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Abstract: Big data technology has triggered a boom in research and applications around the world.
The construction industry has ushered in a new technological change in this context. Researchers
have conducted in-depth research on the intersection of big data and architecture, but lack quanti-
tative analysis and comprehensive evaluation of the research results. This article draws a series of
knowledge maps with the help of the CiteSpace software using the relevant literature in the Web
of Science database between 2007 and 2022 as data samples to comprehensively grasp the research
development at the intersection of big data and the construction industry. The knowledge base,
research hotspots, and domain evolution trends in the intersection of big data and the construction
industry are analyzed quantitatively and aided by qualitative analysis through visualization, respec-
tively. The results show that Chinese and American scholars have published more relevant papers in
international journals, and some well-known universities in both countries constitute the main group
of research institutions. The research hotspots are BIM, data mining, building energy saving, smart
cities, and disaster prevention and damage prevention. In the future, the research on the integration
and application of the construction industry with emerging technologies, such as big data, BIM, and
cloud computing will be connected more closely. This study provides a preliminary overall picture of
the research of big data in the field of construction by sorting out and analyzing the existing results.

Keywords: big data; construction; civil engineering; CiteSpace; visualization

1. Introduction

The advent of the era of big data is changing the thinking and ways of human life,
production, and scientific research [1]. The resulting information technology change has
been widely used in agriculture, finance, transportation, manufacturing, construction, and
other industries [2]. Governments around the world have implemented policy actions
and formulated big data development strategies [3]. The construction industry consists
of many fields, such as civil engineering, roads, bridges, and building energy, which
generate a large amount of data on drawings, materials, processes, costs, quality, safety,
etc., in the planning, design, construction, and operation and maintenance phases. The
data involved is extremely extensive and complex, and the collection of all kinds of data
makes the construction industry itself a huge data carrier [4]. As one of the traditional
industries of the national economy, the traditional development mode of the construction
industry relying on a rapid expansion of scale is unsustainable. Due to the influence of
the era of big data, it also faces new challenges and opportunities in its development,
and it is of great significance to study and promote the high-quality development of the
construction industry for both the construction industry and economic development [5].
Through the analysis of big data technology, it can be found that big data technology has the
characteristics of convenient and fast data processing, which is especially in line with the
development characteristics of modern engineering construction, so the construction field
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has also set off a research boom for big data [6]. The core value of big data technology lies in
mining the potential value of data, which provide real and reliable data basis for building
and decision-making by processing data that cannot be used efficiently. In order to quickly
analyze, maximize its value, and better promote the development of the construction
industry on the basis of ensuring and improving the quality and safety of civil engineering
construction [7].

In the current development process of the construction industry, big data technology
already shows greater potential for application development, and its specific applications
are mainly reflected in the following aspects: The first is to monitor the degree of damage to
buildings, where damage detection refers to the detection of the actual damage to buildings
under specific circumstances in order to check the damage to buildings after a natural
disaster has occurred [8]. In addition, building damage detection data can be integrated to
build a database to analyze the damage forms of buildings of different forms, sites, and
heights to provide data references for damage detection under similar conditions [9,10], as
well as natural disaster prevention using the Internet of Things and big data analysis [11].
Big data technology can also help analyze the energy consumption of buildings and
effectively reduce energy and labor consumption [12]. Researchers can analyze office area
occupancy data in depth, and use various advanced big data technologies to calculate
building occupancy patterns and related schedules [13]. In the construction process, the
use of lighting, office equipment, and so on increases the consumption of energy. It is very
difficult to carry out statistics and calculations in the way of manpower. Using big data
to sort out, calculate, and process data can reduce energy consumption [14]. In addition,
some experts have created appropriate energy models based on the energy consumption of
energy systems and for predicting future energy consumption to achieve a more accurate
grasp of energy consumption by forecasting future electricity consumption in buildings [15].
A lot of data information will also be produced in the field of project cost in engineering
construction. In order to give full play to its value, it is necessary to carry out complete
and effective collection, classification, and statistical analysis, so as to lay a foundation
for the information sharing and integration of big data technology in all aspects of civil
engineering cost [16]. Using big data technology to establish an engineering cost database
is the first step to enhancing the convenience of data finding and the effectiveness of data
management [17]. It is necessary to consider dividing the cost by region as the dividing line
to facilitate the staff to understand the material price in time and avoid unnecessary waste
of funds in establishing an engineering cost database [18]. Considering the variability of the
same material prices between different regions and the market fluctuations, it is necessary
to conduct a timely and effective data analysis of engineering cost resources and analyze
the trend direction of prices, and predict the engineering cost situation at different stages
by comparing current and historical data on the basis of the previous sequence data [19].

In summary, the construction field has also ushered in a new round of technological
innovation in the trend of information technology and big data, which has started to widely
apply big data technology to the design, construction, decision-making, and management
services therein. Therefore, it is of great practical significance to conduct a comprehensive
analysis of the application of big data technology in the construction industry. Bilal et al. [4]
used a qualitative approach to analyze the current status, opportunities, and future trends
of big data in the construction industry. The article highlights that the adoption of big
data is still in its infancy and also identifies the pitfalls of big data technologies in the con-
struction industry. This study provides a reference for researchers and practitioners in the
construction industry on various big data concepts and terminology. Majdi et al. [20] pro-
vided a systematic review of various machine learning techniques used to detect structural
damage in civil engineering areas, such as bridges, buildings, dams, tunnels, etc., which
helps engineers to make decisions using machine learning and deep learning algorithms in
the field of structural health monitoring. Kim et al. [21] reviewed research on the design and
implementation of smart building technologies, including energy management systems,
renewable energy applications, and current smart technologies used to achieve optimal
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functionality and performance, reviewing advances in building energy-related technologies.
Abioye et al. [5] provided a critical review of the application of artificial intelligence in the
building industry. In addition, the opportunities and challenges of AI applications in the
construction field are identified. The aforementioned review lacks the use of quantitative
methods, it also lacks systematic sorting and bibliometric analysis. Guo et al. [22] analyzed
how building safety problems can be solved based on bibliometric methods supported by
big data technologies as well as machine learning and face recognition. The combination of
bibliometrics and systematic reviews provides an in-depth analysis of the research priorities
and future directions of the field and gives scholars a comprehensive understanding of the
field. Ashwini et al. [23] presented the main research results of artificial intelligence and im-
age processing in the field of civil engineering based on scientometrics research. This study
provides a guide for readers to identify research gaps and use reviews for potential future
research. The paper demonstrates that bibliometrics can be used to generate a framework
for analysis based on publications, citations, top journals, top institutions, and funding
sources. At this stage, the review literature that systematically summarizes research at the
intersection of big data and the construction industry is mostly written from a particular
perspective. Few scholars have conducted a systematic review and bibliometric analysis
of the current state of research and evolutionary trends in this field, and there is a lack of
literature that analyzes the current status of research and future research trends in the field
through a comprehensive qualitative and quantitative approach. Based on this, the article
draws a series of knowledge maps with the help of the CiteSpace software using relevant
literature from the Web of Science database between 2007 and 2022 as data samples to
provide a preliminary overall picture of big data research in the field of construction. The
knowledge base, research hotspots, and domain evolution trends in the intersection of big
data and the construction industry are analyzed quantitatively and assisted by qualitative
analysis through visualization, respectively. Visualizing the research overview and research
dynamics of big data technology in the construction industry provides a valuable reference
for a better and faster understanding of the basic overview and research progress at the
intersection of big data and construction science.

2. Data Collection and Research Methods

Based on bibliometrics and scientific knowledge mapping, this study uses the visual-
ization software CiteSpace to analyze the characteristics, research hotspots, and frontiers of
the literature at the intersection of big data and architectural research included in the WOS
database.

2.1. Data Collection

CiteSpace was developed based on the data format of WOS. The data downloaded
from non-WOS databases needed to be converted into the data format of WOS first. This
paper examines the literature related to the intersection of big data and the construction
industry, with data sourced from the Web of Science (WOS) database. The Web of Science
is the world’s largest comprehensive academic information repository, covering the largest
number of disciplines. Using the rich and powerful search function of the Web of Science,
you can easily and quickly find valuable scientific information and get a comprehensive
understanding of research information about a certain discipline and a certain topic. The
impact factor (IF), introduced by the Web of Science, has now become an internationally
accepted index for evaluating journals. It is not only a measure of the usefulness and display
of a journal but also an important indicator of a journal’s scholarship and even the quality
of its papers. To cover the research status at the intersection of big data and the construction
industry as comprehensively as possible, a subject search was selected with a cut-off time
of 30 June 2022, at 0:00, for the topics “Big Data AND Construction, Civil Engineering,
Building Energy, Architecture, Building, Road, Bridge”; a total of 1417 literature data were
collected from 1 January 2014 to 30 June 2022, through manual reading and screening.
The Web of Science only supports exporting 500 data items at a time currently. We had
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to select “Save to Other File Formats” in the export ribbon to enter the data export page.
We set the relevant parameters on the export page. Then, we selected “Full Record and
Cited References” in record content and then selected “Plain Text” in file formats. Then
we clicked send to download the first 500 data, and then export the remaining data in the
same order as above. All studies in this paper are based on the above data sets. The annual
publication volume and annual cumulative publication volume statistics of the intersection
of the Web of Science database big data and the construction industry are plotted as shown
in Figure 1.
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Figure 1. The number of articles published, and the annual cumulative number of articles published.

2.2. Research Methods

In the process of literary analysis, knowledge mapping originates from computer
graphics, and by integrating cooperation analysis theory and pathfinding network algo-
rithms, modern bibliometrics, and information science, a series of visual maps can be drawn
to show the research hotspots, evolutionary trends, and other contents of research topics. It
reveals the dynamic development law of the knowledge domain and can quantitatively and
visually show the knowledge and the connection between knowledge [24]. The traditional
literature analysis method is different from the quantitative literature analysis method
using knowledge mapping, which is a qualitative analysis, and is based on a researcher’s
subjective reading and summarizing to sort out and judge the literature in a certain re-
search field as a whole [25]. It relies on the researcher’s reading volume and summarizing
ability, and is subjective in nature, and it is difficult to grasp the research status comprehen-
sively and accurately from the massive data [26]. With the rise and popularity of internet
technology, quantitative analysis represented by knowledge mapping began to be widely
used in review research, and the main tools for drawing knowledge maps in academia
are CiteSpace, SPSS, VOSviewer, etc. Among them, CiteSpace is a scientific bibliometric
visualization and analysis software developed by Prof. Chaomei Chen of Drexel University,
based on the Java environment platform, which transforms a large amount of literature
into an intuitive knowledge map through the size of nodes, the density of connections
and other elements, displays and analyzes, the time zone layout, hot trends, evolutionary
trends, and knowledge association status of disciplinary frontiers [27]. Due to its simple
operation and clear visualization, this software has attracted widespread attention and
applications [28]. We often need to face massive literature in scientific research work. To
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find out the key literature worthy of intensive reading, we explored the frontiers of the
discipline, and found research hotspots that have become the first problems to be solved
before carrying out the research. As an excellent bibliometrics software, CiteSpace can
visually display the relationship between literature in the form of a scientific knowledge
graph in front of the operator. It can not only help us sort out the past research track, but
also make us a general understanding of future research prospects. The process of knowl-
edge graph construction is generally divided into nine stages: determining the research
topic and related terms, collecting data, extracting research frontier terms, time slicing,
threshold selection, network simplification and consolidation, visual display, visual editing
and detection, and verification of analysis results. Different maps have different problems
and different connotations. A literature co-citation map, and an author co-citation map are
used to analyze cited documents (references). An author co-occurrence map, an institution
co-occurrence map, a national co-occurrence map, a co-occurrence of feature words, a
co-occurrence of keywords, and a co-occurrence of discipline categories were analyzed for
cited literature.

After the scientific literature is downloaded and imported into the software, it is
processed by algorithms, such as “Pathfinder”, ”Pruning Sliced Networks”, ” and Pruning
Sliced Network” to present author publications, institution publications, research hotspots,
and evolutionary trend studies in the form of the knowledge graph, and analyze nodes,
such as author, institution, and keywords. The resulting visualization map has many
nodes. A node represents the object of analysis, and the more frequently it occurs (or is
cited), the larger the node. The color and thickness in the inner ring of the node indicate
the frequency of occurrence at different time periods. Color changes from cool shades of
blue to warm shades of red indicate changes in time from earlier to more recent times.
The connection between nodes represents the co-occurrence (or co-citation) relationship,
and its thickness represents the intensity of co-occurrence (or co-citation). The software
background operation information can be exported from the visual interface, and the
frequency and centrality of nodes in the atlas can be obtained. High-frequency nodes
represent highly cited nodes, which are the important basis of a certain field. A high
centrality node represents a node that forms a co-citation relationship with multiple nodes
and has a relationship with multiple nodes. Nodes with both high mediation centrality
and high-frequency characteristics are the key nodes in this field, which can be analyzed
emphatically.

Based on this, this study uses a combination of quantitative and qualitative methods in
general, with an emphasis on the use of quantitative methods. Charts, scientific knowledge
mapping, and other methods are used to study and analyze the selected literature data
to grasp the current state of research at the intersection of big data and the construction
industry. It is also possible to understand the current research hotspots and frontiers,
and finally to identify future research directions. The latest version of CiteSpace 6.1.R2
software is used as the visualization tool of the study to draw a series of relevant knowledge
maps. Firstly, CiteSpace is used to analyze authors, institutions, countries, and journals
for common words to understand the research overview and research dynamics of big
data technology in the field of architecture. CiteSpace is then used to analyze the literature
and cluster analysis to analyze the research hotspots, frontiers, and trends in the field,
then the representative literature is then studied based on the above results, and future
research directions are proposed after a comprehensive analysis of all the results. This
study systematically reviews a large number of research results from 2014 to 2022 and
explores the research trends at the intersection of big data and the construction industry in
the past 8 years.

3. Results and Discussions

Based on the data collection in the previous chapter, this chapter constructs a knowl-
edge graph with the help of the CiteSpace software to visualize and analyze the research
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authors, countries, issuing institutions, journals, research hotspots, and core keywords to
understand the development status of research in this field.

3.1. Analysis of Journal Co-Citation Network

Journal co-citation mapping is based on the cited literature publishing journals being
cited by the cited literature at the same time, and two papers from two journals being
considered by one piece of literature at the same time are considered as one co-citation. The
co-citation network of journals can be plotted by CiteSpace. To achieve this, set the value of
“Year Per Slice” to one, which represents a time partition of 1 year, and set the node type
to Cited Journal. The final knowledge graph of co-cited journals at the intersection of big
data and the construction industry was generated after the graph adjustment, as shown in
Figure 2, which includes 566 nodes and 3600 connecting lines, and the node size represents
the frequency of journal cooperation. The distribution pattern of co-cited journals can be
comprehensively reflected by querying relevant information in the background of the chart
and summarizing the top 15 cited journals and their centrality, as shown in Table 1.
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Figure 2 shows the results of the co-citation analysis of journals published in the
literature related to the intersection of big data and the construction industry. The analysis
of the citation frequency and centrality of journals provides a visual indication of the
level of influence of each journal publication. The top three journals with the highest
citation frequency from Table 1 are Automation in Construction, Energy, and Buildings,
and Renewable and Sustainable Energy Reviews, with citation frequencies of 231, 230,
and 214, respectively. It shows that these three journals are the main publications at the
intersection of big data and the construction industry, which are important windows to
explore the research progress and development trends in the field, as well as the key focus
for understanding the latest research developments in the field in future studies. Centrality
is a measure of the importance of nodes in the network by which the importance of journals
can be found and measured [29]. Journal of Cleaner Production, Computer-Aided Civil
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and Infrastructure Engineering, and Journal of Computing in Civil Engineering are the
top three journals in centrality. It can be found that citation frequency, as well as central-
ity, are not directly proportional by comparing journal frequency with centrality ranking
and that even if a journal has a high citation frequency, it does not necessarily indicate
that the journal is influential. This result indicates that many journals have established
co-citation networks through the Journal of Cleaner Production, not only with high citation
frequency but also with high centrality. Journal of Cleaner Production is an interdisci-
plinary international forum for the exchange of information and research on concepts,
policies, and technologies to help ensure the sustainable development of societies and
regions, and it aims to encourage innovation and creativity in new and improved products.
Computer-Aided Civil and Infrastructure Engineering and the Journal of Computing in
Civil Engineering are not at the top of the list in terms of citation frequency, but they rank
2nd and 3rd in centrality among all journals, and the importance and authority of these
two journals in research at the intersection of big data and the construction industry cannot
be overstated. Computer-Aided Civil and Infrastructure Engineering publishes articles on
bridges, buildings, the environment, highways, geotechnical, structures, transportation,
and management of infrastructure systems. The journal covers areas, such as artificial intel-
ligence, cognitive modeling, internet-based technologies, virtual reality, and visualization
techniques, and it is the top journal in interdisciplinary applications in computing. Journal
of Computing in Civil Engineering publishes research, implementations, and applications
in interdisciplinary areas, such as new programming languages, database management
systems, computer-aided design systems, and expert systems for robotics, data mining, and
strategic issues, such as computational resources management, implementation strategies,
and organization. The above results can guide researchers to quickly find journals that
are suitable for publications related to the intersection of big data and the construction
industry.

Table 1. Journals information table of the top 15 cited frequency.

Ranker Cited Frequency Centrality Journal

1 231 0.03 Automation in Construction
2 230 0.02 Energy and Buildings
3 214 0.01 Renewable and Sustainable Energy Reviews
4 213 0.03 Applied Energy
5 207 0.02 Transportation Research Record
6 200 0.03 IEEE Access
7 198 0.01 Building and Environment
8 193 0.09 Journal of Cleaner Production
9 184 0.02 Sensors

10 174 0.04 Transportation Research Part
C-Emerging Technologies

11 165 0.04 Lecture Notes in Mathematics
12 146 0.04 Expert Systems with Applications

13 120 0.05 Future Generation Computer Systems-The
International Journal of Escience

14 111 0.05 Journal of Computing in Civil Engineering

15 100 0.06 Computer-Aided Civil and
Infrastructure Engineering

3.2. Analysis of Author Cooperation Network

Identifying the core figures and research teams in the field and presenting the collabora-
tive relationships between different researchers can be performed by analyzing the authors
of the publications and their collaborative networks [30]. The author’s co-occurrence map
is drawn according to the author’s cooperation in the cited literature. The occurrence of
two authors in the same article is regarded as cooperation, which is mainly based on the
author co-occurrence frequency matrix. By clicking on the “Author” function in CiteSpace,
a network co-occurrence analysis of posting authors is performed based on the CiteSpace
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visualization tool, and each node in the figure represents each posting author. The size
of the nodes indicates the number of articles published by the authors, with larger nodes
indicating more articles published by the authors and vice versa. The lines between the
nodes represent the cooperation status among the cited authors in the same literature. It
means that there is cooperation between authors if there is a link between nodes and vice
versa. The collaborative network knowledge graph of authors posting in the intersection
of big data and construction industry research literature is shown in Figure 3, with the
number of co-occurring nodes being 560, the number of connections being 3599, and the
network density being 0.023. The top 20 authors posting according to the final CiteSpace
algorithm are listed in Table 2.
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Table 2. Author information table of the top 20 published articles.

Anker Count Centrality Author Anker Count Centrality Author

1 21 0.05 Bilal M 11 9 0.05 Li QQ
2 16 0.02 Oyedele LO 12 9 0.00 Mosavi A
3 15 0.09 Liu Y 13 9 0.01 Owolabi HA
4 13 0.00 Lu WS 14 9 0.01 Zhang Y
5 13 0.05 Wang Y 15 8 0.00 Yang X
6 12 0.00 Akinade OO 16 8 0.01 Zhang J
7 11 0.00 Li X 17 7 0.00 Ajayi SO
8 10 0.01 Liu X 18 7 0.00 Alaka HA
9 9 0.01 Fan C 19 7 0.01 Chen X
10 9 0.01 Lee S 20 7 0.01 Delgado JMD

As can be seen from Table 2, the most prolific author is Bilal M from the University
of West England, whose main research direction is engineering project management and
risk assessment, etc. Oyedele LO’s research direction is consistent with Bilal M’s, also from
the University of West England, and the next in the number of publications is Liu Y from
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Peking University, whose main research direction is the application of multisource big data
in urban construction, etc. In terms of the influence of scholars, scholars with prominent
centrality are indicated with circles in Figure 3, and larger circles indicate larger values
of centrality. Combining the top ten authors in terms of the number of publications, we
can find that Bilal M, Oyedele LO, and Liu Y are all central scholars in cross-disciplinary
fields. Authors with a high number of publications are not necessarily scholars with high
centrality. Only when nodes are both high-frequency and high-centered does it mean
that they are leading scholars who have had a fundamental impact on the development
and evolution of research and whose work deserves more attention. We can determine
the strength of representative scholars and core research teams in cross-cutting areas by
analyzing the authors’ collaborative networks. Figure 3 shows that researchers with more
publications are closely connected and form their clustering groups, such as Wang from the
University of Hong Kong and Li, Liu, and Zhang they form a tightly connected network.
Additionally, the 11 authors led by Bilal formed a much larger network, which included
Oyedele, Alaka, and Owolabi in the top 10 postings. In general, the intersection of big
data and the construction industry has matured initially and formed a good scale of author
clustering, which has provided more contributions to the research at the intersection.
The fragmented scholars should cooperate and communicate more with other scholars to
improve and work together for the long-term development of the intersection of big data
and the construction industry.

3.3. Analysis of Country Cooperation Network

The national co-occurrence map is drawn according to the cooperation between coun-
tries in the cited literature. It is regarded as cooperation if two authors’ countries appear
in the same article. By clicking on the “Country” function in CiteSpace, a network co-
occurrence analysis of the posting country is performed based on the CiteSpace visual-
ization tool. The cooperation network knowledge map of authors who publish research
literature on the intersection of big data and the construction industry is shown in Figure 4;
the total number of nodes present in the figure is 83, the number of connections is 427, and
the network density is 0.125. The top 20 countries with the number of publications are
listed according to the final CiteSpace algorithm in Table 3.
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Table 3. Information table of the top 20 major research countries with the published article.

Anker Count Centrality Country Anker Count Centrality Country

1 428 0.27 China 11 33 0.03 Japan
2 398 0.20 USA 12 31 0.03 Iran
3 184 0.08 England 13 26 0.00 Singapore
4 81 0.05 Australia 14 22 0.02 Sweden
5 72 0.06 Korea 15 21 0.04 Pakistan
6 55 0.04 Italy 16 21 0.05 Poland
7 52 0.02 Spain 17 19 0.07 Norway
8 47 0.11 Canada 18 19 0.04 Netherlands
9 39 0.00 Germany 19 18 0.02 Turkey
10 34 0.04 India 20 18 0.02 Brazil

From Table 3, the five countries with the highest number of articles were China, the
United States, the United Kingdom, Australia, and Korea, with 428, 398, 184, 81, and
72 articles, respectively. The number of publications alone is a relatively one-sided way
of determining the degree of development of each country at the intersection of big data
and the construction industry. Therefore, the countries with high research impact at the
intersection of big data and the construction industry are China, the United States, and
Canada, as can be seen by comparing Figure 4 and Table 3. China and the United States
have the closest collaborative exchanges with other countries and are the most active in
conducting research, as they lead in both frequency of publication and centrality indicators.
They play an important role in international collaborative research, which coincides with
the international influence of both countries. Canada also has a significant presence at the
intersection of big data and the construction industry as it ranks 3rd in centrality despite
having fewer publications. The UK and Australia ranked 3rd and 4th in terms of the
number of articles issued, but they were slightly behind Canada in terms of centrality.
The UK and Australia still need to strengthen ties and cooperation with other countries to
improve relevant technologies and increase international influence. Norway and Poland
are also at the forefront of the world’s development at the intersection of big data and the
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construction industry, but there is still room for growth. This is because they have fewer
publications but are at the top of the list in terms of centrality.

3.4. Analysis of Institutional Cooperation Network

The analysis of research institutions and their collaborative networks provides some
indication of the core institutions and the strength of their collaboration in a given research
area, as well as an understanding of the academic status of each research institution in the
field [31]. The co-occurrence map of institutions is drawn according to the cooperation
of institutions in the cited literature. The occurrence of two author institutions in the
same article is regarded as cooperation. The network cooperation analysis of graduate
schools and institutions can be performed by clicking on the “Institution” function in
CiteSpace. The collaborative network knowledge graph of research literature publishers
at the intersection of big data and the construction industry is shown in Figure 5, with
the number of co-occurring nodes being 628, the number of connections being 1142, the
network density being 0.0058, and n in top-n is set to 60. It means that the 60 most frequently
cited documents are extracted in each time slice. Table 4 shows the top 20 institutions in
terms of the number of publications.

The figure shows that a mature cooperation network has been formed among interna-
tional research institutions, and the number of connected lines shows that international
research at the intersection of big data and architecture has a large cooperation relationship,
a rich theoretical foundation, and sufficient follow-up momentum. The top five publications
are the Chinese Academy of Sciences (36), Tsinghua University (30), Wuhan University (30),
Beijing Jiaotong University (27), and Southeast University China (26). The top five insti-
tutions in terms of centrality are Hong Kong Polytechnic University (0.14), Tsinghua
University (0.13), the University of California System (0.12), the Chinese Academy of Sci-
ences (0.09), and the University of California Berkeley (0.08). Among them, the Chinese
Academy of Sciences and Tsinghua University ranked top in terms of publication volume
and centrality, which proved that these three institutions have high influence at the inter-
section of big data and the construction industry, and they strongly promoted the research
development at the intersection of big data and construction industry. Further analysis
shows that the cooperation network lacks cooperation between universities and research in-
stitutions, such as enterprises and graduate schools (institutes), and the cooperation is only
limited within countries and it lacks cooperation between institutions in different countries.
Cooperation among countries and various types of institutions should be strengthened,
and their cooperation will enable researchers in each institution to understand practical
needs and inspire researchers to develop new research directions.

3.5. Analysis of Hot Research Topics

Keywords are highly relevant to the research topic of the paper, which reflects the
research subject and direction of the literature, and plays a crucial role in revealing the
development of the research topic [32]. High-frequency keywords reflect the hotspots of
relevant research, research trends, and the relevant structure of knowledge in a specific time
period, and the research hotspots and development trends of a subject area can be identified
based on the high-frequency keywords [33]. Keyword co-occurrence mapping is based
on the co-occurrence of keywords in the cited literature, and two keywords appearing in
the same literature are considered one collaboration. The main research content and core
ideas in the research field can be found by building a common word network, and clicking
the “Keyword” function in CiteSpace software can draw a map of research hotspots at the
intersection of big data and the construction industry, as shown in Figure 6. Each node in
the knowledge graph represents a research hotspot, and the size of the node represents the
degree of the hotspot. The relationship between different keywords is indicated by node
linkage, and the number of co-occurrence nodes is 565, the number of linkages is 2488, and
the network density is 0.0017.
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Table 4. Information table of the top 20 major research institutions with published articles.

Anker Count Centrality Institution

1 36 0.09 Chinese Academy of Sciences
2 30 0.13 Tsinghua University
3 30 0.07 Wuhan University
4 27 0.06 Beijing Jiaotong University
5 26 0.05 Southeast University China
6 26 0.04 Tongji University
7 25 0.14 Hong Kong Polytechnic University
8 25 0.06 Shenzhen University
9 21 0.12 University of California System

10 21 0.03 University of Hong Kong
11 19 0.05 National University of Singapore
12 19 0.02 Sun Yat Sen University
13 18 0.06 Central South University
14 17 0.04 University System of Maryland
15 17 0.03 Massachusetts Institute of Technology Mit
16 16 0.08 University of California Berkeley
17 16 0.01 University of Maryland College Park
18 16 0.01 University of Chinese Academy of Sciences Cas
19 15 0.04 University of London
20 15 0.04 Zhejiang University
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It can be seen from the keyword knowledge graph: the number of nodes and connected
lines is high, indicating that the intersection of big data and building science has become
increasingly mature in the last decade. The research scope and research areas are also becoming
more and more extensive, and there is relatively more cross-research between the fields.
The number of keywords with a frequency of one was counted as 126 using CiteSpace
software, the keyword critical value model derived from Zipf’s law according to Dono-hue [24],
T =

(
−1+

√
1+ 8T1

)
/2 (T1 indicates the number of keywords with a word frequency of

one), and T = 15.35 was calculated. The high-frequency words with a frequency greater
than or equal to 16 times were screened, and the words, such as “big data (410 times)”,
“construction”, and some other words that were not strongly targeted were removed. The
finalized high-frequency words are “model”, “system”, “smart city”, “management”, and
“neural network”. These keywords represent the research hotspots in the intersection of
big data and building science, which means that the research at the intersection is mainly
focused on the above five topics. The frequency of the “system” in the literature is 50, which
is the most frequently co-occurrence term. The cooperation frequency of “model” and
“management” are 47 and 35 respectively, ranking second and third. Among them, “system”
and “model” have the highest centrality. It can be inferred that the research on cross-cutting
areas is mainly focused on architectural modeling and engineering management. After
reading the literature, we found that the research hotspots at the intersection of big data
and the construction industry are as follows:

1. Smart city: The core of the smart city is to fully apply the new generation of in-
formation technology in all walks of life in the city, to realize the deep integration
of informatization, industrialization, and urbanization, and the high integration of
informatization and urbanization, which can help alleviate the “big city disease”,
improve the quality of urbanization, realize fine and dynamic management, and
enhance the effectiveness of urban management and improve the quality of life of
citizens [34]. IBM officially puts forward the vision of a “Smart City”, hoping to
contribute to the world’s urban development in 2010 [35]. The smart city is an ad-
vanced stage of urban information development and urban governance. As stated by
Lin et al. [36] firstly, the evaluation index system of smart city construction readiness
is established through literature research and expert interviews. Secondly, the CRITIC
and G1 methods are used to determine the subjective and objective weights of the
indicators and carry out the combined design. Thirdly, the Bonferroni operator is used
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to establish the evaluation model of smart city construction readiness, and the final
evaluation value of the scheme is calculated and ranked. Finally, the smart city list of
30 cities in China is taken as the empirical research object to provide a decision-making
reference for measuring the readiness of smart city construction. From the perspective
of technology development, smart city construction requires the application of a new
generation of information technology, such as the Internet of Things and cloud com-
puting, represented by mobile technology, to realize comprehensive sensing, analysis,
and integration of all key information in the core system of urban operation, to make
intelligent responses to various needs, including people’s livelihood, environmental
protection, public safety, urban services, industrial and commercial activities, and to
create a better urban life for human beings [37]. Numerous scholars internationally
have used sensing data, video data, and big data analytics from IoT technologies
to comprehensively sense, and correlate key information to support urban manage-
ment and urban policies [38], modernize urban green transportation [39], intelligently
manage human activity information in cities, and remove data and technical barriers
between different smart city systems [40].

2. Model: Emerging building information modeling tools and technologies are designed
to share and transfer data and information-based models of buildings through the
entire lifecycle process of project planning, operation, and maintenance, enabling
engineers and technicians to possess correct understanding and efficient responses to
various building information. It can also provide a basis for collaborative work among
design teams and various construction entities, including construction and operation
units, and can play an important role in improving productivity, saving costs, and
shortening schedules. It can be applied not only in design but also in the whole
lifecycle of construction projects [41]. The database of BIM is dynamically changing,
constantly being updated, changed, and enriched during the application process.
Standardized building components and systems change the way information about
the built environment is created, stored, and exchanged [42]. Building information
modeling (BIM) is seen as an indispensable opportunity for building, engineering,
and the construction (AEC) industry and is a revolutionary technology and process.
Lin et al. [43] first proposed a new BIM system model to solve the information security
problem in mobile cloud architecture. The proposed bcBIM model can guide the
architecture design of further BIM information management systems, especially the
BIM cloud as a service for further big data sharing. In addition to allowing not
only the understanding of large amounts of data through advanced statistical and
visualization methods but also the development of predictive models, and analysis of
the full lifecycle of building data. It can also analyze the whole lifecycle of construction
data by developing predictive models and sorting out the level of data collection,
analysis, discovery, and application. The use of big data technology can guide urban
planning, construction, management, operation, and decision support [44], which can
serve as the initial stage of big data analysis in the building sector in academia and
industry.

3. Neural network: The construction industry is one of the largest data industries and
one of the less data-driven industries. With the advent of the era of big data, there
is an effective way to handle huge data in the construction industry [45]. The use
of big data technology can quickly analyze the depth of value in a large amount of
data information, and applying it to the intelligent building is conducive to designing
and improving the energy-saving process of the building in the optimization of the
building structure [46]. Neural networks can learn and build models of complex
nonlinear relationships, it can also predict unknown data by inferring unknown
relationships between unknown data [47]. Currently, the construction industry has
begun to process large amounts of data and extract its value, and the difficulty of
sharing data among business information systems has led to the inability to integrate
resources that would help in making the decision [48]. International scholars use
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neural networks in construction to overcome such drawbacks, integrate databases and
information sources from suppliers, optimize off-site construction [49], and accurately
and reliably identify equipment activities [50]. Improving the overall capability
of construction organization and management [51] provides a theoretical basis for
achieving data sharing and interoperability between companies and projects [52].

4. Management: In the context of big data, there is a huge change in the management
mode aspect of construction projects, which has been transformed and developed
from the traditional engineering management approach to an information manage-
ment approach. The construction industry generates data beyond the existing data
management and analysis capabilities within the industry from the start of a project
to its delivery [4], and big data technologies can be used to process massive amounts
of data by using advanced statistical and visualization methods to inform future
decisions [16]. In the process of construction management of engineering build-
ings nowadays, the requirements for technical understanding are getting higher and
higher, and the number of information technologies used by construction units is
rising. Widely used technologies include Internet of Things technology, cloud com-
puting technology, and mass storage technology. Using these advanced technologies,
staff can be more efficient in construction management [53]. Engineering managers
can use big data technology, 5G technology, and Internet of Things technology to
create a quality management platform for engineering projects, which can promote
the goal of real-time sharing of construction information and enable the participating
units to participate in quality management of the project. It is conducive to improving
the overall construction quality of the building project [54]. Engineering managers can
also use big data mining techniques [55] able to check and analyze the possible quality
problems at the construction site building engineering early. The implementation of
dynamic management of the whole process of construction projects can optimize the
handling of important factors affecting the quality of engineering construction [56].
In the process of construction project quality management, cost management, safety
management, project construction quality management, and construction progress
management should be carried out for the whole construction project based on big
data mining technology to improve the analysis and decision-making work [57].

5. System: In recent years, the development of computer technology and network com-
munication technology has made society highly informative, and the application of
information technology and construction technology inside buildings has resulted in
a new industry of “building intelligence” [51]. Building intelligent system refers to the
building as a platform, and also has three major systems of building equipment, office
automation, and communication networks. It integrates structure, systems, services,
management, and the optimal combination among them to provide people with a safe,
efficient, comfortable, and convenient built environment [58]. Building an intelligent
system uses modern communication technology, information technology, computer
network technology, monitoring technology, etc., to realize intelligent control and
management of buildings through automatic detection, optimal control of buildings,
building equipment, and optimal management of information resources, to meet the
needs of users for monitoring, management, and information sharing of buildings,
thus, making intelligent buildings safe, comfortable, efficient and environmentally
friendly, and achieving the goal of reasonable investment and adapting to the needs of
the information society [21]. Big data technologies can also guide intelligent preven-
tion by building intelligent information security collaboration systems [59], intelligent
disaster warning systems [60], and intelligent traffic coordination systems based on
road sensors [61]. Established reliable data-sharing mechanisms protect personal
privacy and data security, manage large amounts of data from various sources, and
provide guidance for smart prevention [62].
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3.6. Analysis of Frontiers Trending

Cluster analysis is a common technique for statistical data analysis and knowledge
discovery to identify topics hidden in text data. Based on the relevance of terms, cluster
analysis can classify a large number of keywords into several research topics and place
the keywords into related topics, which helps to identify research themes, trends, and
their interconnections within the research field [28]. The keyword cooperation network
was clustered by extracting information tags from keywords. Ten co-leading clusters
were identified through screening and deletion, and the keywords implied in each cluster
were obtained by using the “Cluster Explorer” function item as shown in Table 5. The
evolutionary trend can be analyzed by plotting the cooperation network clustering timeline
with CiteSpace software, and the evolutionary trend can be clearly analyzed according to
the display of keywords in the plot in different periods. The cooperation network clustering
timeline is plotted using “timeline”, as shown in Figure 7. The size of each node represents
its frequency, and each node is composed of a circle of the annual cycle. The color of
each annual cycle indicates the time of the keyword’s appearance, and the color of the
connecting line between the keywords means that the time of their cooperation is gradually
increasing from cool to warm color over time.

Figure 7 shows the timepoints at which important results appear in each cluster.
For example, Cluster 0 represents a domain that ranges from 2014 to 2020 and contains
keywords, such as big data and smart building. Cluster 1 represents a domain that ranges
from 2016 to 2020 and contains keywords, such as Internet of Things, BIM, informatization,
and cloud computing, and Internet+. Cluster 2 represents domains that range from 2016 to
2020 and contains keywords, such as urban design, digitalization, and building function
identification. Among them, there are a series of important milestones between 2016 and
2019, where the application of IoT and AI in the construction industry has developed leaps
and bounds. Overall, the development of the field has continuously transitioned from
theoretical research to applied research. Based on the chronological combing of key nodes
the literature analysis concludes that the evolution of the intersection of big data and the
construction industry research can be divided into three stages: exploration period, primary
application period, and integrated application period.

Table 5. Clustering hidden keywords.

Anker Keywords Implicit Keyword

#0 Smart City Internet Of Things; Sustainability

#1 Built Environment Machine Learning; Smart City; Artificial
Intelligence; Urban Vitality

#2 Traffic Flow Prediction Model; Time Series Prediction;
Identification; Regression

#3 Building Energy Efficiency Thermal Comfort; Smart City; Reuse; Trnsys

#4 Structural Health Monitoring Deep Learning; Machine Learning; Artificial
Intelligence; Neural Networks

#5 Particle Swarm Optimization
Industry Foundation Classes (Ifc); Vibration
Analysis; Open Data; Building Information

Modeling (Bim)

#6 Urban Informatics 3d Reconstruction; Deep Learning; Physical
Activity; Internet Of Things

#7 Social Media Temperature; Climate Change; Risk
Assessment; Air Pollution

#8 Literature Review Cutting Test; Trajectory Data; Deep-Buried
Tunnel; Precursor

#9 Urban Transportation Data and
Information Systems

Rail Transit Systems; Data and Data Science;
Public Transportation; Spatial Interactions
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The exploration period (#0, #1, #2, and #5) focuses on data collection and manage-
ment, and the main research directions are concentrated on building information modeling,
system framework, big data analysis, and smart city. The proposed building information
modeling technology provides a new means to predict, manage, and monitor the environ-
ment for project construction and development. Lin et al. [63] proposed an intelligent data
retrieval and representation method for cloud BIM applications based on natural language
processing, which establishes the relationship between user requirements and relevant data
users. It can automatically retrieve and aggregate user-related data, presenting the data in
an appropriate form for easy visualization and comprehensive reporting. Wong et al. [64]
provided insights into the shortcomings of the existing BIM literature and outlined the
most important directions for future research. They suggested that the use of BIM for envi-
ronmental sustainability monitoring and management throughout the building lifecycle
should be considered in future research. In addition, there is a need to utilize cloud-based
BIM technology and big data for building sustainability management. In the context of
building smart cities. Rathore et al. [36] used big data analysis, computer networks, and
big data for IoT-based urban planning and smart city construction. Bellini et al. [61] used
reconciliation systems to manage various data sources to provide big data architecture and
mechanisms for data validation for smart cities. Chen et al. [65] showed how future smart
cities can use wireless networks covering urban areas to build environmental monitoring
systems.

The research applications in the primary application period (#3, #5, #7, #8, and #9)
focused on the construction phase, with literature published on five main topics, namely
construction waste, data analysis, system framework, digital twin, and smart construc-
tion. Chen et al. [66] used a large dataset recently obtained in Hong Kong as a result of
construction waste management measures to identify factors that influence construction
waste. The analysis of big data suggests that public policymakers can develop more tar-
geted regulations that place greater emphasis on location, use, and public-private nature,
which are more likely to reduce demolition waste. Wang et al. [42] proposed a conceptual
framework to assess the lifecycle of carbon emissions of building demolition waste to
inform future building demolition waste recycling efforts. While the procedural, technical,
and data models of building information models enable standardized semantic represen-
tations of building components and systems, the concept of the digital twin conveys a
more comprehensive sociotechnical and process-oriented character to the complex artifacts
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involved by leveraging the synchronization of cyber and physical bidirectional data flows.
Boje et al. [67] reviewed the various applications of BIM in the construction phase, high-
lighting its limitations and requirements, paving the way for the introduction of the “digital
twin of construction” concept, while detailing areas for future research. Rasheed et al. [68]
provided an overview of recent advances in methods and techniques related to digital
twin construction from a modeling perspective, providing detailed coverage of current
challenges and implementation techniques for different stakeholders. Big data analytics
is an operational excellence approach to improving the performance of sustainable sup-
ply chains. Chen et al. [43] used a big data analytics framework to retrieve the required
information for environmental sustainability monitoring and management throughout the
building lifecycle.

The main research directions in the integrated application period (#4 and #6) focus
on data mining, blockchain, and deep learning. The development of information tech-
nology has made it possible to monitor building operations in real-time. A large amount
of building operation data is being collected, and advanced data analysis techniques are
urgently needed to fully utilize the potential of building big data in improving building
energy efficiency. Miller et al. [69] reviewed the literature including unsupervised ma-
chine learning techniques applied to nonresidential building performance control and
analysis. Amasyali et al. [15] reviewed the research on the development of data-driven
building energy prediction models using machine learning methods, based on which,
existing research gaps and future research dilemmas are identified. As a key technology
for the fourth industrial revolution, blockchain, and digital twins have great potential
to facilitate collaboration, data sharing, efficiency, and sustainability in the construction
industry. Blockchain can improve data integrity throughout the lifecycle of a project.
Perera et al. [70] critically analyzed the potential of blockchain applications in construction
through a literature review. Deep learning has become an important research topic in the
field of artificial intelligence. Compared with traditional machine learning methods, deep
learning algorithms have powerful features for learning and representation capabilities
and they are increasingly used in our life. In the field of geotechnical engineering, deep
learning has been widely used in various research topics. Zhang et al. [71] provided a
comprehensive summary of published literature employing deep learning algorithms and
related geotechnical engineering topics. They finally provided an outlook on the challenges
and prospects for the development of geotechnical digitization techniques. Building energy
consumption prediction is fundamental to building planning, management, and energy
efficiency, and deep learning neural networks have recently demonstrated the ability to
predict traffic flow by using big data. Wu et al. [72] proposed a neural network-based traffic
flow prediction model by mining the spatial features of traffic flow using convolutional
neural networks and the temporal features of traffic flow using recurrent neural networks.

3.7. Discussion

This paper uses the CiteSpace software to conduct quantitative analysis and assist
qualitative analysis at the intersection of big data and the construction industry by visu-
alizing the relevant literature from the Web of Science database between 2007 and 2022
as data samples. It provides a valuable reference for a better and faster understanding of
the basic overview and research progress at the intersection of big data and construction
science. The research conclusions and recommendations suggested through the analysis of
the knowledge graph and the reading of the classical literature generated by the software
are as follows.

1. From the basic situation of research, the research at the intersection of big data and
building science has been preliminarily mature. In the future, the cooperation between
academic teams should be strengthened to deepen communication and exchanges,
and the cooperation between universities, enterprises, research institutes, and other
research institutions should be strengthened to jointly commit to the long-term de-
velopment of the cross-field between big data and the construction industry. From
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the perspective of research hotspots, the vigorous development of digital technology
in the field of engineering construction represented by BIM technology brings new
opportunities for the design, construction, operation, and maintenance technology
improvement of large-scale construction projects. The arrival of the era of big data has
brought opportunities and challenges to the development of cities. The development
of smart cities can effectively relieve the severe housing pressure, and also greatly
relieve the pressure on energy and resources. Under the background of the continu-
ous development and application of the Internet of Things technology, sensors have
more and more applications in civil engineering, and the frequency of data collection
is getting higher and higher, which has a good role in promoting the innovation
and development of civil engineering technology. The use of big data technology to
explore basic laws has become an inevitable trend in the current civil engineering
construction and development process, and big data technology has gradually be-
come a supporting technology in the field of civil engineering. Engineers can have a
more scientific and reasonable basis through the use of these laws in the construction,
maintenance, and management of civil engineering. From the perspective of evolu-
tionary trends, the development of the construction industry is closely related to the
development of science and technology. The progress of computer and intelligent
technology promotes the development of the construction industry in the direction of
recycling, green, sustainable, and intelligent. In the future, the construction industry
will be inseparable from the research and application of big data, BIM, the Internet
of things, cloud technology, and other emerging technologies, and is committed to
the realization of smart cities and green and sustainable buildings. With the rapid
development of the social economy and the continuous improvement of people’s
living standards, people have higher comprehensive requirements for architecture
and new demands for architectural connotations. The reasonable choice of building
address, layout, and style will also be an important development direction for the
future construction industry.

2. Access to classic literature at the intersection of big data and architecture by querying
software backend information. It can be found by reading that big data technology,
with its convenient and fast data processing, is particularly in line with the devel-
opment characteristics of modern civil engineering construction. The construction
process of the actual projects of civil engineering, bridges, and tunnels, contains very
complicated and diverse content, and the application objects actually targeted by the
work stages in different periods are very different. For this, the engineering project
can be divided into several stages of work, and the multiple stages mainly include
the design stage, construction stage, operation stage, etc. In the whole process, it is
necessary to increase the strength of big data applications and give full play to their
advantages [73]. In the design phase, where the initial planning of the project directly
affects the subsequent structure and function, the application of big data technology to
the project will help develop more efficient design models that allow designers to un-
derstand various information such as scale, function, and cost [74]. On top of that, big
data technologies can also be used to collect and process information similar to civil
engineering, identify similarities with civil engineering, and serve as an important
guide to optimizing design [75]. The design of artificial intelligence-assisted civil engi-
neering is currently in its infancy, but it has shown great promise. Many details must
be paid attention to during the construction phase, and improper control can cause
many problems and affect the normal operation of the building. Using the current
stage of large-scale data processing technology, construction problems can be avoided
and the quality and reliability of construction operations can be improved [76]. Using
big data technology to collect information on civil construction problems classifies
construction problems and identifies their causes. It helps to take preventive measures
based on the actual situation at the construction site to prevent construction problems
and ensure that civil construction continues to proceed smoothly as planned [77]. In
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the construction process, the application of big data technology can be combined with
the current investment situation to collect and analyze the supporting conditions of
the project and pre-select various construction sites to ensure the rationality of the
later construction, which can better improve the construction efficiency and safety of
the building [78]. Compared with other stages, the operation and maintenance stage is
easier to obtain data information, and the amount of data is relatively large. Therefore,
the relevant decisions to be implemented in this part of the work are more diverse [79].
Therefore, importance can be attached to the value of big data technology in this
phase of work, such as the use of drones, computer vision, deep learning, and other
technologies to complete this phase of work, so as to better exploit the potential of big
data and provide reliable scientific data support for the operation and maintenance of
buildings.

3. Through the above analysis, we can clarify that the considerations of big data technol-
ogy in civil engineering mainly contain the following points. Firstly, the data source is
the basis of data analysis in the engineering of applying big data technology, which
appears to be extremely important in the whole technical application. The location of
the sensors needs to be reasonably analyzed to determine the number and location
of sensors to better obtain accurate data sources. Because the data source of the con-
struction project mainly comes from the sensor and photographic image acquisition.
Similarly, it is necessary to focus on data transmission, analysis, feature extraction, and
other issues to improve the effectiveness of data sources when using image equipment
for image acquisition of buildings. Secondly, the amount of data to be analyzed needs
to be chosen reasonably. As the research becomes more and more extensive over time,
the amount of data will continue to accumulate, and too much data accumulation
will cause difficulties in analysis. Therefore, it is necessary to continuously try and
figure out the size of the data source according to the measurement data, and find the
size of data applicable to the project, so as to guarantee the speed and convenience of
data analysis. Finally, a reasonable data analysis method should be used. There are
various data analysis methods in big data technology, but different analysis methods
produce different results in terms of accuracy and time spent. We need to analyze the
rationality of the chosen method and compare different analysis methods to select
the most appropriate data analysis approach or to improve the analysis methods for
certain data when using data analysis methods.

4. Conclusions

In summary, the application value of big data and building science as an emerging
interdisciplinary discipline has been recognized by the construction industry. Scholars
should try more interdisciplinary cooperative research in subsequent research work, to fur-
ther promote the development of intersectional research between big data and construction
science. This study visualizes the research overview and research dynamics of big data
technology in the construction industry by sorting out and analyzing existing results. It
provides an initial overview of big data research in the construction field and helps scholars
broaden their research horizons. It provides a valuable reference for a better and faster
understanding of the basic overview and research progress in the intersection of big data
and building science. There are also limitations in this study. The choice of the search
strategy and manual screening limits the collection of literature and affect the accuracy of
the scientometric and thematic analysis to some extent. Due to the limitations of the data
format of the CiteSpace software, which resulted in a small amount of literature data not
being identified during the run. A more in-depth content interpretation and analysis based
on these limitations are recommended for future studies.
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