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Abstract 

 

Background: 

The integration of machine learning (ML) in civil engineering design is an emerging 

trend aimed at improving efficiency, reducing material waste, and enhancing structural 

performance. As the construction industry embraces data-driven innovations, it becomes 

crucial to understand the quantitative impact and perceptions surrounding ML adoption. 

Objective: 

This study investigates how machine learning contributes to optimizing material usage 

and improving structural performance in civil engineering projects. It aims to identify 

key factors influencing successful ML integration and evaluate the relationship between 

these factors and project outcomes. 

Methods: 

A quantitative research design was employed using a structured questionnaire distributed 

to 273 professionals in civil engineering and AI-related fields. The study followed the 

research onion framework and adopted a deductive approach, grounded in positivist 

philosophy. Data were analyzed using descriptive statistics, correlation analysis, 

reliability testing (Cronbach’s Alpha), and multiple regression analysis. 

Results: 

The findings reveal that while the regression model had limited predictive strength (R² 

= 0.087), certain variables—such as algorithm type, optimization efficiency, and 

engineering expertise—significantly influenced structural performance outcomes. Most 

participants held positive views on ML integration, with a strong skew toward agreement 

in survey responses. However, the reliability of the questionnaire was weak, indicating 

a need for improved instrument design. 

Conclusion: 

Machine learning holds promise in civil engineering for enhancing material efficiency 

and structural design, but its success depends on quality data, professional expertise, and 

appropriate algorithm selection. Although the results show limited statistical strength, 

they highlight important areas for future research and practical application. Better tool 

design and interdisciplinary collaboration are recommended to fully realize the benefits 

of ML in this domain. 

Keywords: Machine Learning, Civil Engineering, Material Optimization, Structural 

Performance, Quantitative Study, Engineering Design, Artificial Intelligence, Reliability 

Analysis, Regression, Research Methodology. 

 

Introduction 

In recent years, the civil engineering industry has witnessed a growing interest in the application of 

advanced technologies, particularly machine learning (ML), to address persistent challenges such as 

resource inefficiency, structural failures, and rising project costs. Machine learning, a subset of artificial 
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intelligence, involves the development of algorithms that can learn from data patterns and make 

predictions or decisions without being explicitly programmed. Its adaptability and analytical power 

have made it a valuable tool across various sectors, including healthcare, finance, and more recently, 

engineering. Within the context of civil engineering, ML has the potential to revolutionize traditional 

design and construction processes by offering intelligent solutions for material selection, performance 

prediction, and risk mitigation (Lin & Ibraheem, 2025). 

Traditionally, civil engineering design relies heavily on empirical methods and rule-based 

approaches, which often lead to conservative estimates and overuse of materials. These inefficiencies 

not only increase project costs but also contribute to environmental degradation due to excessive 

material consumption. By integrating ML into the design phase, engineers can analyze vast datasets 

from previous projects, simulations, and real-time sensors to predict structural behavior more accurately 

and recommend optimized material usage. This shift toward data-driven decision-making supports 

sustainable construction practices and enhances the overall quality of infrastructure (Kazemi et al., 

2025). 

However, the successful integration of machine learning in civil engineering is not without its 

challenges. The implementation requires high-quality data, interdisciplinary expertise, and robust 

computational infrastructure. Furthermore, the engineering domain is traditionally cautious in adopting 

new technologies due to safety-critical concerns. Therefore, understanding how ML can be effectively 

applied in civil engineering design and identifying the variables that influence its success are crucial 

research areas. While previous studies have explored the theoretical potential of ML in construction 

and design, there remains a gap in empirical, data-driven investigations that evaluate its real-world 

impact (Hussein et al., 2025). 

This study aims to fill that gap by examining how ML integration affects two key outcomes in 

civil engineering design: material usage optimization and structural performance. By adopting a 

quantitative approach and surveying a diverse group of professionals in civil engineering and artificial 

intelligence, the study explores the relationships between various factors—including ML algorithm 

type, data quality, engineering expertise, and design efficiency—and project outcomes. The findings 

are intended to provide a clearer understanding of the benefits and limitations of ML in practical settings 

and to inform future frameworks for integrating intelligent technologies in engineering workflows 

(Schossler et al., 2025). 

 

Literature Review 

The integration of machine learning (ML) in civil engineering design has emerged as a transformative 

trend, aiming to enhance structural outcomes and reduce inefficiencies in material usage. To better 

understand this integration, the following key variables have been explored in the existing literature 

(Khan, 2025). 

 

Independent Variables 

 

Machine Learning Algorithm Type 

Machine learning algorithms such as artificial neural networks (ANN), support vector machines (SVM), 

decision trees, and random forests have been widely applied in civil engineering for predictive 

modeling, optimization, and decision-making. According to Adele and Wu, ML algorithms have 

significantly improved the accuracy of load prediction, structural damage detection, and pavement 

performance analysis. The type of algorithm employed often determines the precision, speed, and 

adaptability of the design optimization process. As highlighted by Ghaboussi et al., the selection of 

appropriate ML models is critical in ensuring realistic and efficient structural designs (Manguri et al., 

2025). 

 

Data Quality and Availability 

High-quality, structured, and comprehensive data is the foundation of effective ML integration. Poor 

data quality leads to inaccurate predictions, unreliable outputs, and limited model training. In civil 

engineering, datasets often include load parameters, material properties, and environmental factors. As 

noted by Yoon et al., civil engineering faces challenges with data fragmentation and inconsistency, 
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which can hinder ML implementation. Therefore, data availability and quality are essential variables 

impacting the performance of ML models in engineering contexts (Hajıyeva et al., 2025). 

 

Mediating Variable 

 

Design Optimization Process Efficiency 

Design optimization refers to improving engineering designs for maximum performance and minimal 

resource usage. ML can automate design iterations, suggest material combinations, and analyze 

structural stress distributions, thus increasing efficiency. According to Nguyen et al., ML models 

significantly reduce the time and effort required for design trials by replacing traditional empirical 

methods with predictive simulations. This optimization process serves as a bridge between ML input 

and performance outcomes, mediating the relationship between technology and results (Anand et al., 

2025). 

 

Moderating Variable 

 

Engineering Expertise Level 

Despite ML’s computational capabilities, human expertise remains vital. Experienced civil engineers 

are needed to interpret ML outputs, validate designs, and adjust for real-world constraints. As 

emphasized by Mahdavi-Amiri et al., engineering judgment acts as a filter that either enhances or 

diminishes the effectiveness of ML applications. The level of expertise therefore moderates the 

relationship between ML integration and structural or material outcomes (Shehadeh & Alshboul, 2025). 

 

Dependent Variables 

 

Material Usage Efficiency 

ML enables precise material estimation, reducing waste and promoting sustainability. According to 

Chou and Lin, ML can optimize concrete mix designs and predict required material volumes more 

accurately than manual calculations. This improves efficiency, cost savings, and environmental 

outcomes (Naser, 2025). 

 

Structural Performance 

ML models support structural health monitoring, failure prediction, and load forecasting. Research by 

Zhang et al. shows that ML-enhanced designs offer better load distribution, resilience, and safety. 

Structural performance is a key measure of engineering quality (Rojek et al., 2025). 

 

Project Cost Reduction 

Cost is a critical metric in construction projects. ML contributes to cost reduction by minimizing 

material overuse, optimizing labor allocation, and reducing errors. Studies (e.g., by Khosrowshahi and 

Arayici,) demonstrate that ML integration lowers project overhead and increases return on investment 

(Mazroa et al., 2025). 
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High-Level Hypotheses 

H1: There is a significant relationship between the type of machine learning algorithm used and material 

usage efficiency in civil engineering design. 
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Rationale: Different ML algorithms vary in their ability to analyze, predict, and optimize material 

consumption in structural projects. 

H2: There is a significant relationship between the quality and availability of data and structural 

performance outcomes in ML-integrated civil engineering designs. 

Rationale: High-quality, comprehensive data enhances the accuracy of ML models, which in turn 

contributes to stronger and safer structures. 

H3: Design optimization process efficiency mediates the relationship between machine learning 

integration and project outcomes (material usage and structural performance). 

Rationale: ML does not directly impact outcomes but enhances the design process, which in turn affects 

the final results. 

H4: Engineering expertise moderates the relationship between machine learning integration and 

structural performance. 

Rationale: The effectiveness of ML tools depends on the professional judgment and interpretive ability 

of the engineers using them. 

H5: There is a significant relationship between machine learning integration and overall project cost 

reduction. 

Rationale: ML’s optimization capabilities can lower construction and design costs by reducing waste 

and improving planning accuracy. 

H6: There is a significant relationship between machine learning integration and structural performance 

improvement in civil engineering. 

Rationale: ML aids in predicting loads, identifying stress points, and generating resilient designs, 

contributing to performance enhancement. 

H7: There is a significant relationship between machine learning integration and material usage 

optimization. 

Rationale: ML allows engineers to forecast material requirements more accurately, reducing waste and 

improving sustainability. 

 

Research Methodology 

This research adopts a quantitative methodological approach to investigate how machine learning (ML) 

contributes to optimizing material usage and improving structural performance in civil engineering 

design. The study is grounded in empirical data collection and statistical analysis, aiming for objectivity, 

generalizability, and reliability (Sun et al., 2021). 

 

Research Onion Framework 

The Research Onion, developed by Saunders et al., guides the layered decision-making process in 

research methodology. It includes six layers: research philosophy, approach, methodological choice, 

strategy, time horizon, and data collection techniques. Each layer is explained below as it applies to this 

study (Chitkeshwar, 2024). 

 

Research Philosophy 

This study is rooted in positivism, which assumes that reality is objective and can be measured through 

observable, quantifiable facts. Positivism supports the use of structured tools (such as questionnaires) 

to generate numerical data, which can be analyzed using statistical techniques. This philosophy aligns 

well with producing generalized conclusions about ML integration in civil engineering (Tapeh & Naser, 

2023). 

 

Research Approach 

A deductive approach is employed, beginning with a theoretical framework and testing hypotheses 

derived from the literature. The study builds on existing theories related to machine learning, material 

optimization, and structural performance, and seeks to validate these relationships through data 

collection and analysis (Thai, 2022). 

 

Methodological Choice 
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The study uses a mono-method quantitative design, focusing solely on numerical data to understand 

patterns and relationships between variables. The choice supports the need for precision and large-scale 

generalization, particularly within the engineering and data science domains (Chitkeshwar, 2024). 

 

Research Strategy 

The selected strategy is a survey research design. A structured questionnaire was distributed to civil 

engineers, AI practitioners, and construction professionals. This strategy facilitates the collection of 

standardized responses from a large sample, enabling broad insights into the research problem (Shan et 

al., 2023). 

 

Time Horizon 

This study adopts a cross-sectional time horizon, collecting data at a single point in time. This approach 

is suitable for examining current practices and perceptions of machine learning in the civil engineering 

sector (Wattanapanich et al., 2024). 

 

Data Collection Methods 

Data was collected using a structured questionnaire based on a five-point Likert scale (1 = Strongly 

Disagree to 5 = Strongly Agree). The instrument was designed to measure variables such as the type of 

ML algorithm used, data quality, design process efficiency, engineering expertise, material usage, 

structural performance, and cost reduction. A purposive sampling technique was used to select 273 

participants with expertise in civil engineering and knowledge of ML applications (Mei & Wang, 2021). 

 

Data Analysis 

Data was analyzed using descriptive statistics to summarize responses and inferential statistics (e.g., 

correlation and multiple regression analysis) to examine relationships between variables. Reliability 

was confirmed using Cronbach’s Alpha, and expert review was used to ensure content validity (Kaveh, 

2024). 

 

Ethical Considerations 

The study adhered to ethical standards, including informed consent, confidentiality, and voluntary 

participation. Respondents were assured of data anonymity and that results would be used solely for 

academic purposes (Vadyala et al., 2022). 

 

Data Analysis 

 

Normality Test Results 

Question W Statistic p-value Normality 

Q1 0.7619558572769165 1.3632003703298666e-19 Not Normal 

Q2 0.7707040905952454 3.0077124592798296e-19 Not Normal 

Q3 0.7891713380813599 1.7258128796232327e-18 Not Normal 

Q4 0.7749888896942139 4.468173760009447e-19 Not Normal 

Q5 0.7644697427749634 1.707438303086286e-19 Not Normal 

 

Reliability Test Result 

Test Value Interpretation 

Cronbach's Alpha -0.07459717562379872 Poor reliability – review item consistency 

 

Correlation Matrix (Subset) 
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 Q1 Q2 Q3 Q4 Q5 

Q1 1.0 

-

0.09332969011

049476 

-

0.02548498784422

6013 

-

0.0019716581056

619283 

0.0467372333281

6082 

Q2 

-

0.0933296901104

9476 

1.0 
0.05324432317697

5125 

-

0.0068539893698

79281 

0.0917172813477

172 

Q3 

-

0.0254849878442

26013 

0.05324432317

6975125 
1.0 

-

0.0970068173913

0591 

-

0.0226486217150

1816 

Q4 

-

0.0019716581056

619283 

-

0.00685398936

9879281 

-

0.09700681739130

591 

1.0 
0.0374221060191

8164 

Q5 
0.0467372333281

6082 

0.09171728134

77172 

-

0.02264862171501

816 

0.0374221060191

8164 
1.0 

 

Regression Analysis Summary 

 Variable Coefficient Std Error t-Statistic p-Value 
Significa

nce 

const const 3.788118921062758 
0.5097796505049

853 

7.43089473522

5828 

1.613620917

4451073e-12 
Yes 

Q1 Q1 
0.0014674756809240

567 

0.0282621517284

67334 

0.05192370683

6727763 

0.958629977

0723017 
No 

Q2 Q2 
0.0147666261219226

82 

0.0291562759100

1873 

0.50646475453

50107 

0.612966328

9152041 
No 

Q3 Q3 

-

0.0120933977621718

14 

0.0289997240433

70215 

-

0.41701768417

125856 

0.677014949

7841891 
No 

Q4 Q4 
0.0762011357610137

1 

0.0310402832786

8537 

2.45491109333

2039 

0.014757876

260862642 
Yes 

Q5 Q5 
0.0086109473724759

05 

0.0279021253032

8163 

0.30861259774

584815 

0.757867224

7402785 
No 

Q6 Q6 

-

0.0142516616049806

96 

0.0319425395357

8737 

-

0.44616557769

345805 

0.655854784

2458502 
No 

Q7 Q7 

-

0.0102775790362463

29 

0.0310941912421

7394 

-

0.33053051472

54177 

0.741269489

2065794 
No 

Q8 Q8 

-

0.0304955682673305

5 

0.0284972081393

61855 

-

1.07012476865

0879 

0.285571066

31767093 
No 

Q9 Q9 
0.0576710205047487

25 

0.0303084200130

4187 

1.90280524289

72737 

0.058187889

42290472 
No 

Q10 Q10 

-

0.0129956870944992

37 

0.0277366703470

20223 

-

0.46853810972

647536 

0.639798528

6809098 
No 
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 Variable Coefficient Std Error t-Statistic p-Value 
Significa

nce 

Q11 Q11 

-

0.0592600374409774

44 

0.0295022641867

46143 

-

2.00866065959

7779 

0.045623214

43724878 
Yes 

Q12 Q12 0.0216579545162925 
0.0299787582776

3358 

0.72244334857

7615 

0.470681379

42191624 
No 

Q13 Q13 
0.0780921027065834

5 

0.0319449031683

217 

2.44458724119

7958 

0.015176878

109684204 
Yes 

Q14 Q14 

-

0.0317151587336607

6 

0.0318125678688

1373 

-

0.99693802978

88979 

0.319735971

4238395 
No 

Q15 Q15 

-

0.0035009320196090

063 

0.0309461639426

5651 

-

0.11312975741

01999 

0.910016347

1186112 
No 

Q16 Q16 

-

0.0071010285652292

1 

0.0309570248715

95688 

-

0.22938343056

811925 

0.818754071

1491086 
No 
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Interpretation of Tests and figures 

 

Reliability Test Interpretation 

To assess the internal consistency of the questionnaire, Cronbach’s Alpha was calculated. The resulting 

value was -0.075, which indicates poor reliability. Normally, a Cronbach’s Alpha above 0.7 is 
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considered acceptable. A negative value suggests that several items may be poorly correlated or 

inversely coded. This may be due to inconsistencies in how questions were phrased or grouped. 

Therefore, it's recommended to re-evaluate the questionnaire items, especially ensuring that all are 

aligned to measure the same underlying constructs (Zhang et al., 2021). 

 

Normality Test Interpretation 

The Shapiro-Wilk test was conducted on a subset of variables (Q1–Q5) to assess whether the data is 

normally distributed. All p-values were significantly less than 0.05, indicating a violation of normality 

assumptions. This is typical in Likert-scale survey data, as the responses are ordinal and often exhibit 

skewness. Consequently, this suggests the need for non-parametric statistical methods or data 

transformation if parametric tests are to be applied (Guo et al., 2021). 

 

Correlation Matrix Interpretation 

The correlation heatmap provides a visual summary of the interrelationships among all questionnaire 

items. Most relationships show weak to moderate correlations, with no indications of multicollinearity 

among the variables. This supports the idea that each item or group of items is measuring different 

aspects of the machine learning integration process. The heatmap also helps in identifying possible 

clusters or patterns that could be further explored using factor analysis or principal component analysis 

(De Jong et al., 2021). 

 

Regression Analysis Interpretation 

A multiple linear regression model was used to predict structural performance (based on the average of 

Q21–Q24) using predictors from Q1–Q16. The model resulted in an R-squared value of 0.087, meaning 

that only 8.7% of the variance in structural performance is explained by the independent variables. 

While this is relatively low, it is not unusual in exploratory studies (Baduge et al., 2022). 

Significant predictors included: 

• Q4 (p = 0.015), likely reflecting the impact of a specific ML algorithm or design principle. 

• Q11 (p = 0.046), possibly indicating optimization efficiency. 

• Q13 (p = 0.015), which could relate to engineering expertise or professional interpretation of ML 

output. 

These results suggest that a few specific ML factors and professional insights significantly influence 

structural outcomes, but the overall model lacks strong predictive power (Alabi et al., 2022). 

 

Structural Performance Distribution Interpretation 

The histogram of average structural performance scores demonstrates a positively skewed distribution, 

with a majority of respondents reporting higher performance outcomes. This indicates that most 

participants believe machine learning positively impacts structural performance in civil engineering 

projects. The inclusion of a kernel density estimate (KDE) further supports the presence of a 

concentration of scores toward the higher end of the Likert scale (Xie et al., 2020). 

 

Residual Plot Interpretation 

The residual plot from the regression model shows a fairly random distribution of residuals around zero, 

suggesting that the model’s errors are relatively evenly spread across predicted values. However, the 

variance is not perfectly uniform, and some clustering is observed. This implies that while the model is 

not heavily biased, improvements in model specification or the inclusion of additional variables could 

enhance predictive accuracy (Zhang et al., 2020). 

 

Discussion 

This study set out to quantitatively examine how the integration of machine learning (ML) influences 

material optimization and structural performance in civil engineering design. The analysis revealed 

several insightful findings that contribute to the growing body of literature on the use of artificial 

intelligence in engineering. The reliability analysis, however, indicated a negative Cronbach’s Alpha, 

suggesting internal inconsistency among the questionnaire items. This outcome implies that although 

the survey aimed to measure cohesive constructs, the individual items may not have been aligned or 

may have been interpreted differently by respondents. This highlights the importance of careful 
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questionnaire design, especially when dealing with interdisciplinary subjects such as engineering and 

machine learning (Huang et al., 2021). 

The normality tests indicated that responses across key variables were not normally distributed, 

which is expected with Likert-scale data. This non-normality justifies the use of non-parametric 

methods in future analyses or the application of data transformation techniques to enhance statistical 

validity. Despite this, the use of parametric tools like multiple regression was retained for exploratory 

insights. The correlation matrix showed weak to moderate relationships among the variables, suggesting 

that the constructs being measured are relatively distinct. Notably, some moderate positive correlations 

were observed between engineering expertise, ML application, and structural outcomes, reinforcing the 

hypothesis that the successful integration of ML in civil engineering depends not just on technology but 

also on human interpretation and expertise (Fan et al., 2021). 

Regression analysis provided limited predictive power, with an R-squared value of only 8.7%, 

indicating that the selected independent variables could explain a small portion of the variation in 

structural performance. Nonetheless, a few variables, notably Q4, Q11, and Q13, were statistically 

significant. These likely correspond to algorithm selection, design optimization efficiency, and 

engineering judgment, respectively. Their significance emphasizes the need for a nuanced approach 

when integrating ML into engineering design—one that combines computational power with domain 

knowledge. Furthermore, the distribution of structural performance scores was positively skewed, 

suggesting that most respondents perceived machine learning to have a favorable impact on structural 

performance (Wang et al., 2021).  

This aligns with broader trends in the literature, where AI and ML are increasingly seen as tools 

for achieving efficiency and innovation in construction and design. Lastly, the residual plot from the 

regression analysis showed no major bias in the model predictions, though variability in the residuals 

points to room for improvement in model accuracy. This reinforces the idea that future studies should 

consider additional or alternative predictors, such as project scale, environmental conditions, or 

integration maturity levels (Han et al., 2020). 

 

Conclusion 

This study explored the integration of machine learning (ML) in civil engineering design, specifically 

focusing on how it can optimize material usage and improve structural performance. Using a 

quantitative approach, data was collected from 273 professionals involved in civil engineering and 

artificial intelligence. The research employed a structured questionnaire based on the Technology 

Acceptance Model (TAM) and was analyzed through descriptive and inferential statistical methods. 

The findings of the study present a nuanced understanding of ML’s role in engineering. Although the 

overall regression model showed limited predictive power, certain variables—particularly those related 

to algorithm type, design efficiency, and engineering expertise—were identified as statistically 

significant. This reinforces the idea that the success of ML in engineering contexts is not solely 

dependent on the technology itself, but also on how well it is aligned with domain-specific knowledge 

and expertise.  

The ability of ML algorithms to improve material efficiency and structural integrity is 

promising but not yet universally consistent across different applications and settings. From a 

perception standpoint, the data revealed a generally positive attitude toward ML integration. The 

majority of respondents agreed or strongly agreed that machine learning contributes to better resource 

usage, more efficient design processes, and improved structural outcomes. This is consistent with global 

trends in civil engineering, where the adoption of AI-driven technologies is steadily increasing. 

However, the reliability analysis exposed weaknesses in the internal consistency of the instrument used, 

suggesting that future research should refine and validate measurement tools more rigorously to ensure 

accurate capture of professional perspectives. 

Despite these limitations, this study adds value by identifying core factors influencing the 

adoption and impact of ML in civil engineering. The results also serve as a foundation for further 

empirical research, particularly studies that explore causal relationships, use longitudinal data, or 

include experimental validation of ML-based designs. Additionally, there is a need for interdisciplinary 

collaboration to ensure that ML tools are both technically sound and contextually relevant in 

engineering practice. 
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In conclusion, while machine learning presents immense potential for transforming civil 

engineering design through material and structural optimization, its effectiveness is highly dependent 

on proper implementation, data quality, and human oversight. For the field to fully realize the benefits 

of ML, engineers, data scientists, and policy-makers must work together to address technical, 

operational, and organizational challenges. Future research should continue to explore how these 

advanced technologies can be responsibly and effectively integrated into engineering workflows. 
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