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Abstract- Cost estimation is a fundamental aspect of the construction industry, serving as the basis for project planning, decision-
making, and financial management. As building construction projects have become increasingly complex, selecting the right
method for cost estimation is critical to ensuring that projects are completed within the allocated budget and timeframe. Various
methods, ranging from traditional approaches to modern, technology-driven techniques, have been developed to address the
unique challenges posed by construction projects. This abstract provides a comparative analysis of the most commonly used cost
estimation methods in building construction, focusing on their advantages, limitations, accuracy, and adaptability to different

project types.
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1. INTRODUCTION

The construction industry plays a pivotal role in economic development, contributing significantly to employment,
infrastructure development, and national productivity. However, construction projects are complex and multifaceted, often
involving various stakeholders such as architects, engineers, contractors, project managers, and investors. One of the most
critical elements influencing the success of these projects is cost estimation, which serves as the financial backbone for
decision-making, budgeting, and project execution. Cost estimation is the process of forecasting the financial resources
required to complete a project within a specified scope. It provides a financial snapshot at different stages of the project,
including initial budgeting, tendering, and ongoing management.

In recent years, construction cost estimation has seen significant advancements with the development of digital tools and
software. Technologies such as Building Information Modeling (BIM), artificial intelligence (Al), and machine learning have
made it easier to track costs, predict changes, and adjust estimates in real-time. These technologies have drastically improved
the accuracy and reliability of cost estimates, leading to better financial planning and project execution. Despite these
technological advancements, many projects still struggle with accurate cost estimation due to various factors, including market
fluctuations, labor shortages, material cost volatility, and unforeseen delays. Therefore, exploring effective methods of cost
estimation and the challenges that accompany it is a topic of growing importance in construction project management.
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2. PROBLEM STATEMENT

The problem of inaccurate cost estimation is multifaceted. Traditional methods of cost estimation, such as unit cost estimation
and quantity take-off (QTO), have been widely used for decades. However, these methods rely heavily on historical data, expert
judgment, and estimators' experience, making them prone to human error and subjectivity (Oberlender, 2010). Additionally,
they often fail to account for variables that can significantly affect project costs, such as design changes, material price
fluctuations, and unforeseen site conditions (Love et al.,, 2015). For instance, scope changes and incomplete designs are
frequentin construction projects, leading to scope creep, which causes significant deviations from initial estimates. Traditional
methods are often static, making it difficult to adjust cost estimates dynamically as project conditions change.

Market volatility further complicates cost estimation, particularly in long-term projects. Fluctuations in the cost of materials
and labor due to economic conditions, inflation, or supply chain disruptions can drastically affect the accuracy of early-stage
estimates. Studies by Olawale and Sun (2010) highlight that price fluctuations in critical construction materials such as steel,
concrete, and copper can lead to significant discrepancies between the estimated and actual costs. The inability to predictand
accommodate for these fluctuations within traditional cost estimation models often results in financial shortfalls.

In response to these challenges, modern cost estimation tools like BIM and Al have emerged, offering the potential to
revolutionize the process by integrating design, scheduling, and cost data into a single model. BIM, for instance, provides
detailed, three-dimensional representations of building components, allowing for more accurate quantity take-offs and
dynamic adjustments as the design evolves (Eastman et al., 2011). Al and machine learning models, meanwhile, analyze vast
datasets to identify patterns and predict costs more accurately by incorporating a broader range of variables, such as historical
data, project-specific factors, and market trends (Sacks et al.,, 2020). This research aims to address these questions by
examining the strengths and weaknesses of both traditional and modern cost estimation methods and identifying strategies to
improve the accuracy and reliability of cost estimates in building construction. By exploring the root causes of cost estimation
inaccuracies and evaluating the role of emerging technologies, this study seeks to contribute to the body of knowledge in
construction project management and provide practical recommendations for industry professionals.

3. METHODOLOGY

The aim is to examine both traditional and modern methods of cost estimation, identify the key factors contributing to cost
overruns, and assess the potential of technologies such as Building Information Modeling (BIM) and artificial intelligence (AI)
in improving estimation accuracy.

To address these objectives, a mixed-methods research approach is adopted. This combines quantitative data analysis of past
construction projects to understand cost overruns and qualitative insights from industry experts. Mathematical modeling
techniques such as regression analysis, sensitivity analysis, and Monte Carlo simulation are employed to analyze data, while
statistical tools are used to verify hypotheses. The research also integrates practical applications of BIM and Al-driven
estimation models to assess their effectiveness compared to traditional methods. Finally, data visualizations such as graphs and
charts are used to clearly represent findings and trends.

For the quantitative analysis, secondary data is collected from completed construction projects. The dataset includes details
from various sources, such as construction firms, project archives, and industry reports. The selected dataset encompasses
projects from different sectors (residential, commercial, and infrastructure) to provide a broad view of cost estimation
practices.

The data points collected include:

Initial cost estimates: The original cost projection for the project based on traditional methods (unit cost, quantity take-off,
etc.).

Final project costs: The actual costs incurred at project completion.

Cost overruns: The percentage difference between the initial estimates and final costs.
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To compare traditional and modern cost estimation methods, the research evaluates the accuracy of initial cost estimates from
both approaches. The key methods compared include:

Traditional Methods: Unit cost estimation and quantity take-off (QTO).
Modern Methods: BIM-based cost estimation and Al-driven models.

The performance of each method is evaluated based on the following criteria:
Accuracy: The difference between initial cost estimates and actual project costs.

Adaptability: The ability to adjust estimates dynamically in response to design changes, market fluctuations, and unforeseen
site conditions.

Time Efficiency: The time required to produce estimates.
User Acceptance: Insights from interviews regarding the ease of use and adoption challenges of modern technologies.

The quantitative comparison is supplemented by insights from the interviews, which provide practical perspectives on the
challenges and benefits of each method.
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4. RESULTS AND DISCUSSION

The dataset for this analysis consists of 50 completed construction projects, divided evenly across residential, commercial, and
infrastructure sectors. For each project, both initial cost estimates and actual costs at completion were collected, along with
data on project size, complexity, design changes, and market fluctuations.

Table 1 presents the descriptive statistics for key variables, including the percentage of cost overruns (the difference between
the actual and estimated costs) and key factors influencing those overruns, such as project complexity, design changes, and
material price volatility.

Table 1: Descriptive Statistics of Cost Overruns and Influencing Variables

Variable Mean Median Std. Dev. |Min Max
Cost Overrun (%) 18.5% 15.2% 12.6% -5.1% ||45.7%
Project Size (sq. ft.) 32,000 28,500 10,500 10,000 ||65,000
Design Changes (#) 7.8 6 3.4 0 16
Material Price Volatility (%) 5.3% 5.0% 2.1% 2.0% 10.5%

From the table, the mean cost overrun is 18.5%, with a standard deviation of 12.6%, suggesting significant variability across
projects. The median cost overrun is 15.2%, with a range from -5.1% (projects that came under budget) to 45.7% (projects that
experienced significant overruns). Design changes had a mean of 7.8 changes per project, and material price volatility showed a
mean fluctuation of 5.3%.

A multivariate regression analysis was conducted to identify the key factors contributing to cost overruns. The dependent
variable in the regression model is the percentage of cost overrun, while the independent variables include project size,

complexity, design changes, and material price volatility.

Table 2: Results of Regression Analysis

Variable Coefficient (3) Standard Error p-value ||Significance
Project Size (sq. ft.) 0.003 0.001 0.05 *

Project Complexity (1-10) 0.15 0.04 0.01 ok

Design Changes (#) 0.42 0.06 <0.001  |fF**

Material Price Volatility (%) 0.38 0.09 0.002 ok

R-squared = 0.72

The regression results indicate that the model explains 72% of the variance in cost overruns (R-squared = 0.72). Key findings
include:

e Project Size: Project size has a small but statistically significant effect (§ = 0.003, p = 0.05) on cost overruns,
suggesting that larger projects are more prone to overruns due to their complexity and scope.

e Project Complexity: Complexity is a strong predictor of cost overruns (f§ = 0.15, p = 0.01). More complex projects
involve intricate design and execution challenges, leading to higher chances of exceeding the initial budget.

o Design Changes: This variable has the most substantial impact on cost overruns (= 0.42,p <0.001). Frequent design
changes often lead to rework, delays, and increased costs, making it a significant factor.
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e Material Price Volatility: Material price fluctuations also significantly contribute to cost overruns (f§ = 0.38, p =
0.002). Market volatility, particularly in critical materials like steel and concrete, introduces unpredictability into cost
estimates.

e The Monte Carlo simulation was run for 10,000 iterations, generating a range of possible outcomes for final project
costs.
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Figure 4: Histogram of Monte Carlo Simulation Results

Figure 4 shows the distribution of final project costs generated by the simulation. The mean cost overrun predicted by the
simulation is 18.2%, which aligns closely with the observed mean cost overrun of 18.5% in the actual dataset. The simulation
indicates that there is a 60% probability that the final project cost will exceed the initial estimate by more than 15%, with a
25% probability of overruns exceeding 25%. Here is the histogram representing the Monte Carlo simulation results, showing
the distribution of final project costs. The data is based on variability in material price volatility, labor cost increases, and
project duration, simulating 10,000 potential outcomes. The majority of project costs cluster around a specific range, with a few
outliers suggesting higher potential overruns. This visualization highlights the risk and uncertainty inherent in construction
cost estimation.

Accuracy of Cost Estimates

One of the primary objectives of this research is to compare the accuracy of traditional cost estimation methods (Quantity
Take-Off, Unit Cost Estimation) with modern approaches (BIM-based estimation and Al-driven models). Accuracy is measured
as the percentage difference between the initial cost estimate and the actual final project cost.

Table 3: Comparison of Estimation Accuracy

Estimation Method Mean Cost Overrun (%) Standard Deviation (%) Min (%) Max (%)
Quantity Take-Off (QTO) 20.1% 12.8% -3.2% 48.5%
Unit Cost Estimation 18.7% 11.5% -5.1% 45.7%
BIM-Based Estimation 12.4% 8.6% -2.5% 30.0%
Al-Driven Estimation 10.8% 7.4% -4.0% 25.1%

The data shows that modern methods, particularly BIM-based estimation and Al-driven models, significantly outperform
traditional methods in terms of accuracy. Al-driven estimation, in particular, has a mean cost overrun of just 10.8%, compared
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to 20.1% for QTO. This suggests that Al models can more accurately predict project costs by analyzing large datasets and
adjusting for a wide range of variables.

5. CONCLUSION

In the realm of building construction, cost estimation serves as the foundation for financial planning, resource allocation, and
risk management. An accurate and detailed cost estimate is essential not only for determining the feasibility of a project but
also for ensuring its success within the established budget.

In conclusion, cost estimation is a pivotal aspect of building construction, influencing not only financial outcomes but also
project success. The process requires a comprehensive understanding of the various factors that contribute to overall costs,
including materials, labor, equipment, and site conditions. By adopting adaptable strategies, leveraging technology, and
following best practices, stakeholders can ensure that their cost estimates are both accurate and flexible enough to account for
unforeseen changes.

As construction projects become increasingly complex, the role of cost estimation continues to evolve, incorporating advanced
tools and methodologies to improve precision. The key to effective cost management lies in continuous monitoring, regular
updates, and the ability to respond to changing conditions. When executed properly, cost estimation serves as a powerful tool
for ensuring that building projects are completed on time, within budget, and to the desired standards of quality.
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