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_________________________________________________________________________________________ 

Abstract: The use of artificial intelligence (AI) in construction projects has surged in recent years and is believed to 
represent a significant potential for increasing productivity and efficiency in the industry. The purpose of this paper is to 
present a state-of-the-art view of the field by conducting a review of publications concerning the topic of AI in construction 
and comparing the findings to previously conducted reviews. This paper provides an overview of the recent and current 
uses of AI in construction projects, through a descriptive analysis of the characteristics and contents of 86 peer-reviewed 
articles from 2015 to 2020. Although the application of AI in the industry is not entirely new, construction appears to 
currently be behind other industries in terms of adopting and adapting to AI. The results show that a wide range of research 
is conducted on AI in construction projects. A limited number of publication channels and authors stand behind a significant 
part of the reviewed publications. Most studies are conceptual or use a mixed-methods research design. The research 
addresses several areas of application, but there is a predominance of quantitatively based subfields of construction, such 
as estimation and cost control, logistics, planning, and scheduling. Future research should focus on developing holistic and 
process-oriented frameworks for projects to move from ambition to practice. Findings can inform the future development 
and implementation of AI in the construction industry context. For researchers, this study identifies areas in need of further 
attention and examines possibilities for future exploration of multidisciplinary approaches that combine construction 
engineering, project management, AI, and social science. For practitioners, the study highlights current trends and work 
within the field, providing an overview of the potential for pilot studies, tests, and innovations. 
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1. Introduction

The construction industry is complex; conflicting 
objectives contribute to this complexity, as demands for 
productivity, resource efficiency, sustainability, and 
advances in technology continue to develop rapidly (Wood 
and Gidado, 2008; Luo et al., 2017). In the past, the 
construction industry has been considered rather 
traditional and, although it is currently experiencing a 
digital shift, it remains behind the curve compared to other 
sectors in implementing AI-based solutions (McKinsey 
Global Institute, 2015). Thus, the practical implementation 
of artificial intelligence (AI) in construction is still 
considered a rather unexplored topic. 

The concept of AI is broad, but it can be defined as a 
system or a structure that has ‘the ability to perform tasks 
in complex environments without constant guidance by a 
user’ (University of Helsinki, 2018). AI is believed to 
enable an increase in productivity throughout the entire 

construction project lifecycle chain, ultimately improving 
the sustainability of environmental, economic, and social 
factors (Blanco et al., 2018; Oprach et al., 2019). Benefits 
are expected at the project level, the organisational level, 
and for the industry as a whole. The construction industry 
remains a significant contributor to the gross domestic 
product of many countries. However, it also heavily 
contributes to resource usage, energy consumption, and 
waste production, and the sector suffers several 
occupational fatalities every year (Barker et al., 2007; 
Becqué et al., 2016; Dong et al., 2019). AI is believed to 
impact how the industry approaches sustainability, policies 
on health and safety, risk assessment, planning and 
scheduling, strategy, project performance, cost control, 
and calculations for operations and lifecycles (Hossain and 
Nadeem, 2019). 

AI is a highly interdisciplinary field, comprising 
elements from computer science, logic, mathematics, 
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psychology, and neuroscience (Tidemann, 2020; Tørresen, 
2013). In the construction context, AI systems can be 
grouped into four categories: machine learning techniques, 
knowledge-based techniques, evolutionary algorithms, and 
hybrid systems (Akinade, 2017). Machine learning 
algorithms have the ability to learn from data (Tidemann, 
2019); in the construction industry, neural networks, 
support vector machines, and fuzzy logic seem to be the 
most widely used machine learning techniques (Akinade, 
2017). Knowledge-based systems mimic the problem-
solving expertise of humans to identify solutions for 
complex problems (Sowa, 2000). Frequently utilised 
knowledge-based approaches include expert systems, rule-
based systems, case-based reasoning, and semantic 
networks (Akinade, 2017). Evolutionary algorithms are 
based on biological evolution (Russel and Norvig, 2010); 
evolutionary AI techniques optimise factors and possible 
scenarios to find the most suitable outcome (Dasgupta and 
Michalewicz, 1997) – such algorithms can cover broad 
territory, from genetic algorithms to ant colony 
optimisation, particle swarm optimisation, and artificial 
bee colonies (Akinade, 2017). Hybrid systems combine 
two or more AI approaches to maximise the strengths and 
overcome the weaknesses of individual approaches 
(Russel and Norvig, 2010).  

This study investigates the current and potential use of 
AI in construction projects, through a scoping review of 86 
articles from peer-reviewed journals. Providing an 
overview of the available research will indicate which 
knowledge exists in the field, and where further research is 
required. Specifically, the study addresses the following 
research questions (RQs):  

 RQ1: What research has been carried out on AI in 
construction projects?   

 RQ2: What research approaches have been used in 
studies on AI in construction projects?   

 RQ3: What gaps exist in the research? 

The first research question will be answered through a 
descriptive analysis of the selected publications. For this 
purpose, the following data will be collected: title; 
author(s); year of publication; study location; and 
keywords. The second research question will be answered 
through a more extensive analysis of the research design of 
each study, assessing and classifying the chosen 
methodology as conceptual, qualitative, quantitative, or 
mixed. Last, the third research question will be answered 
by assessing the overall purpose of each study, its focus of 
attention, significant results, and conclusions; this stage 
also includes assessing the answers to the two previous 
research questions.  

Several literature reviews on the topic of AI in 
construction projects have previously been conducted. For 
example, Ilter and Dikbas (2009) reviewed AI applications 
in construction dispute resolution; Martínez and 
Fernández-Rodríguez (2015) reviewed AI as a tool for 
estimating project success and identifying critical success 
factors; Juszczyk (2017) reviewed the use of AI for cost 
estimation in construction projects; Basaif and Alashwal 
(2018) reviewed AI applications for risk analysis in 
construction projects; Xiao et al. (2018) conducted a 
bibliometric review of AI in construction engineering and 
management, providing an overview of the most 
influential studies of AI in construction between 2007 and 

2017; and Darko et al. (2020) conducted a scientometric 
analysis of research activities related to the use of AI in the 
architecture, engineering, and construction (AEC) industry. 

This review examines a range of relevant articles 
published between 2015 and 2020 to provide a state-of-
the-art perspective of the available technology and its 
current areas of application in construction projects. 
Reviews conducted by Ilter and Dikbas (2009), Martínez 
and Fernández-Rodríguez (2015), Juszczyk (2017), and 
Basaif and Alashwal (2018) considered AI applications in 
specific areas. Xiao et al. (2018) conducted a bibliometric 
review on publications up to 2017. Darko et al. (2020) 
mapped research interests and themes in the AEC industry, 
identifying topics such as optimisation, simulation, and 
decision-making. This study will contribute to the 
research field by examining and assessing the body of 
literature dating from 2015 to 2020, focusing on the 
variety of practical applications of AI in construction 
projects. The study targets use cases and applications as 
well as the research activity itself. Ultimately, this study 
provides a state-of-the-art overview for reference to future 
research endeavours, highlighting relevant resources, 
potential collaborators, and areas in need of more work. 
For practitioners who wish to implement AI-powered 
tools in their projects, it provides a sense of direction for 
AI-powered innovation, a resource for identifying 
potential AI solutions for their problems, and an 
opportunity to benchmark their work against previous 
undertakings in the field.  

The remainder of the study is organised as follows: the 
next section explains the methodology of the review 
process; the Results section presents and discusses the 
main findings of the review; the Conclusion section 
answers the research questions as defined and summarises 
the qualitative characteristics of the body of publications, 
the research approaches used, and the gaps identified 
within the field. The last section reflects upon the 
possibilities this study provides for future research, as well 
as the limitations of the conducted review.  

2. Method 

2.1. Unstructured Literature Search  

The perceived feasibility of the study was measured 
against the comprehensiveness of the scoping process, 
following the recommendations by Levac et al. (2010). 
This provided the main motivation for an initial, 
unstructured literature search. Conducting this initial 
search in an explorative manner provided a broad 
knowledge of the field, and ultimately created a foundation 
for the literature review. The purpose of the preliminary 
search was to produce a literary warrant, thereby 
establishing a suitable foundation for further definition and 
indexing of terms and classes during the review. The 
search provided an overview of the topic and contributed 
to an initial understanding of the development of the field 
and related key concepts.  

2.2. Systematic Scoping Review  

To answer the research questions, a scoping review was 
conducted according to the preferred reporting items for 
systematic reviews and meta-analyses (PRISMA) 
framework (Moher et al., 2009) and the scoping 
methodology framework presented by Arksey and 
O’Malley (2005). Reviews within the field of management 
are often considered to be comprised of a process of 
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exploration, discovery, and development (Tranfield et al., 
2003); therefore, it is desirable to choose a flexible 
approach that can be modified throughout the study. The 
scoping review enables such a flexible but systematic 
approach and comprises five steps:  

1. Identifying research questions 

2. Identifying relevant studies  

3. Selection of relevant studies by formulated criteria  

4. Charting the data 

5. Collating, summarising, and reporting results  

To clarify and further evolve the framework, Levac et 
al. (2010) present some specific recommendations for each 
step. For the methodological approach of this review, the 
recommendations employed included linking the purpose 
of the study to the research questions early in the process, 
in order to facilitate decision-making regarding the 
inclusion and exclusion of relevant publications as the 
scoping review proceeds. The nature of the scoping review 
provides for an emergent and iterative process, meaning 
that such criteria might not become fully clear until the 
later stages of the review (Gough, 2007a). In this review, 
the inclusion and exclusion criteria as presented produced 
the final selection of publications. The criteria were 
updated throughout the process to sustain the systematic 
manner of the review; a more systematic approach helps to 
provide trustworthiness and accountability for the 
literature review (Gough, 2007b).   

The next step was to initiate a manual search of selected 
databases. The databases were chosen as they were known 
to include significant topics and authors, as identified 
through the preliminary search. Additionally, the selected 
databases were deemed especially suitable due to their 
interdisciplinary nature, and their position as well-
recognised databases for academic articles and 
publications. The selected databases were Scopus, 
ScienceDirect, and Web of Science, each of which 
provides an advanced search function that allows the user 
to customise their search preferences. Identification and 
selection of relevant studies – steps two and three of the 
scoping review framework – were structured according to 
the PRISMA framework (Moher et al., 2009), as illustrated 
in Fig. 1. 

Tranfield et al. (2003) emphasise the importance of a 
well-defined search string in order to create a replicable 
and transparent search strategy. During the first, 
unstructured search, several search strings were explored. 
For example, TITLE-ABS-KEY (construction and 
artificial intelligence). This search resulted in 60,398 hits 
across the three databases. Even after further restrictions, 
such as year, language, and document types, this search 
string yielded an unmanageable number of publications. 
Moreover, the initial search proved that several terms, 
including expert systems, knowledge engineering, and 
even artificial intelligence, seem to lack a single definition 
within the field. Therefore, the final search string needed 
to be open enough to include possible variations of such 
words but narrow enough to exclude the most peripheral 
subjects. For the scoping search, the string was modified to 
TITLE-ABS-KEY (‘construction project*’ AND ‘artificial 
intelligence*’), which resulted in a far more relevant 
selection of publications and 1,608 hits. An additional 21 

publications were reviewed upon request from scholars 
involved in the study. 

A set of inclusion and exclusion criteria were defined 
for filtering, to help ensure the relevance and credibility of 
the sources for the review. Decisions regarding inclusion 
and exclusion criteria remain relatively subjective 
(Tranfield et al., 2003); this strengthens the need for a 
transparent and verifiable process of inclusion and 
exclusion. Thus, one criterion used was that the inspected 
studies must deal with technology that could be considered 
AI. For example, studies were excluded that simply 
discussed challenges of construction projects, or the 
construction industry, without any explicit mention of 
specific solutions. The field and definitions of AI are 
rapidly changing; the availability and accessibility of data 
and technology are rapidly increasing, while the cost of 
data processing tools is rapidly decreasing. This enables 
applications that were not possible just a few years ago. 
Therefore, in order to ensure and capture a state-of-the-art 
view of the topic, this review only included literature from 
2015 to 2020. Furthermore, the document type was limited 
to include only peer-reviewed articles. As the scoping 
methodology itself does not include a formal application 
of quality assessment criteria, strictly including 
publications from peer-reviewed sources contributes to an 
implicit quality in the chosen body of publications.  

The main targets of this analysis were studies of 
conceptual or practical cases of AI in construction projects; 
however, studies discussing AI in the construction industry 
in a more general fashion were also included, as long as the 
technology was not explicitly targeted toward 
infrastructure or industrial construction – such articles 
were excluded. Studies without mention of any specific 
technologies or techniques were also excluded. If a 
publication discussed a specific technology with an 
explicit functionality but did not name the technology, it 
was included. Finally, the search was limited to only 
include publications written in English; any duplicates 
were also removed during this process. Following this, 
manual screening of titles, abstracts, and keywords was 
conducted to assess the relevance of the remaining 
publications in the selection; 481 records were screened, 
and 374 were excluded. A full-text assessment of the 
remaining 107 records was then conducted, to ensure their 
eligibility and to evaluate the contribution of each study 
beyond its title, abstract, and keywords. Twenty-one 
articles were found to be out of scope, and seven lacked 
sufficient detail to provide an accurate assessment. Eighty-
six articles remained to be included in the review.  

2.3. Classification Framework  

To answer the research questions, several dimensions were 
defined along which the selected articles were analysed; 
together these constituted the assessment framework and 
provided a foundation for the fourth and fifth steps of the 
scoping review framework. The classification framework 
was structured to enable a holistic and comprehensive 
analysis of the field of AI in the context of construction 
projects and provide a descriptive presentation of the body 
of publications, according to the recommendations by 
Arksey and O’Malley (2005). The descriptive features of 
each publication were collected directly from each 
database and included the year of publication, source 
journal, author(s), location, and keywords. Table 1 
describes the classification framework.  
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Fig 1. PRISMA flow diagram describing the review process

The publication methodology was classified as either 
conceptual, qualitative, quantitative, or mixed-method. 
Some publications did not offer a definitive description of 
their research methodology; in these cases, the chosen 
methodological approach needed to be interpreted from 
any direct or indirect descriptions provided by the author(s) 
themselves. Where the approach of the publication was 
strictly developmental in terms of, for example, a specific 
terminology, system, or framework, the methodology was 
considered to be conceptual. A publication was considered 
to be qualitative if it addressed the subject in a qualitative 
manner, such as by discussing certain soft factors 
regarding the implementation of AI, its potential or non-
quantifiable implications, or the effects of its 
implementation. Meanwhile, publications considered 
quantitative addressed the more quantifiable effects of 
implementation, or the applications of the tools themselves; 
use of specific algorithms, for example. Publications were 
assessed to be using mixed methods when the research 
design appeared to use two of the three aforementioned 
methodologies equally. 

The categorisation of areas of applications comprised 
four steps: 

1. Identifying common applications  

2. Clustering similar applications  

3. Filtering out rarely mentioned applications  

4. Sorting applications by categories  

This procedure resulted in nine categories that summarised 
the grouped findings of the literature search: logistics and 
scheduling, estimation and cost control, health and safety; 
project performance and success estimation, strategic 
design, risk management, material properties, reviews, and 

implementation, and sustainability. The contents of the 
publications in each of these categories are further 
addressed in Section 3.3.  

The initial search uncovered countless definitions and 
descriptions of AI-powered technologies and techniques. 
Thus, the framework defined by Akinade (2017), as 
described in the introduction, was used for classification 
and categorisation: machine learning, knowledge-based 
systems, evolutionary algorithms, or hybrid systems. The 
classification presented in Section 3 was based upon the 
description of the techniques provided by the authors 
themselves and how these compared to the categories in 
the chosen framework. Where the authors did not provide 
a sufficient description of the technique being used or 
discussed, the technology was labelled N/A.  

3. Results 

3.1. Descriptive Analysis  

Fig. 2 shows the number of publications in each year for the 
review selection. Although the sample is small, the trend 
line indicates a steady increase in publications from 2015 to 
2020; Xiao et al. (2018) noted a gradual increase in 
publications on AI in construction up to 2017, and the 
increase seems to hold for later years. The years 2016 and 
2017 appear to show dips in development; during the 
review, it was noted that many of the publications from 
2016 and 2017 were related to infrastructure, roads, and 
tunnels. The differences in this sample of publications and 
the full body of publications from the same years could be 
due to several reasons. One explanation is that the focus 
could have shifted over the years; whereas a certain area of 
the industry was more concerned with the use of AI in 
earlier years, other areas seem to have experienced an 
increased interest in AI as time progressed. Another 
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possible explanation lies in the selection of studies provided 
by the chosen databases – using other databases could 
potentially have yielded additional or different results.  

The most frequent publication channels are charted in 
Fig. 3. A significant portion (15%) of the publications were 
published in the Automation in Construction, followed by 
procedia engineering (8%) and the Journal of Building 
Engineering (6%). The findings of Xiao et al. (2018) and 
Darko et al. (2020) confirm that the Automation in 
Construction has been the leading publisher in 
construction-related research in AI for a significant period. 
This observation is of interest to anyone involved in the 

field, as it provides a suggestion of both where to read and 
where to submit research. There is a clear tendency for the 
conceptual and technically focused studies to be published 
in journals such as the Automation in Construction and the 
Journal of Computing in Civil Engineering, whereas 
qualitative studies, assessing the potential, barriers, and 
effects of the implementation of AI are more common in 
such journals as the Journal of Civil Engineering and 
Management and the Journal of Construction Engineering 
and Management. Certain journals, such as Safety Science 
and Energy and Buildings, are more targeted toward 
specific areas of AI application.  

Table 1. Literature classification framework 

Grouping Collected data Purpose 

Descriptive features 1.1 Year of publication 

1.2 Source 

1.3 Author(s) 

1.4 Location 

1.5 Keywords 

Describe the characteristics of 
the selected articles. 

Method 2.1 Conceptual 

2.2 Qualitative 

2.3 Quantitative 

2.4 Mixed methods 

Classify the chosen 
methodology in the field of 
study. 

Area of application 3.1 Estimation and cost control 

3.2 Health and safety 

3.3 Logistics and scheduling 

3.4 Material properties 

3.5 Project performance and success estimation 

3.6 Reviews and implementation 

3.7 Risk management 

3.8 Strategic design 

3.9 Sustainability 

Explore the area of application 
and utilisation of the 
technology or technique at 
issue. 

Technology 4.1 Machine learning 

4.2 Knowledge-based systems 

4.3 Evolutionary algorithms 

4.4 Hybrid systems 

4.5 N/A 

Explore which specific 
technology or technique is 
being utilised or discussed. 

Based on the framework 
presented by Akinade (2017). 

 

 

Fig. 2. The number of publications per year 
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Fig. 4 shows the most prolific researchers within the 
field. It appears that a limited number of researchers and 
authors are involved in a significant amount of the research 
conducted. 

As Fig. 5 shows, the main contribution to the body of 
publications comes from the United Kingdom, followed by 
China, Taiwan, the United States, and Australia. This 
could be explained by a higher concentration of 
researchers within the field in these countries, but it seems 
reasonable to assume that this could also be due to the fact 
that this review only included publications written in 
English. Other countries could be publishing research 
within the field but in their languages. In total, 21 countries 
were represented. A low representation of countries can 
imply that the field is somewhat immature. However, the 
field appears to be evolving, as additional scientific 
environments seem to be emerging.  

All keywords, meaning not only author keywords, were 
assessed, as author keywords are largely reliant on authors’ 

experience, interests, and knowledge. In total, 441 
keywords were defined, out of which 354 were distinct. 
However, certain keywords were found to be used more 
frequently (Fig. 6). To provide a better understanding of 
keyword frequency, interchangeable keywords were 
grouped. For instance, ‘artificial intelligence’ and ‘AI’ 
were simply grouped into ‘artificial intelligence’, as were 
‘construction project’ and ‘construction projects’, and 
‘building information model’ and ‘building information 
modelling’. ‘Artificial intelligence’ appearing as the most 
frequent keyword seems reasonable, as does ‘construction 
project(s)’ as the second most frequent keyword. 
‘Construction management’ and ‘decision support systems’ 
as the third and fourth most often used reflect, to some 
extent, the focus of the current research. The high 
frequency of ‘machine learning’ and ‘neural networks’ 
reflects what appears to be the rather predominant position 
of these techniques.  

 

 Fig. 3. Most frequent publication channels 

Fig. 4. Most frequent authors with two or more publications 
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Fig. 5. Most frequent countries of main authors  

Fig. 6. Most frequent keywords  

3.2. Methods  

Since not all the studies explicitly described their 
chosen methodology, it is possible that this data may 
contain errors. To elaborate, certain publications do not 
label their own methods within the framework defined for 
this study. Here, the descriptions of the method provided 
by the authors of the individual studies are used as the 
reference when categorising each study. There seems to be 
a slight tendency towards a conceptual methodology (40%), 
as Fig. 7 illustrates, which can also be seen in previous 
literature reviews (Juszczyk, 2017). Most of the studies 
based on a conceptual methodology are concerned with 
developing specific AI-powered tools and techniques. 
More than half of the conceptual studies include some 
quantitative testing and validation in the development of 
the technique; this is still to be considered part of the 
development process itself and thus accounted for as 
conceptual. Several of the conceptual studies provide 
specific solutions or algorithms tailored toward certain 
areas of application. Most were tested on a proof-of-
concept scale, and the research does not explicitly state 
whether or not it was developed further or implemented on 
a bigger scale.   

The mixed method is the second most frequently used 
methodology (28%). Most of the studies classified as 
mixed methods are rooted in a conceptual base, but in 
combination with traditionally qualitative or quantitative 
methods, for example, the observation of specific case 
projects or the use of questionnaires. Purely qualitative 
studies account for a slightly smaller proportion (21%) of 
the body of publications. These studies are mainly 
concerned with the prospects surrounding the technology, 
which include potential future areas of application, 
possibilities, and barriers to the technology itself, related 
to soft factors, people, and processes. Very few discuss the 
use of AI in the context of people and processes, focusing 
on technology awareness and digital maturity with an 
emphasis on AI. However, this discussion seems to be 
lacking in the studies that discuss more specific solutions 
and tools. This synthesis is supported by previous reviews, 
such as the one undertaken by Basaif and Alashwal (2018), 
which suggests that a gap exists between the potential that 
the technology constitutes and the evidence of how it is 
utilised both in practical and academic contexts. Other 
studies compare different techniques and tools in a 
qualitative frame of reference. Purely quantitative studies 
account for only 12% of the body of publications. These 
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studies involve the testing of previously developed 
techniques and algorithms and are usually applied to rather 
limited datasets. This could suggest a relatively low degree 
of research-based AI implementation, constituting a great 
potential for future implementation and pilots.  

Another observation is that to some extent, the number 
of studies conducted within each methodological approach 
can be observed to change over the years; this suggests a 
shift not only in the focal area, as already mentioned, but 
possibly also in the methodological stance. Earlier 
publications show a tendency towards mixed or purely 
quantitative or qualitative studies, whereas later 
publications are more often purely conceptual. This could 
further suggest a field undergoing change. An increasing 
interest in AI within the construction industry becomes 
apparent; this is confirmed both by the body of 
publications as a whole and individual studies. However, 
the high concentration of conceptual studies could suggest 
a gap between theory and practice.  

 

Fig. 7. Distribution of chosen methodology  

Many studies appear to remain in a development phase 
while very few address the practical adoption of AI-based 
technology in the industry and among practitioners at a 
larger scale. To elaborate, most studies illustrate how 
certain technology can be utilised in different parts of 
construction projects, for example exploring site layout 
design (Amiri et al., 2017), or predicting project 
performance (Mirahadi and Zayed, 2016). However, the 
majority of studies lack a larger context for the technology 
– a framework for the technology to operate within. The 
studies do not discuss organisational or process-oriented 
considerations in the adaption and adoption of AI in 
projects. This could, naturally, have many explanations. 
For example, a few studies discuss the lack of access to 
sufficient amounts of quality data. Another possible 
explanation could lie in the lack of transferability in the 
developed models and frameworks, meaning that new 
studies are not necessarily able to build on previous 
research. This could suggest a need for a more standardised 
framework of technologies and terminology for 
researchers to operate within when exploring the topic of 
AI in construction. Challenges concerning transferability 
could ultimately prevent a model built in one environment 
from being useful in another environment, due to 
differences in requirements and prerequisites; it could also 
prevent one researcher from effectively building upon the 
work of another. There is no simple solution to such a 
complex problem, but it seems reasonable to assume that 

an increased degree of transparency and communication, 
both in the research field as a whole and in individual 
studies, would be beneficial.  

3.3. Areas of Application  

In terms of areas of application, the research seems to be 
relatively evenly distributed, as Fig. 8 shows. There 
appears to be a predominance of estimation and cost 
control (22%) and logistics, planning, and scheduling 
(19%); the two together account for almost half of the body 
of publications. As mentioned, the availability of a 
sufficient quantity and quality of data is a challenge in the 
construction industry. The two predominant areas both 
lean towards the quantitative and more easily measurable 
area of the industry; time and money are easily 
quantifiable.   

 A third of the studies categorised under estimation 
and cost control examine the application of AI to cost 
prediction and estimation (Shin, 2015; Juszczyk, 2017; 
Elmousalami, 2019; Yaqubi and Salhotra, 2019; Juszczyk 
et al., 2019; Juszczyk, 2020). Other applications in the 
category include tender price evaluations (Zhang et al., 
2015; Bilal and Oyedele, 2020a; Mehrabani et al., 2020), 
cash flow prediction and mapping (Cheng et al., 2015; 
Cheng et al., 2020a), and cost-effectiveness analysis 
(Wang et al., 2019). Furthermore, publications categorised 
as estimation and cost control include assessment of 
profitability (Oyedele et al., 2019), profit margin 
estimation (Bilal and Oyedele, 2020b), and prediction of 
project award price (Chou et al., 2015). Similarly, studies 
explore the selection of optimal construction bid price 
(Aboelmagd, 2018), the setting of baseline rates 
(Shahtaheri et al., 2015), and the calculation of the 
construction site cost index (Juszczyk and Leśniak, 2019). 

 The category of logistics, planning, and scheduling 
includes publications discussing applications of AI to 
improve construction project schedules (de Soto et al., 
2017), estimation of construction project schedules (Cheng 
and Hoang, 2018; Cheng et al., 2020b) progress 
monitoring (Golparvar-Fard et al., 2015), and prediction of 
risk delay (Yaseen et al., 2020). Other studies discuss the 
topic of clash relevance prediction (Hu and Castro-
Lacouture, 2019), resolving design clashes (Hsu et al., 
2020), and validation of change requests (Dawood et al., 
2019). Publications focused on logistics include the 
utilisation of AI in resource management (Xing et al., 2016; 
Podolski, 2016; Camacho et al., 2018), resource-
constrained scheduling (Li and Womer, 2015; Zheng and 
Wang, 2015), and the resource-levelling optimisation (Iyer 
et al., 2015). For the physical construction site, material 
layout planning (Cheng and Chang, 2019), and site layout 
design (Amiri et al., 2017) are explored. 

 In the category of strategy strategic matters such as 
project selection (Mousavi et al., 2015; Fallahpour et al., 
2020), contractor pre-qualification (Kog and Yaman, 
2016), and strategic supply chain management & supplier 
selection (Taherdoost and Brard, 2019) are examined. 
More specific endeavours are also found, in publications 
studying the utilisation of AI in relating organisational 
characteristics and project delivery methods (Gazder et al., 
2018) and enhancing communication between actors 
(Khosrowshahi, 2015). Appraisal of decision support 
systems for modularisation (Sharafi et al., 2018) and 
prefabrication (Arashpour et al., 2017; Li et al., 2018; Zhou 
and Ren 2020) are also seen from a strategic perspective. 

Conceptual, 
40%

Mixed, 
28%

Qualitative, 
21%

Quantitative, 12%
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 In the category of health and safety (10%) all studies 
explore AI utilisation in safety, while two focus specifically 
on the interaction between health and safety (Ayhan and 
Tokdemir, 2018; Nnaji and Karakhan, 2020). Safety 
applications include the identification of factors indicating 
and influencing safety on the construction site (Poh et al., 
2018; Goh et al., 2018; Xu et al., 2020, Han et al., 2020), 
safety planning of temporary structures (Kim et al., 2018), 
planning of safe construction site layouts (Ning et al., 2018) 
and safety assessment (Ayhan and Tokdemir, 2019). 

 Publications examining project performance and 
success estimation (10%) are generally targeted toward 
project management, the majority focusing on decision 
support for the project manager, or the discipline and 
process of project management itself (Hajdasz, 2015; 
Gudauskas et al., 2015; Hanna et al., 2018; Mahfouz et al., 
2018; Vickranth et al., 2019). Other studies focus on 
predicting and optimizing project performance, time, and 
cost (Mirahadi and Zayed, 2016; Jaber et al., 2019) or 
project evaluation (Erzaij et al., 2020). 

 Topics related to risk management (8%) include risk 
analysis (Pruvost and Scherer, 2017; Basaif et al., 2020), risk 
assessment (Samantra et al., 2017) and risk prediction (Zou 
et al., 2017). Other publications categorised as risk 
management include studies examining the identification of 
critical risks in projects (Qazi et al., 2016), forecasting of 
project status based on threats-opportunities and strength-
weaknesses (Boughaba and Bouabaz, 2020), and 
construction site accident classification (Cheng et al., 2020c).  

 One group of articles provides an overview of the 
current situation in the construction industry and maps 
possibilities, barriers, and implications within the field 
through reviewing the existing body of publications. 
Identified reviews explore the use of relevant technology 
in construction projects: machine learning (Hong et al. 
2020), deep learning (Akinosho et al., 2020) and 
automation (Faghihi et al., 2015). Eber (2020) investigates 
the potential of AI, and Delgado et al. (2019) investigate 
industry-specific challenges in the implementation of AI; 
both in the context of the construction industry. Chen et al. 
(2015) investigate the use of BIM in conjunction with AI. 

 Only one of the publications assessed in the category 
of sustainability (7%) is concerned with social sustainability, 
specifically dispute resolution (Elziny et al., 2016). The 
remaining studies mainly explore environmental 
sustainability, while a few are centred around sustainability 
in broader terms. These publications examine design 
optimization for sustainability (Liu et al., 2015; Rodriguez-
Trejo et al., 2017), assessing and classifying sustainability in 
a project (Akbari et al., 2018), or waste reduction 
(Banihashemi et al., 2017; Bilal et al., 2019). 

 Publications categorised in materials properties 
(5%) are related to the quantitative assessment of 
construction materials, predicting properties of concrete 
(Vakhshouri and Nejadi, 2015; Zhang et al., 2020), 
specific construction elements (Qi et al., 2018) and using 
remote electron microscope technology to monitor the 
composition of materials (Xu et al., 2020). 

Notably, even if a lot of the studies address a certain 
area of application conceptually or in general terms, 
relatively few studies report on actual implementation and 
practical use beyond pilots and proofs-of-concept. Most 
focus on the potential use or the development of techniques 
for future use. No significant links were found in the body 
of publications between the chosen areas of application 
and the chosen methodologies.  

An overwhelming majority of the studies examine the 
use of AI first and foremost as a decision support tool, 
implying that the human decision-maker is still seen as an 
essential part of the project, the project processes and 
activities; this could suggest a low degree of maturity in 
the implementation of AI in the industry. 

3.4. Technology   

Fig. 9 shows the distribution of technology discussed 
in the publications, based on the authors’ own descriptions, 
categorised by the framework presented by Akinade 
(2017); the distribution shows a clear tendency. More than 
a third of the publications (38%) do not explicitly state the 
nature or class of the technology in question. Some 
explanations for this were identified during the search. 
Studies lacking a technical description seem to mainly 
focus on implications and effects, or potentials and barriers, 
rather than the development or use of specific technologies. 
Hybrid systems (26%) and machine learning (26%) were 
the main techniques studied in more than half of the 
publications. Knowledge-based systems constituted 6% of 
the reviewed studies, despite case-based reasoning, a type 
of knowledge-based system (Akinade, 2017) being 
identified as one of the most frequently used tools in 
dispute resolution in projects (Ilter and Dikbas, 2009). 
However, the limited use of case-based reasoning is also 
seen in previous reviews (Xiao et al., 2018). Similarly, 
evolutionary algorithms only constituted 2% of the studies, 
despite previously being identified as one of the most 
frequently used tools in AEC (Darko et al., 2020). 
However, Darko et al. (2020) suggest that genetic 
algorithms might be more widely utilised as a part of 
hybrid systems. Akinade (2017) suggests that the strength 
of hybrid systems lies in their capability to overcome 
weaknesses related to single AI techniques or algorithms, 
which makes them a useful option in complex and dynamic 
construction projects. The majority of the hybrid-classed 
studies describing technology and techniques also utilised 
machine learning, mostly supervised machine learning; a 
notable number were also based on evolutionary 
algorithms. Among the publications discussing machine 
learning, half specifically discussed neural networks. The 
frequent use of neural networks is also confirmed in 
previous reviews (Ilter and Dikbas, 2009; Martínez and 
Fernández-Rodríguez, 2015; Juszczyk, 2017; Darko et al., 
2020). The remainder of the publications showed no 
significant trend or preferred technique within the 
category.  There appears to be an increase in the 
application of hybrid models in the later years compared to 
the earlier years (Xiao et al., 2018). This could suggest 
increased use of more compound systems as technology 
and industry development because hybrid systems are able 
to solve more complex tasks than any single system 
(Akinade, 2017).  
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Fig. 8. Distribution of areas of application  

 

Fig. 9. Distribution of discussed technology 

As part of the screening process, studies using the term 
AI without addressing specific techniques or technology 
were discarded. This was warranted for a significant 
number of studies, which implies that many authors use 
‘AI’ somewhat loosely; the same can be said for machine 
learning. One explanation could be a lack of 
unambiguously defined terminology and vocabulary in the 
academic field, especially in the context of the construction 
industry. Another explanation could lie in the fact that 
these are ‘buzz words’, popularised by the media; this can 
contribute to the confusion of definitions. This observation 
is to some extent validated by the high number of 
exclusions required during the screening process (Fig. 1); 
a majority of the exclusions were caused by the high 
number of papers discussing technology not explicitly 
defined as AI.4. conclusion  

This paper contributes to the current state of research 
on AI in construction projects by presenting a state-of-the-
art view of the field of AI in construction. For researchers, 
it provides an overview of the most influential publication 
channels, authors, methodologies used, and areas of 
application, ultimately providing a direction for future 
research. For practitioners, it illustrates possible areas of 
innovation and application of AI-powered techniques and 
serves as a tool for benchmarking.   

The findings of this study indicate a versatile body of 
literature, with a few characteristics that stand out. There 
seems to be a steady increase in the number of publications 
from the years 2015 to 2020. Three journals, Automation 
in Construction, Procedia Engineering, and the Journal of 
Building Engineering amount account for a quarter of the 
publications, with the rest of the articles being distributed 
evenly among the remaining 48 publication channels. A 
limited number of authors produced the majority of the 
publications; correspondingly, a limited number of 
countries are also far more prominent than others.   

The preferred approaches in the field have changed 
during the last few years, indicating a rapidly developing 
field. Studies are often descriptive in nature, due to the lack 
of empirical evidence. Purely conceptual studies constitute 
almost half of the reviewed publications, suggesting a 
theoretical foundation, but a lack of practical 
implementation beyond small-scale testing and proofs-of-
concept. This can be taken as a sign that the field itself 
remains at an emergent stage, but at the same time, this 
provides an understanding of the great potential the field 
demonstrates. Existing case-based research can and should 
be used as a foundation for larger-scale studies.  

The field is rapidly evolving, together with new 
technologies, techniques, and tools being developed both 

Estimation and cost 
control , 22%

Logistics, planning and 
scheduling , 19%

Strategy , 12%

Health and safety , 10%

Project performance and 
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in and out of the construction context. A visible change in 
preferred methods, as well as a change in keywords over 
time, implies that the field is indeed developing. The 
conceptual methodology seems to be the preferred 
approach in the field of study. The extensive use of 
conceptual methodology suggests that this method works 
in a research context but could at the same time suggest a 
need for other, more practically focused methods to further 
develop the field. The wide thematic range of previous 
studies has provided a valuable foundation for future 
research, but the field is assumed to benefit from a shift 
toward more interdisciplinary based studies. Among the 
barriers to practical implementation is the lack of sufficient 
quantity and quality of data, as well as transferability 
among developed models and frameworks. This could be 
due to the immaturity of certain technologies within the 
industry context, posing problems in practical 
implementation, testing and surveying. This is supported 
by the findings, specifically the limited extent of big-scale 
experimental and practical implementations. It has been 
shown that AI has been applied to several areas, and the 
body of evidence is relatively evenly distributed 
thematically, with a slight predominance of more 
quantitatively focused areas of application. This highlights 
the need for a degree of standardisation and structure in the 
field, allowing researchers to assess and compute both the 
qualitative and quantitative areas of the industry. 
Standardisation of collected data, process-oriented 
frameworks, industry wide definitions of terminology and 
technology are believed to enable a greater degree of 
transparency and interdisciplinary collaboration in the 
field, ultimately contributing to the research field evolving. 
The identified research appears to have focused mostly on 
the technology itself, and less on the context the 
technology would be operating within; this suggests that 
the field could benefit from an increased focus on 
organisational and process-oriented research in the context 
of AI and construction 

5. Limitations and Future Research 

For future research, this study provides a sense of direction 
and highlights where current gaps in the research are to be 
found. It becomes apparent that AI holds significant 
potential for increased productivity and sustainability in 
construction projects, but the construction industry seems 
to lack the progress seen in other industries. For the future 
of the field, transparency and explicit definitions across all 
sub-fields will be of particular importance for the field as 
a whole to mature and develop – and to a greater extent to 
ensure comparability and transferability among studies and 
findings. The research currently lacks empirical data and 
research on implementation and performance beyond 
small-scale testing and proof-of-concepts. Research 
mapping the effects of the increased use of AI also seems 
to be lacking. Pilots and testing are important first steps in 
a developing field; however, in order to truly change 
deliveries and deliverables through the use of AI future 
research must focus on developing holistic frameworks for 
projects to move from ambition to practice.  

A few limitations can be associated with this study. 
First, the research may be limited by deficiencies in data 
collection and analysis, as a limited number of sources 
were reviewed. Second, limitations could be associated 
with the chosen framework for the review. For example, 
only articles written in English were included in the final 
sample; therefore, the chosen publications are not 

necessarily conclusively representative of the field of AI in 
construction projects. Another possible limitation is the 
organisation of the search as a manual search of chosen 
databases. This may have led to some relevant studies 
being missed, thereby possibly under-estimating or 
wrongly assessing the extent of research regarding AI in 
construction projects.  

Furthermore, limitations are associated specifically 
with the scoping review methodology itself: the scoping 
review does not formally evaluate the quality of the 
publications reviewed and relies on the implicit quality of 
the publication sources. The descriptive nature of the 
methodology can result in broader, less defined searches; 
however, it also ensures flexibility and resilience in the 
study and allows for more rapid mapping which is 
beneficial for an expanding research field.  
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