable and result from unpredictable material quantities,
fluctuating material prices, and the difficult nature of construction work. Infrastructure development has its
pros and cons: it not only brings economic benefits but also harms the environment. Therefore, valid
prediction devices are increasingly becoming necessary. Machine learning has also introduced tremendous
opportunities for predicting the prices and behaviors of materials. Still, issues such as the lack of high-
quality data and the need to incorporate nonlinear modeling remain. The development of machine learning
tools, such as Bayesian optimization and SHAP-based interpretability, can lead to models that are not only
more accurate and transparent but also enable cost prediction and support environmentally aware,
intelligent decisions in construction operations. The important contributions of the study are as follows:
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e The work used was based on the effective collection of a build bridges, not walls database that Kaggle
provided.

e The study put in place a solid data pre-processing pipeline involving the imputation of missing values,
and scaling of data through a Standard Scaler to make features standardized so that the models
contribute fairly.

It provided input in the form of applying and describing the use of the XGBoost algorithm.

It provided a thorough analysis of how the model performs in terms of significant metrics: R2, RMSE,
MAE, and SHAP highlighting that lower values of errors and high values of R2 are necessary to
successfully predict data.

Significance of the Study

The significance of this research is that it demonstrates the capacity to forecast cost overruns in mega
infrastructure projects with high accuracy using a vast dataset of actual bridge statistics. The work provides
a credible framework for identifying the very small and large variables that significantly impact project
costs, thereby making it easier to assess and support evidence-based decision-making. The outcomes shed
some light on the engineers, planners, and policymakers and give them the chance to better allocate
resources, schedule projects, and even accommodate the possibility of future cost increases in infrastructure
development, in a more optimistic way.

Structure of Paper

The structure of this paper is organized as follows: Section Il a literature review of the available literature
on predicting cost overruns in infrastructure projects. Section Ill presents the proposed methodology, data
description, and model implementation. Section IV presents the experimental results and key findings.
Finally, Section V concludes the study, discusses its limitations, and provides ideas for future research.

LITERATURE REVIEW

This study of the literature offers a thorough summary of previous research and conclusions on predicting
cost overruns in infrastructure projects.

Bataev (2019) concluded that additive technologies would be useful only in the mass building industry.
Additionally, depending on the methods employed, the cost of a single square meter of additive technology-
built dwelling in the Russian market is 2.5 to 3.1 times lower than that of traditional building methods [7].

Bao et al. (2019) consider that estimating ego-motion and position change for robots using on-board
cameras and SLAM algorithms is not only less expensive but also more reliable and broadly applicable.
They conducted trials at construction sites and mounted many consumer cameras on construction
equipment to test the viability of the concept. Their studies yield encouraging results, with a localisation
accuracy of around 0.06 meters [8].

Bajjou and Chafi (2018) A total of 330 responses were examined using the Statistical Package for Social
Sciences (SPSS V20.0 for Windows). LC is a top priority for Moroccan construction projects, and more
than half of the respondents (172 professionals; 52.1%) believe the Lean Construction approach applies to
companies of any size. The respondents agreed that implementing Lean Construction would have positive
effects on Moroccan construction projects, with an overall mean value of 3.84 [9].

Arage and Dharwadkar (2017). The Ordinary Least Squares (OLS) approach, a type of simple linear
regression model, is recommended for forecasting future building project expenses. When the dataset is
small, the Ordinary Least Squares approach works well and can yield the optimal solution. To evaluate the
model's accuracy, experiments were conducted using the Pune region's District Schedule Rates over 12
years. The results show that the proposed model achieves 91% to 97% prediction accuracy [10].

Hemal, Waidyasekara and Ekanayake (2017) found that the two main stakeholders influencing design
modifications are the customer and the consultant. Choosing a skilled, knowledgeable design team,
allowing enough time for design development, and considering other important factors are key to putting a
DF into practice. Additionally, by proposing tactics to maximise the design percentage, the respondents
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approved the idea of a partial design freeze, following the study's finding that a 100% design freeze was
not feasible in large-scale construction projects [11].

Morad and El-Sayegh (2016) reported results based on 53 replies. According to the report, several
businesses are using EVM in their cost control systems. However, a large portion of the United Arab
Emirates' construction companies do not employ EVM. The study found that 87% of respondents felt that
EVM deployment is essential as a cost management tool, even though many businesses are not using it [12]

The Comparative Analysis Of Recent Studies Based On Findings, Challenges, Future Study Present

In Table |

Table 1: Summary of Recent Studies on Forecasting Cost Overruns in Infrastructure Projects

Author Methodology Dataset Key Findings Challenges Future Scope
Bataev (2019)  Simulation Cost comparison  Additive technologies Limited Expand evaluation
analysis of of additive vs effective mainly for effectiveness in across diverse
additive traditional mass construction; cost  small-scale construction types;
construction construction in per m?is 2.5-3.1times  construction; integrate economic
technologies Russian market  lower than traditional technology and lifecycle
methods adoption barriers assessments
Bao et al. SLAM-based Real Achieved 0.06 m Environmental Improve
(2019) localization construction localization accuracy; variability; camera  robustness in harsh
using on-board  machines low-cost and robust calibration and environments;
consumer equipped with alternative to stability issues integrate with
cameras multiple traditional sensors autonomous
cameras at machinery systems
active sites
Bajjou & Questionnaire- 330 responses Lean Construction Resistance to Develop Lean
Chafi (2018) based survey from Moroccan  perceived as highly cultural and training programs;
analyzed with construction beneficial; widely organizational assess long-term
SPSS (V20) professionals applicable across change; low impact of Lean
company sizes; mean maturity in Lean adoption
acceptance level 3.84 practices

Arage & Ordinary Least 12 years of OLS achieved 91-97%  Limited capability  Explore advanced
Dharwadkar Squares (OLS)  District accuracy in forecasting  for complex or ML/AI methods;
(2017) simple Schedule Rates  construction costs; nonlinear patterns  incorporate
regression (Pune, India) effective for small additional cost-
datasets influencing
variables
Hemal, Interviews and  Feedback from Clients and consultants  Difficulty Develop structured
Waidyasekara  qualitative stakeholders in major drivers of design  coordinating partial design-
& Ekanayake  analysis on large-scale changes; full design design teams; freeze guidelines;
(2017) design freeze construction freeze impractical; evolving client evaluate impacts
practices projects partial design freeze requirements on project
strategies performance
recommended
Morad & El- Survey-based 53 responses Some use EVM, but Limited awareness Promote EVM
Sayegh (2016) assessment of  from UAE many do not; 87% and training; low training; integrate
Earned Value construction agree EVM is adoption rates digital cost-control
Management companies necessary for cost tools (BIM/EVM
(EVM) usage control systems)
METHODOLOGY

Forecasting Cost Overruns in Infrastructure projects is a critical aspect of project management, aiming to
predict and mitigate financial deviations from initial estimates. The process begins with collecting
construction estimation data from Kaggle, followed by a crucial data pre-processing phase that involves
data cleansing, imputation of missing values, and data scaling using a standard scaler. The data is
preprocessed and then split into training (80%) and test (20%) sets. The performance of an XGBoost model
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is then assessed using metrics like R2, RMSE, MAE, and SHAP Analysis after it has been used for
classification. Hyperparameter optimization is also integrated into the workflow to refine the XGBoost
model, ultimately leading to the final results. The provided flowchart in Figure. One outlines a machine
learning workflow for construction estimation using XGBoost.

Collected

Construction Data Preprocessing

Estimation Data
from Kaggle o Imputation of missing values

e Data scaling using standard
scaler

Data Splitting

Training:80%

\ 4

Testing:20%

Classification

XG Boost Model J

Evaluation

[ XG Boost Performance ] <

A
[

1
| R2 " RMSE ” MAE ” SHAP H RESULTS |

Figure 1: Flowchart Diagram of Forecasting Cost Overruns in Infrastructure

Each step and process of a flowchart is explained below:

Data Collection

The current research has used the “Build Bridges, Not Walls” dataset, which is from the U.S. National
Bridge Inventory and consists of long-term records for roughly 600,000 U.S. bridges. The database contains
607070 rows and 135 columns. The provided information about the structure, its condition, and the
inspections carried out makes the dataset significant for infrastructure assessment, risk analysis and
predictive modeling.
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Figure 2: Correlation Coefficients Among the Features

A correlation heat map of the dataset's numerical variables is shown in Figure 2, where warm colors indicate
strong positive correlations and cool colors indicate weaker or negative correlations. The plot emphasized
the strong relations among several structural-condition measures, whereas the geographic variables showed
weak or mixed associations.
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Data Preparation

Data preparation, which entails converting raw data into a clear, organised, and useable format, is an
essential stage in the data analysis and ML pipeline. The preprocessing pipeline involved in this study
includes imputing missing values and data scaling using standard scaler as defined below:

¢ Imputation of Missing Values: Missing values were deleted or replaced based on the training data.
Distribution of missing values per feature in the training data.

e Data Scaling using Standard Scaler: Scaling was performed to match the range of the data using
the Standard. To standardize attributes, this approach removes the mean and scales to unit variance.
This ensures that each feature contributes equally to the learning process of the model, which is
essential for algorithms that depend on the amount of the input data in Equation (1) describes it:

g =2F (1)

g

This transformation results in a distribution where each feature has a mean of 0 and a standard deviation of
1.

Data Splitting
The dataset was split randomly into training and test sets at 70:30.

Model classifcation of XGBoost Model

In supervised learning, XGBoost uses training data to predict target variables [13]. A decision tree serves
as the base learner for XGBoost. The difference between the objective and prediction values is lessened by
adding additional base learners. The final predictive values are equivalent when all base learners are
combined.

The XGBoost method may be thought of as an additive model made up of M DT [14], which are
determined by Equation (2):

Y, = Z%:l fm(xi): fm €F 2
where, f stands for a decision tree, and F'stands for each decision tree's function.

Model Performance Assessment

The correlation coefficient (R2), MAE, RMSE, MAPE, and SHAP analysis metrics are used to assess
the models' performance. A model should ideally have greater R2 scores and lower MAE and RMSE
values. Below is an outline of the statistical metrics.

Coefficient of Determination (R2)

The coefficient of determination, or R2, measures how closely a model's predictions match actual values.
An algorithm that explains a higher percentage of the variation in the target variable is said to have a higher
R2 score. Mathematically, it is represented by the equation. (3):

Z(Ytrue_y d)z
2 _ _ pre
RT=1 Y (Vtrue=Ymean)? (3)
Root Mean Square Error (RMSE)
RMSE highlights larger errors more than smaller ones and provides a sense of the error scale by showing
the average error between actual and anticipated values. Equation. (4) depicts the formula:

1
RMSE = \/%Z(ytrue — Ypred)® 4)

Mean Absolute Error (MAE)

A simple indicator of prediction accuracy, MAE computes the average absolute deviation between
anticipated and observed values. This information is useful for comparing error sizes to real values. The
Equation. (5) formulates it:
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1
MAE = ;Z(ytrue - ypred)z (5)

SHAP Analysis

The SHAP technique is a tool for reading ML models that allows one to examine and comprehend the
complex procedures involved in training black-box models. When used in conjunction with ML models,
SHAP weighs each feature for each training data sample, performs a weighted fit to determine each feature's
relevance, and assigns a value.

RESULTS ANALYSIS AND DISCUSSIONS

The local machine, which was an experimental setup, was equipped with an AMD Ryzen 5 3600 6-Core
Processor that operates at 3.60 GHz, 16.0 GB of RAM, and is capable of providing the computational power
required to run the processing tasks needed for the experiment. The proposed model, trained on an
established dataset, achieved a high coefficient of determination (R2) of 95.67 in predicting cost overruns
in infrastructure projects. In this benchmark data, the XGBoost model demonstrated strong predictive
performance. As shown in Table Il, the evaluation results demonstrate the model's strength across several
performance criteria, highlighting the significance of ML, particularly the application of ensemble methods
such as XGBoost, for accurately predicting the costs of outcomes in infrastructure design and execution.

Table 2: Results of XGBoost Forecasting Cost Overruns in Infrastructure

Models XGBoost
R2 95.67
RMSE 86.90
MAE 48.75
R? Values Across Different Features
=
0
dcﬁm & \ @,&’“& ¥ P f@”@ @ﬁ“ A
& . & & ;“"

Figure 3: R2 Plot of the XGBoost Model

Figure 3 indicates the R2 values of each feature in the XGBoost model. The highest values of 0.92 or higher
are observed for landform, location, and transformer capacity, indicating strong predictive value, whereas
construction type has the lowest value of 0.29. The trend toward higher feature counts indicates that adding
high-impact variables vastly enhances model accuracy, underscoring the importance of effective feature
selection for cost forecasting.
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Figure 4: RMSE Plot of XGBoost Model

The RMSE performances of individual features in Figure 4 show the XGBoost model. The type of
construction leads to the highest error, whereas the place and the landform together account for the least
error confirming their stronger predictive value. It is shown that adding more relevant inputs makes
predictions more accurate.

Loss Curve

Loss

Figure 5: Loss Curve XGBoost Model

The XGBoost loss curve over training iterations is shown in Figure 5. The loss decreases quickly during
the first phase and then slowly, finally reaching around 0.6, indicating the model has converged. This
gradual decline is a sign of learning and, at the same time, points to the effectiveness of Bayesian
Optimization in guiding the model to the best solution.

Construction type —ln ’ ‘ @ oo nine
Voltage level .{ oghas oo

Transformer capacity ’0 . e b e e
.

N of transformer -4-’- ‘.

Substation type "
Location -+ .
1
-2 0 2 6
SHAP value (impact on model output)

Figure 6: SHAP Explanation on the XGBoost Model

Feature value

Landform

|
12

The SHAP summary graphic in Figure 6 shows how each attribute contributes to the model's predictions.
The features act as rows, and the SHAP values indicate whether each feature had a positive or negative
effect on the predicted target value. The colors of the points indicate the feature values, with low values
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shown in blue and high values in red. The range of points demonstrates the influence of various feature
values on the output and, at the same time, highlights the features with the most significant overall effect
on the model.

Comparative Analysis

Table I11 shows the evaluation of the two models' predictive abilities—ANN and XGBoost—both of which
predict infrastructure cost overruns. The outcome indicates that XGBoost provides much better predictive
accuracy, achieving an R? of 95.67%, while the ANN model achieves an R? of 77.3%. It indicates that
XGBoost accounts for a much larger portion of the variance in cost overruns and is thus the more reliable
model for predicting them.

Table 3: Comparison for Forecasting Cost Overruns in Infrastructure

Models R2
ANN [15] 77.3
XGBoost 95.67

XGBoost is significantly advantageous for cost overrun prediction in infrastructure projects, as it can handle
diverse data types, design versatile models, and regularize them. In addition, the rapid training and scaling
of this approach correspond to its application in very large and complex datasets, thus producing high-
quality predictions that are effective and robust.

Conclusion

This is a paramount undertaking in forecasting Cost Overruns in Infrastructure projects to ensure financial
stability and deliver projects successfully. The paper has shown that XGBoost might be the most suitable
option to forecast cost overruns in infrastructure projects based on the massive Build Bridges, Not Walls
huge dataset. Following data preparation, feature grouping, and model trials, the XGBoost achieved
impressive predictive accuracy, exceeding the boundary of the ANNs. The model boasts an excellent R2
coefficient of 95.67, minimal error values, and a transparent SHAP justification, all of which appear to
support its strength and reliability in real-time decision-making. The terrain, location, and transformer
power were found to be the main factors that determine the accuracy of the prediction. Overall, the findings
not only recognize the contribution of machine-learning-based approaches in simplifying the cost
estimation process, making risk management smarter, and planning large-scale infrastructure more
efficiently, but also in cost management, risk assessment, and conventional project planning.

In the future, research could successfully integrate larger infrastructure datasets, test hybrid and deep
learning models, and introduce temporal patterns, among other things, to achieve higher forecasting
precision. Conversely, a further exploration of SHAP-based interpretability, where real-time prediction
systems and model validation across different project types are tested, will most certainly make it even
more powerful when used for large-scale infrastructure planning and cost management.
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