
 
 

 

2 Associate Professor at Universiti Malaya, Email: hafez@um.edu.my 

PLANNING MALAYSIA: 

Journal of the Malaysian Institute of Planners 

VOLUME 22 ISSUE 3 (2024), Page 242 – 256 

FUNDAMENTALS OF DEVELOPING CONCEPTUAL COST 

ESTIMATION MODELS USING MACHINE LEARNING 

TECHNIQUES: SELECTION AND MEASUREMENT OF 

BUILDING ATTRIBUTES 

 
Rui Wang1, Hafez Salleh2, Zulkiflee Abdul-Samad3, Nabilah Filzah Mohd 

Radzuan4 and Kok Ching Wen5 

 
1,2,3Centre of Building Construction and Tropical Architecture (BuCTA), 

Faculty of Built Environment, 

UNIVERSITI MALAYA 
4 Faculty of Computing, 

UNIVERSITI MALAYSIA PAHANG 
5 Faculty of Engineering and Quantifying Surveying, 

UNIVERSITI ANTARABANGSA INTI 

 

 

Abstract 

 

Ensuring the identification of building attributes is the primary task in developing 

a machine learning cost estimation model. However, the existing research on 

building attributes has the following shortcomings: it struggles to categorize 

building characteristics according to various cost types, and the suggested sets of 

attributes do not clearly establish measurement standards for these qualities. To 

address these issues, this study aims to select a set of building attributes suitable 

for conceptual cost estimation and establishment of measurement standards. 

Through a two-round process of focused group discussions, this research 

ultimately identified 13 building attributes that can be collected before the 

completion of building design. These attributes serve as a basis for assessing 

completed building projects during the model development phase and for 

evaluating new projects during the model application phase. This study provides 

a foundational framework for the development of conceptual cost estimation 

models, ultimately enhancing the accuracy of machine learning cost estimation 

models. 
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INTRODUCTION 
The success of construction projects is heavily dependent on cost prediction 

(Juszczyk, 2020; Park et al., 2022; B. Wang et al., 2021). A successful 

construction project should achieve on-time delivery within the budget while 

yielding a substantial return on investment (Ma et al., 2016; Peleskei et al., 2015). 

Inaccurate estimations can lead to cost overruns, construction delays, and many 

other, even worse, outcomes (Car-Puši & Mladen, 2020; Elmousalami, 2020; Mir 

et al., 2021).  

Currently, qualitative and quantitative analyses are the primary 

methods for cost estimation (Hashemi et al., 2020). Qualitative methods based on 

expert judgment may introduce biases and result in inaccurate estimates (R. Wang 

et al., 2022). Quantitative techniques not only rely on historical data and expert 

knowledge but can also analyze project design, processes, and unique 

characteristics (Ugur, 2017). Quantity surveying is considered the most reliable 

quantitative method for obtaining construction costs (Ugur et al., 2018). 

However, it requires surveyors to possess substantial expertise, can be time-

consuming, and is only feasible with a well-developed design (Ugur et al., 2018). 

Therefore, there is a need to enhance the efficiency of quantity surveying. Other 

traditional quantitative cost estimation methods mostly depend on statistical 

analysis and simple regression theory, which results in lower accuracy and longer 

time consumption and does not add value to cost estimation (Jiang, 2019). As a 

result, traditional budgeting methods no longer meet the needs of practical 

engineering budgets. It is essential to use computer technology for intelligent cost 

control in construction budgeting to improve accuracy (Abdel-Basset et al., 2020; 

Patil & Salunkhe, 2020; Xuan & Li, 2022). 

Machine Learning (ML) is a branch of Artificial Intelligence (AI) and 

is a data-driven modelling technique (Brink et al., 2016). It can be used to 

automatically extract hidden patterns from high-dimensional data and convert 

them into explicit information or knowledge to address challenging issues in the 

construction industry (Zhou et al., 2018). As the name suggests, using ML 

methods to predict construction costs can eliminate the need for experts and 

quantity surveying calculations (Ugur et al., 2018) and can also overcome the 

issue of lacking accurate estimation data at the project's outset (Saeidlou & 

Ghadiminia, 2023). 

Identifying building attributes is a primary task in developing machine 

learning cost estimation models. However, as summarized through the literature 

review, there is a lack of comprehensive research on the standardized selection 

of attributes for machine learning models in the field of construction cost 

estimation (Elmousalami, 2020; Pike & Grosse, 2018). To address this gap, 

Salleh et al. (2023) conducted a study to establish a standardized set of building 

attributes to guide the development of construction cost estimation models. 
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Nevertheless, the attribute set still has the following shortcomings: 1) The study 

only identified the importance of different attributes but did not categorize 

attributes based on the needs of different cost types, such as conceptual cost 

estimation before design completion and project cost estimation after design 

completion; 2) The established attribute set did not provide clear measurement 

standards for attributes, including the classification and interpretation of numeric 

and textual attributes. 

Therefore, to effectively address these issues, this study aims to select 

a set of building attributes suitable for conceptual cost estimation and 

establishment of measurement standards. This research, using a focused group 

discussion methodology, builds upon the standard building attribute set proposed 

by Salleh et al. (2023). It selects attributes that can be obtained before the building 

design is completed and provides clear measurement standards for these 

attributes. This study lays the foundation for developing construction conceptual 

cost estimation models, enhancing accuracy. 

 

LITERATURE REVIEW 
The main process of developing a machine learning cost estimation model  

 

 
Figure 1: Flowchart for developing machine learning cost estimation model 

Source: compiled from (Abed et al., 2022; Hashemi et al., 2020) 
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Figure 1 illustrates the main process of developing a machine learning 

cost estimation model. Initially, the identification of building attributes was the 

first task in the development of the model. Subsequently, key attributes were 

extracted from the identified building attributes. Then, data collection was 

conducted based on these key attributes to create a completed project dataset. 

This preparation is critical because the accuracy of the cost estimation model is 

affected by the input building attributes and the size of the dataset (Cho et al., 

2013). In terms of feature selection, the dual feature selection method (blue area) 

is considered more scientific than the traditional method (green area). Prior to 

data collection, attribute importance is usually determined based on expert 

judgment and subjective ratings. However, dual feature selection ensures that the 

importance of attributes is assessed based on historical data after data collection 

is complete, and quantitative methods such as regression analysis are used (Matel 

et al., 2022). Once the data collection and identification of key attributes are 

complete, the historical dataset is divided into training and test sets and fed into 

the machine learning algorithm. To effectively validate the performance of the 

developed models, it is a prerequisite that various performance evaluation 

methods are used and multiple models are tested. 

Therefore, identification of building attributes, feature selection, 

collection of completed project datasets, optimisation of machine learning 

algorithms, and evaluation metrics for model performance are key steps in the 

development of machine learning cost estimation models for construction 

projects (Abed et al., 2022; Hashemi et al., 2020). These steps contribute to 

improving the accuracy of cost estimation in construction projects, thereby 

enhancing project management efficiency and decision-making accuracy. 
 

Building attribute datasets  

In the context of construction cost estimation, attributes refer to specific features 

or factors considered in the estimation process to determine the construction cost 

of a building or structure (Elhag & Boussabaine, 1998; Elmousalami, 2020). 

Having a sufficient number of building attributes and a larger dataset of 

completed projects can effectively enhance the accuracy of cost estimation (Shin, 

2015; Y.-R. Wang et al., 2012). The accuracy of cost estimation models can vary 

based on the input building attributes (Cho et al., 2013). However, it is not 

feasible to incorporate every possible attribute that a building might have into an 

estimation model (Juszczyk, 2017), and the selection of building attributes 

requires further research (B. Wang et al., 2021). 

From the authors’ previous study, Salleh et al. (2023) initially 

conducted a literature review to summarize a significant number of attributes. 

Then, through a questionnaire survey and focused group discussions during the 

Delphi research phase, they eventually identified 68 ranked attributes and 
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formulated a building data attribute set, which includes 12 categories of variables 

such as Project Strategic and Parties-involved (as shown in Figure 2). This study 

provides the essence for the development of machine learning models for 

construction cost estimation, and future researchers in the field can refer to these 

listed attributes to determine the layout structure of new models. However, the 

attribute set still has the following shortcomings: 

 

 The study only determined the importance of different attributes but did not 

categorize attributes based on the needs of different cost types, such as 

conceptual cost estimation before design completion and project cost 

estimation after design completion. 

 The established attribute set did not provide clear measurement standards 

for attributes, including the classification and interpretation of numeric and 

textual attributes. 

 

Figure 2: A standard attribute set of building for cost estimation 
Source: summarized from (Salleh et al., 2023) 
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RESEARCH METHODOLOGY 
The application of the focus group discussion in this research is to poll a group 

of experts to reach a group consensus regarding the classification of attributes in 

building cost estimation. The focus group discussion was conducted in October 

2023 in the Faculty of Built Environment, University of Malaya and mainly 

includes two rounds (refer to Figure 3): selecting building attributes for which 

data will be available before the building design is completed; clarifying the 

measurement of different attributes, both numeric and text. As the measurement 

of building attributes varies from country to country, three overseas experts were 

also invited for this study, the 14 experts of this study are shown in Table 1. 

 
Table 1: Expert panel list of the focus group discussion 

Experts Age Gender Position Working Experience  Country 

E1 33 Male Construction technical staff  8 years (Enterprise) Malaysia 

E2 41 Female Construction technical staff 14 years (Enterprise) Malaysia 

E3 32 Male Construction technical staff 6 years (Enterprise) China 

E4 38 Male Researcher in quantity surveying 9 years (Institute) England 

E5 31 Female Researcher in quantity surveying 7 years (Institute) Malaysia 

E6 42 Male Researcher in quantity surveying 7 years (Institute) Malaysia 

E7 36 Female Researcher in quantity surveying 6 years (Institute) Malaysia 

E8 35 Female Researcher in quantity surveying 4 years (Institute) Malaysia 

E9 44 Male Manager of building cost services 10 years (Enterprise) Malaysia 

E10 51 Male Manager of building cost services 14 years (Enterprise) Malaysia 

E11 38 Female Manager of building cost services 8 years (Enterprise) Malaysia 

E12 36 Female Cost estimator  6 years (Enterprise) Malaysia 

E13 47 Male Cost estimator 14 years (Enterprise) China 

E14 44 Male Cost estimator 9 years (Enterprise) Malaysia 
Source: from the actual focus group discussion 
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Figure 3: Research flowchart of focus group discussion 

Source: Authors’ Deliberation 

 

Round 1: Selecting building attributes for conceptual cost estimation 
Based on a literature review and the existing attribute sets, the attributes were 

categorized with respect to the completion of the building design as the boundary. 

In focused group discussions, experts were surveyed using a questionnaire to 

select attributes based on their past experiences. The goal was to determine which 

subset of attributes could be used to estimate conceptual costs by collecting data 

before the completion of building design. The final selection of attributes was 

made based on the results summarized from the questionnaires. 

 

Round 2: Clarifying the measurement of different attributes 

In the second round of discussions, experts provided their opinions on how to 

measure different attributes. In this study, expert viewpoints were aggregated and 

categorized. Based on the expert perspectives, specific measurement criteria for 

each attribute were summarized, and a distinction was made between numeric 

and textual attributes. 
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RESULT AND DISCUSSION 
Selected building attributes for conceptual cost estimation  

In the discussion, all experts unanimously agree that Duration, Number of Floors, 

Building Height, Floor Area, Tendering Strategy, Project Type, Type of Use of 

the Building, Soil Type, Topography, and Location can be considered as 

attributes for conceptual cost estimation. This is because these attributes can 

provide data at the preliminary design stage. However, there is controversy 

regarding the following 3 attributes: 

 

 Market Status: Experts E5, E6 and E14 believe that measuring this 

attribute during the model application stage is challenging. 

Understanding future market conditions requires predicting trends 

based on past economic development, which demands a high level of 

economic knowledge. Considering the practical application of the 

model, if the relevant business has good market forecasting capabilities 

and can accurately predict future indicators such as inflation and 

lending rates, this attribute may be used as an input variable for the 

predictive model. 

 

 Weather/Earthquake Impact: Expert E7 and E10 consider both of these 

attributes as uncertain factors. Although they can significantly impact 

project costs, they are challenging to measure. For example, different 

magnitudes of earthquakes can have varying impacts, but it is 

impossible to predict the magnitude of future earthquakes when 

applying the model. Weather impacts include seasons such as rainy or 

snowy periods, but these attributes cannot be quantified. Therefore, for 

these two attributes, if the project location for the model application is 

in an earthquake-prone or weather-affected area, these attributes may 

be considered; otherwise, they may not be relevant. 

 

Through the first round of data collection from the questionnaire as well 

as data analysis, 13 building attributes that could be used to obtain data before 

the completion of the building design were screened and the results are shown in 

Table 2. 
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Table 2: Attributes for estimating conceptual cost 

Classification Attributes 

Compulsory 

Project Strategic 

variables 

Duration 

Tendering strategy 

Type of use of the building 

Project type 

Area-related variables Floor area 

Site-related variables 

Location  

Soil type 

Topography 

Number of floors 

Height 

Alternative 

External influence 

variables 

Market status 

Weather impact 

Earthquake impact 
Source: from research result 

 

Measurement of different attributes  

In the second round of discussion, the author first introduced the regular 

measurement methods for 13 screened attributes, then the experts proposed 

recommendations based on personal experience. For most attributes, experts 

generally agree with the author's proposed measurement criteria. However, some 

experts have suggested additional considerations. 

 

 E2 and E6 believe that when measuring the number of floors, it is 

essential not only to consider the total but also to differentiate between 

above-ground and below-ground floors. The costs between these two 

types of floors can vary significantly in actual construction and should 

be measured separately. 

 E5, E6, and E14 recommend that when assessing market status, careful 

consideration should be given to changes in exchange rates and 

inflation. These factors directly impact material and labour costs, 

potentially causing fluctuations in project costs. Additionally, financing 

costs, contract agreements, and project timelines are also influenced by 

these changes and must be thoroughly considered in cost estimation to 

ensure accuracy and project control. 

 E13, an expert from China, suggests dividing the Location attribute into 

two levels for measurement. Firstly, considering the differences in 

consumption levels in different cities, it is divided into various levels in 
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the first tier. In the second tier, the expert further specifies the building's 

location based on differences between the city centre and suburbs. 

Therefore, a more detailed division of the building location helps more 

accurately capture the unique cost factors in the project's region, 

enhancing the accuracy and reliability of cost estimation. 

All in all, the metrics are adapted to the measurement of historic 

buildings in the model development phase and the measurement of new projects 

in the model application phase, as shown in Table 3-4. It is important that the 

proposed metrics be adapted to the specific conditions of different countries. 

Table 3 describes the standards that can be measured numerically and Table 4 

shows the standards that can be measured using text categorization.  

 

DISCUSSION  
In the two phases of our investigation, we delved into the identification of 

building attributes for their utility in conceptual cost estimation and the 

establishment of measurement criteria for these attributes. By actively engaging 

experts in the field, we were able to refine the selection of relevant attributes and 

define precise measurement guidelines. This comprehensive approach has 

significantly enhanced the accuracy and reproducibility of cost estimates. 

The implications of our research extend to the realms of cost control 

and forecasting, offering valuable insights for both project planning and decision-

making processes. The meticulous extraction of applicable building attributes and 

the elucidation of specific measurement criteria contribute to a more robust 

foundation for cost estimation methodologies. This newfound clarity not only 

aids in improving the overall reliability of cost estimates but also facilitates a 

more systematic and informed approach to decision-making throughout various 

stages of project development. 

The significance of our findings becomes particularly evident in their 

potential impact on the advancement of machine learning (ML) models for 

conceptual cost estimation. The precisely identified attributes and their 

measurement criteria serve as crucial groundwork, laying the foundation for the 

future development of innovative ML models. These models have the potential 

to further refine and automate the conceptual cost estimation process, offering a 

promising avenue for continued advancements in the field of construction project 

management. 
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Table 3: The measurement of numeric attributes 

Attributes Specification Measurement 

Duration Time of construction Monthly-based 

Number of the floor 
On the ground Quantities 

Under the ground Quantities 

Building height 
Height from roof deck to 

outdoor floor level 
Metre-based 

Floor area 
The footprint of the 

building 
Square metre 

Total floor area Total area of the building Square metre 

Market status 
Inflation rate （%） 

Lending rate （%） 
Source: from research result 

 

CONCLUSION 
In the development of machine learning cost estimation models, the currently 

proposed building attribute sets have the following shortcomings: they do not 

classify building attributes based on the needs of different cost types, and they do 

not provide clear measurement standards for these attributes. Therefore, this 

study aims to address these issues using a two-round, focused group discussion 

approach to select a set of building attributes suitable for conceptual cost 

estimation and establish measurement standards. The study ultimately identified 

13 building attributes that can be obtained before the completion of building 

design. These attributes are used for assessing completed buildings during the 

model development phase and for evaluating new projects during the model 

application phase. This research provides a foundational framework for the 

development of construction conceptual cost estimation models, thereby 

enhancing the accuracy of machine learning cost estimation models.  

While this study has successfully addressed the deficiencies in existing 

machine learning cost estimation models by identifying a set of building 

attributes for conceptual cost estimation and establishing clear measurement 

standards, it is essential to acknowledge its limitations. One notable limitation is 

the exclusive focus on attributes relevant to conceptual cost estimation, without 

delving into the intricacies of cost estimation beyond the completion of the design 

phase. Future research endeavours should aim to bridge this gap by conducting 

more in-depth investigations into the attributes influencing cost estimates in the 

post-design stages. This comprehensive approach would provide a more holistic 

understanding of the factors impacting construction project costs throughout the 

entire lifecycle. Looking ahead, researchers should consider extending their focus 

to include attributes specific to post-design stages, facilitating a more 

comprehensive cost estimation model. This expansion could encompass factors 



PLANNING MALAYSIA 

Journal of the Malaysia Institute of Planners (2024) 

 

 

 253  © 2024 by MIP 

such as construction materials, labour costs, and technological advancements that 

play a pivotal role in determining project costs beyond the conceptual phase. 

 
Table 4: The measurement of text attributes 

Attributes Measurement 

Tendering 

strategy 

Open 

tendering 

Invitation to 

tender 
Negotiation 

Competitive 

negotiation 

(  ) (  ) (  ) (  ) 

Project type 

New 

Construction 
Alterations Extensions  

(  ) (  ) (  )  

Type of use 

of the 

building 

Residential Office Commercial Industrial 

(  ) (  ) (  ) (  ) 

Location 1 

First Tier 

Cities 

New Tier 1 

Cities 

Second-tier 

cities 

Third-tier 

cities 

(  ) (  ) (  ) (  ) 

Fourth-tier 

cities 
Fifth-tier cities   

(  ) (  )   

Location 2 
City centre Outskirts   

(  ) (  )   

Soil type 
Sand  Clay Rock  

(  ) (  ) (  )  

Topography 
Flat  Hillside Mountain  

(  ) (  ) (  )  

Weather 

impact 

(Severe 

weather prone 

areas) 

Rainstorms  Snowstorms Windstorms None 

(  ) (  ) (  ) (  ) 

Earthquake 

impact 

Seismic zone 
Non-seismic 

zone 
  

(  ) (  )   
Source: from research result 

 

ACKNOWLEDGEMENT 

Funded by the Ministry of Higher Education, Fundamental Research Grant 

Scheme (FRGS), Project No. FP087-2022. 

 

REFERENCES 
Abdel-Basset, M., Ali, M., & Atef, A. (2020). Resource levelling problem in construction 

projects under neutrosophic environment. The Journal of Supercomputing, 76, 

964–988. https://doi.org/10.1007/s11227-019-03055-6 



Rui Wang, Hafez Salleh, Zulkiflee Abdul-Samad, Nabilah Filzah Mohd Radzuan and Kok Ching Wen 

Fundamentals of Developing Conceptual Cost Estimation Models Using Machine Learning Techniques: 

Selection and Measurement of Building Attributes 

 

© 2024 by MIP 254 

Abed, Y. G., Hasan, T. M., & Zehawi, R. N. (2022). Machine learning algorithms for 

constructions cost prediction: A systematic review. International Journal of 

Nonlinear Analysis and Applications, 13(2), 2205–2218. 

https://doi.org/10.22075/ijnaa.2022.27673.3684 

Brink, H., Richards, J., & Fetherolf, M. (2016). Real-world machine learning. Simon and 

Schuster. https://books.google.com.sg/books?hl=zh-

CN&lr=&id=zTczEAAAQBAJ&oi=fnd&pg=PT13&dq=Real-

world+machine+learning&ots=LTHAriHHpk&sig=x6FzEuO0i8uBDcDvFPXA

MHVXVzA&redir_esc=y#v=onepage&q=Real-

world%20machine%20learning&f=false 

Car-Puši, D., & Mladen, M. (2020). Early Stage Construction Cost Prediction in 

Function of Project Sustainability. 631–638. Scopus. 

https://doi.org/10.23967/dbmc.2020.048 

Cho, H.-G., Kim, K.-G., Kim, J.-Y., & Kim, G.-H. (2013). A Comparison of Construction 

Cost Estimation Using Multiple Regression Analysis and Neural Network in 

Elementary School Project. Journal of the Korea Institute of Building 

Construction, 13(1), 66–74. https://doi.org/10.5345/JKIBC.2013.13.1.066 

Elhag, T. M. S., & Boussabaine, A. H. (1998). An artificial neural system for cost 

estimation of construction projects. 14th Annual ARCOM Conference, 1, 219–226. 

Elmousalami, H. H. (2020). Artificial intelligence and parametric construction cost 

estimate modeling: State-of-the-art review. Journal of Construction Engineering 

and Management, 146(1), 03119008. https://doi.org/10.1061/(ASCE)CO.1943-

7862.0001678 

Hashemi, S., Ebadati E., O. M., & Kaur, H. (2020). Cost estimation and prediction in 

construction projects: A systematic review on machine learning techniques. SN 

Applied Sciences, 2, 1–27. https://doi.org/10.1007/s42452-020-03497-1 

Jiang, Q. (2019). Estimation of construction project building cost by back-propagation 

neural network. Journal of Engineering, Design and Technology, 18(3), 601–609. 

https://doi.org/10.1108/JEDT-08-2019-0195 

Juszczyk, M. (2017). The Challenges of Nonparametric Cost Estimation of Construction 

Works With the Use of Artificial Intelligence Tools. Procedia Engineering, 196, 

415–422. https://doi.org/10.1016/j.proeng.2017.07.218 

Juszczyk, M. (2020). Development of cost estimation models based on ANN ensembles 

and the SVM method. Civil and Environmental Engineering Reports, 30(3), 48–

67. https://doi.org/10.2478/ceer-2020-0033 

Ma, Z., Liu, Z., & Wei, Z. (2016). Formalized Representation of Specifications for 

Construction Cost Estimation by Using Ontology. Computer‐Aided Civil and 

Infrastructure Engineering, 31(1), 4–17. https://doi.org/10.1111/mice.12175 

Matel, E., Vahdatikhaki, F., Hosseinyalamdary, S., Evers, T., & Voordijk, H. (2022). An 

artificial neural network approach for cost estimation of engineering services. 

International Journal of Construction Management, 22(7), 1274–1287. 

https://doi.org/10.1080/15623599.2019.1692400 

Mir, M., Kabir, H. M. D., Nasirzadeh, F., & Khosravi, A. (2021). Neural network-based 

interval forecasting of construction material prices. Journal of Building 

Engineering, 39, 102288. https://doi.org/10.1016/j.jobe.2021.102288 



PLANNING MALAYSIA 

Journal of the Malaysia Institute of Planners (2024) 

 

 

 255  © 2024 by MIP 

Park, U., Kang, Y., Lee, H., & Yun, S. (2022). A stacking heterogeneous ensemble 

learning method for the prediction of building construction project costs. Applied 

Sciences, 12(19), 9729. https://doi.org/10.3390/app12199729 

Patil, M. P. A., & Salunkhe, M. A. (2020). Comparative analysis of construction cost 

estimation using artificial neural networks. Journal of Xidian University, 14, 

1287–1305. https://doi.org/10.37896/jxu14.7/146 

Peleskei, C. A., Dorca, V., Munteanu, R. A., & Munteanu, R. (2015). Risk Consideration 

and Cost Estimation in Construction Projects Using Monte Carlo Simulation. 

Management, 10(2), 163–176. 

Pike, J., & Grosse, S. D. (2018). Friction Cost Estimates of Productivity Costs in Cost-

of-Illness Studies in Comparison with Human Capital Estimates: A Review. 

Applied Health Economics and Health Policy, 16(6), 765–778. 

https://doi.org/10.1007/s40258-018-0416-4 

Saeidlou, S., & Ghadiminia, N. (2023). A construction cost estimation framework using 

DNN and validation unit. Building Research & Information, 1–11. Scopus. 

https://doi.org/10.1080/09613218.2023.2196388 

Salleh, H., Wang, R., Affandi, N. Z. H., & Abdul-Samad, Z. (2023). SELECTING A 

STANDARD SET OF ATTRIBUTES FOR THE DEVELOPMENT OF 

MACHINE LEARNING MODELS OF BUILDING PROJECT COST 

ESTIMATION. PLANNING MALAYSIA, 21(5), 110–125. 

https://doi.org/10.21837/pm.v21i29.1359 

Shin, Y. (2015). Application of boosting regression trees to preliminary cost estimation 

in building construction projects. Computational Intelligence and Neuroscience, 

2015, 1–1. https://doi.org/10.1155/2015/149702 

Ugur, L. O. (2017). A neuro-adaptive learning (NAL) approach about costs of residential 

buildings. Acta Physica Polonica A, 132(3), 585–587. Scopus. 

https://doi.org/10.12693/APhysPolA.132.585 

Ugur, L. O., Kanit, R., Erdal, H., Namli, E., Erdal, H. I., Baykan, U. N., & Erdal, M. 

(2018). Enhanced Predictive Models for Construction Costs: A Case Study of 

Turkish Mass Housing Sector. Computational Economics, 53(4), 1403–1419. 

https://doi.org/10.1007/s10614-018-9814-9 

Wang, B., Yuan, J., & Ghafoor, K. Z. (2021). Research on Construction Cost Estimation 

Based on Artificial Intelligence Technology. Scalable Computing: Practice and 

Experience, 22(2), 93–104. https://doi.org/10.12694/scpe.v22i2.1868 

Wang, R., Asghari, V., Cheung, C. M., Hsu, S.-C., & Lee, C.-J. (2022). Assessing effects 

of economic factors on construction cost estimation using deep neural networks. 

Automation in Construction, 134. https://doi.org/10.1016/j.autcon.2021.104080 

Wang, Y.-R., Yu, C.-Y., & Chan, H.-H. (2012). Predicting construction cost and schedule 

success using artificial neural networks ensemble and support vector machines 

classification models. International Journal of Project Management, 30(4), 470–

478. https://doi.org/10.1016/j.ijproman.2011.09.002 

Xuan, L., & Li, J. (2022). Fusion of Computer Technology and Intelligent Logic Analysis 

Algorithm in Construction Engineering Cost Management. 2022 International 

Conference on Sustainable Computing and Data Communication Systems 

(ICSCDS), 1294–1297. Scopus. 

https://doi.org/10.1109/ICSCDS53736.2022.9760789 



Rui Wang, Hafez Salleh, Zulkiflee Abdul-Samad, Nabilah Filzah Mohd Radzuan and Kok Ching Wen 

Fundamentals of Developing Conceptual Cost Estimation Models Using Machine Learning Techniques: 

Selection and Measurement of Building Attributes 

 

© 2024 by MIP 256 

Zhou, C., Ding, L. Y., Skibniewski, M. J., Luo, H., & Zhang, H. T. (2018). Data based 

complex network modeling and analysis of shield tunneling performance in metro 

construction. Advanced Engineering Informatics, 38, 168–186. 

https://doi.org/10.1016/j.aei.2018.06.011 
 

 

Received: 18th Mar 2024. Accepted: 6th July 2024


