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Abstract

Addressing the persistent issue of cost overruns in construction projects, our study explores the potential of machine learning
algorithms for accurately predicting these overruns, utilizing an expansive set of project parameters. We draw a comparison
between these innovative techniques and traditional cost estimation methods, unveiling the superior predictive accuracy of
machine learning approaches. This research contributes to existing literature by presenting a data-driven, reliable strategy for

anticipating and managing construction costs. Our findings have significant implications for project management, offering a
path towards more efficient and financially sound practices in the construction industry. The improved prediction capabilities
could revolutionize cost management, facilitating better planning, risk mitigation, and stakeholder satisfaction.
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Introduction

Complex projects, tight schedules, and budget limits
characterize the construction business, resulting in cost
overruns that can significantly impair project success,
leading to delays, disagreements, and financial losses
(Samiullah S., Abd, H. A., Sasitharan, N., Abdul, F.,
Kaleem, U., & Kanes,K., 2017). Accurate prediction of
cost overruns is essential for effective project management
and risk mitigation, as it enables stakeholders to make
informed decisions and allocate resources efficiently
(Odeh, A. M., & Battaineh, H. T., 2002). Traditional cost
estimation methods, such as expert judgment and
parametric estimation, have been used for decades but
often yield inaccurate results due to their reliance on
human expertise and historical data (Flyvbjerg, B., Holm,
M. S., & Buhl, S., 2003).

In recent years, advances in machine learning and data
analytics have provided new opportunities for improving
cost estimation in construction projects (Yang, C., Baabak,
A., & Minsoo, B., 2018). Machine learning methods, such
as linear regression, support vector machines, and artificial
neural networks, have demonstrated potential in a variety
of disciplines due to their capacity to learn from data and
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accurately anticipate outcomes (Li, Chengxi, Cheng, Peng,
and Chris Cheng., 2023). As a result, there has been
growing interest in applying machine learning techniques
to construction cost estimation, with several studies
reporting promising results (Abolfazl J., Iman, P., & Pete,
B., 2021).

This study aims to investigate the potential of machine
learning algorithms in predicting cost overruns in
construction projects, based on a comprehensive set of
project parameters. We compare the performance of these
algorithms with traditional cost estimation methods to
determine their relative accuracy and effectiveness. By
providing a more accurate prediction of cost overruns, this
research has the potential to significantly impact project
management practices, helping stakeholders better
anticipate and manage construction project costs.

Literature Review
Challenges in construction cost estimation
Construction cost estimation is a critical component of

project management, as it influences decision-making,
budget allocation, and project success (Zainab, H. A.,
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Abbas, M. B., Murizah, K., & Zainab, A K., 2022). Several
challenges commonly impact the accuracy of cost
estimation, including incomplete information,
uncertainties, and changing requirements (Aftab, H. M.,
Ismail, A. R.,Mohd, R. A., Asmi, A. A.,, 2014). Incomplete
information arises from a lack of detailed project data,
particularly during the early stages of a project (Douglas,
A., Clintion, A., Ayodeji, O. & Matleko, S., 2018).
Uncertainties stem from various factors, such as fluctuating
material prices, labor costs, and unforeseen site conditions,
which complicate the estimation process. Changing
requirements, including design modifications, scope
changes, and regulatory updates, can also significantly
affect cost estimation accuracy (Michal, J.,Agnieszka, L.,
& Krzysztof, Z., 2018). Addressing the widespread cost
estimating difficulties is critical in reducing the risk of cost
overruns in building projects. The use of developing
technologies such as artificial intelligence, machine
learning, and big data analytics provides interesting
avenues for fine-tuning cost prediction models (Theingi,
A.,Sui Reng L., Arkar, H., Amiya, B., 2023). These
advanced techniques can potentially enhance the accuracy
of cost overrun predictions, thereby reducing the associated
financial risks in the construction industry.

Traditional cost estimation methods

Traditional cost estimation methods, such as expert
judgment and parametric estimation, have been widely
used in the construction industry. Expert judgment relies on
the knowledge and experience of industry professionals,
who use qualitative and quantitative information to
estimate project costs (Creedy, G. D., Skitmore, M., &
Wong, J. K., 2010). While expert judgment can provide
valuable insights, it is inherently subjective and prone to
human biases, leading to potentially inaccurate estimates
(Thomas, 2021). Parametric estimation involves using
historical data and mathematical models to predict project
costs based on a set of input parameters (Creedy et al.,
2010). However, this approach assumes that past
performance is indicative of future outcomes, which may
not hold true for complex and unique construction projects
(Flyvbjerg, B., Holm, M. S., & Buhl, S., 2003).
Consequently, traditional cost estimation methods often
struggle to account for the diverse challenges and
uncertainties associated with construction projects,
resulting in inaccurate cost predictions and increased risk
of overruns.
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Machine learning in construction cost estimation

Machine learning has emerged as a promising approach to
construction cost estimation due to its ability to learn from
data and make predictions with high accuracy (Meseret, G.
M., Wubshet, J. M., Zachary, A. G., & Raphael, N.N. M,
2021). Several studies have explored the application of
machine learning techniques in construction cost
estimation, demonstrating their potential to outperform
traditional methods (Alireza, M., & Abimbola, W., 2022).
For example, Sonmez (2018) wused support vector
regression to estimate the costs of residential building
projects and reported better prediction accuracy compared
to traditional methods. Similarly, Elbarkouky (2020)
employed artificial neural networks and random forests to
predict the cost of highway construction projects, with
results indicating improved performance over conventional
techniques.

Machine learning methods including linear regression,
support vector machines, and artificial neural networks
have been used to estimate building costs in a variety of
ways, including preliminary cost assessment (Jaafari, A.,
Pazhouhan, 1., & Bettinger, P, 2021), cost contingency
analysis, and risk assessment (Zhang, H., Li, H., Zhu, Y.,
& Fang, Y., 2019). These studies have shown that machine
learning techniques can effectively capture the complex
relationships between project parameters and costs,
providing more accurate and reliable estimates (Alireza,
M., & Abimbola, W., 2019).

Despite these promising findings, the application of
machine learning in construction cost estimation is still a
relatively new area of research, with many studies limited
by small sample sizes or narrow scopes (Nguyen Van, T.,
& Nguyen Quoc, T. , 2021). Additionally, the choice of
machine learning algorithms, feature selection methods,
and model evaluation metrics can significantly influence
the performance of cost estimation models, necessitating
further investigation and comparison of different
approaches (Liang, W., & Shuohua, W., 2023).

In summary, machine learning has shown potential to
address the limitations of traditional cost estimation
methods by providing more accurate and reliable
predictions in construction projects. However, more study
is required to examine the efficacy of various machine
learning algorithms, identify best practices for feature
selection, and test the generalizability of these methods
across various types of building projects.

Given these research gaps, the current study seeks to
evaluate the potential of machine learning algorithms in
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predicting cost overruns in building projects by employing
a comprehensive collection of project metrics. We compare
the performance of these algorithms with traditional cost
estimation methods to determine their relative accuracy
and effectiveness, with the goal of providing insights for
improving cost estimation practices and mitigating the risk
of cost overruns in the construction industry.

Methodology
Data collection

The dataset used in this study comprises data from 250
construction projects, collected from various sources,
including industry reports, academic publications, and
government databases.The dataset covers a diverse range
of project types, such as residential, commercial,
infrastructure, and industrial construction projects. Each
project record includes information on project parameters,
including project size, location, type, duration, contract
type, labor costs, material costs, and initial estimated costs.
Additionally, the dataset includes the actual costs incurred
and the resulting cost overruns for each project.

Feature selection

To identify the most relevant project parameters for
predicting cost overruns, we employed a two-step feature
selection process. First, we conducted a univariate analysis
to examine the correlation between each project parameter
and cost overruns. Parameters with a correlation coefficient
above a predetermined threshold were retained for further
analysis. Next, we applied a recursive feature elimination
algorithm, which iteratively removes the least important
features and evaluates the performance of the remaining
features using cross-validation. The final set of features,
consisting of the most relevant project parameters, was
used as input for the machine learning algorithms.

Machine learning algorithms

For this study, three machine learning techniques were
chosen: linear regression, support vector machines (SVM),
and artificial neural networks (ANN). Linear regression is
a popular technique for analyzing the connection between
a dependent variable (cost overruns) and one or more
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independent variables (project parameters). SVM is a
powerful algorithm for regression and classification tasks,
which aims to find the best hyperplane that separates data
points while maximizing the margin between them (Cortes,
C., & Vapnik, V., 1995). The artificial neural network
(ANN) is a computational model inspired by the form and
function of biological neural networks that may mimic
complicated, non-linear interactions between input and
output variables (Haykin, 1999). Each algorithm was
implemented using Python's scikit-learn library, and their
hyperparameters were tuned using grid search cross-
validation to optimize their performance. The models were
trained on 80% of the dataset (200 projects) and tested on
the remaining 20% (50 projects).

Model evaluation

We employed two metrics to evaluate the performance of
the machine learning algorithms: mean absolute error
(MAE) and root mean square error (RMSE) (Willmott, C.
J., & Matsuura, K., 2005). MAE calculates the average
absolute difference between expected and actual cost
overruns, giving an indicator of the degree of prediction
mistakes. The square root of the average squared disparities
between expected and actual cost overruns, on the other
hand, accentuates greater errors and is more susceptible to
outliers.

In addition to these quantitative metrics, we also visually
inspected the predicted cost overruns against the actual cost
overruns using scatter plots and assessed the degree of
correlation between them. This qualitative research
enabled us to further examine the machine learning
algorithms' performance and discover any potential
patterns or anomalies in their predictions.

Results
Model performance comparison

In terms of MAE and RMSE, the performance of machine
learning algorithms (linear regression, support vector
machines, and artificial neural networks) was compared
against traditional cost estimation approaches (expert
judgment and parametric estimate). Table 1 summarizes
the findings.
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Table 1: Model performance comparison

Method MAE RMSE
Expert Judgment 12.34% 15.80%
Parametric Estimation 9.67% 12.45%
Linear Regression 7.25% 9.38%
Support Vector Machines (SVM) 5.89% 7.62%
Artificial Neural Networks (ANN) 5.21% 6.79%

The results indicate that all three machine learning
algorithms outperformed traditional cost estimation
methods in terms of both MAE and RMSE. Linear
regression demonstrated a significant improvement over
expert judgment and parametric estimation, with a 41.24%
reduction in MAE and a 40.63% reduction in RMSE. SVM
further improved upon the performance of linear
regression, with a 18.70% reduction in MAE and an
18.76% reduction in RMSE. The best-performing model,
ANN, achieved the lowest MAE and RMSE, with a 11.55%
reduction in MAE and a 10.92% reduction in RMSE
compared to SVM.

Feature importance analysis

To gain insights into the importance of different project
parameters in predicting cost overruns, we analyzed the
feature importances derived from the machine learning
models (Breiman, 2001). Figure 1 presents the relative
importance of each project parameter, averaged across the
three machine learning algorithms.

The analysis revealed that the most important project
parameters for predicting cost overruns were initial
estimated costs, project type, and project duration, with
relative importance scores of 0.25, 0.20, and 0.18,
respectively. These results suggest that projects with higher
initial estimated costs, complex project types, and longer
durations are more likely to experience cost overruns.
Other important factors included contract type, labor costs,
and material costs, with relative importance scores of 0.14,
0.12, and 0.11, respectively. Project size and location were
found to be the least important parameters, with relative
importance scores of 0.05 and 0.03, respectively.

These findings can assist construction project managers
and stakeholders better understand the elements that have
contributed to cost overruns, allowing them to prioritize
risk mitigation activities and allocate resources more
effectively. By incorporating the insights from the machine
learning models into cost estimation and project
management processes, construction professionals can
improve the accuracy of cost predictions and reduce the
likelihood of cost overruns.

Important Parameter

Project Location | 0.03
Project Size I 0.05

Material Cost N 0.11

Labour Cost NN 0.12
Contract Type N 0.14
Project Duration I 0.18
Project Type I 0.2
Initial Estimated Costs | N 0.25

0 0.05 0.1

Figure 1: Feature importance analysis
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Discussion
Implications for project management

The results of this study demonstrate the potential benefits
of using machine learning algorithms for cost overrun
prediction in construction projects. By providing more
accurate predictions compared to traditional methods,
machine learning can help project managers and
stakeholders make more informed decisions, ultimately
leading to better project outcomes (Zhang, H., Li, H., Zhu,
Y., & Fang, Y., 2019). Improved accuracy in cost overrun
predictions can lead to more effective risk mitigation
strategies, as project managers can better identify the
factors that contribute to cost overruns and take appropriate
preventive measures. For instance, they may choose to
allocate additional resources to projects with a high risk of
cost overruns or modify project plans to reduce potential
impacts. Additionally, the insights gained from feature
importance analysis can guide project managers in
focusing on the most critical aspects of their projects, such
as project type, duration, and initial estimated costs.
Moreover, the use of machine learning in cost estimation
can enhance resource allocation efficiency by enabling
project managers to allocate resources more accurately
based on predicted costs. This can result in less waste and
better project performance, which can contribute to cost
savings and more successful building projects.

Limitations and future research

Although the study's optimistic findings, some limitations
should be acknowledged. First, the dataset employed in this
study was small, consisting of only 250 construction
projects. To strengthen the generalizability of the findings,
future study could benefit from broader and more
diversified datasets, including projects from different areas
and industries.

Second, the performance of the machine learning
algorithms may be influenced by the choice of features,
hyperparameters, and model evaluation metrics. Future
studies could explore alternative feature selection methods,
machine learning algorithms, and evaluation metrics to
identify the most effective approaches for predicting cost
overruns in construction projects.

Additionally, this study focused on predicting cost
overruns based on project parameters, but other factors,
such as project management practices, stakeholder
involvement, and external events, may also play a
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significant role in determining project outcomes. Future
research could investigate the impact of these factors on
cost overruns and incorporate them into machine learning
models to enhance prediction accuracy further.

Finally, while this study proved the use of machine learning
promise for predicting cost overruns, practical
implementation of these algorithms in real-world building
projects may confront problems relating to data
availability, data quality, and model interpretability. Future
research could explore methods to address these challenges
and develop user-friendly tools to facilitate the adoption of
machine learning in construction project management.

Conclusion

Finally, our research adds to the expanding body of work
on the use of machine learning in construction cost
estimate and underlines the potential benefits of these
algorithms for enhancing project management methods. By
overcoming constraints and building upon the conclusions
of this study, future research will improve our knowledge
of cost overrun prediction and assist lessen the risks
associated with construction projects.

When compared to traditional cost estimation methods, the
use of machine learning algorithms such as linear
regression, support vector machines, and artificial neural
networks has demonstrated improved accuracy in
predicting cost overruns. These algorithms can help project
managers make more informed decisions, leading to better
risk mitigation strategies and more efficient resource
allocation.

However, this study also acknowledges its limitations,
including the scope of the dataset and the generalizability
of the findings. Future research should explore larger and
more diverse datasets, alternative feature selection
methods, machine learning algorithms, evaluation metrics,
and the impact of other factors, such as project
management practices and stakeholder involvement, on
cost overruns.

By addressing these challenges and developing user-
friendly tools for the practical implementation of machine
learning in construction project management, the industry
can benefit from more accurate cost overrun predictions,
leading to improved project performance, reduced
financial risks, and wultimately, more successful
construction projects.
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