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Abstract. The recent rapid advancements of Machine Learning (ML) have sig-
nificantly empowered and transformed many research domains, including archi-
tecture, engineering, and construction (AEC) area. Meanwhile, in AEC industry,
Geographic Information System (GIS) is also a commonly used tool. In order to
better understand the state-of-the-art ML and GIS synergies, this research con-
ducts a bibliometric analysis to reveal hidden information from relevant literature
and explore the integration cases of ML and GIS in the AEC domain. As a re-
sult, a dataset of 3387 relevant articles (including articles and conference papers)
published from 2010 to 2023 was retrieved from Scopus and further analyzed.
The research employs visualization techniques to highlight key publications, ac-
tive research institutions, key researchers, influential journals, etc. Several re-
search themes have been identified as the most studied areas. As a result, research
gaps are captured, and several promising future research directions are suggested.
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view, AEC, Bibliometric Analysis.

1 Introduction

The architecture, engineering, and construction (AEC) industry has undergone rapid
digital transformation with the advancement of information technologies over the past
years [1]. The integration of advanced computational methods including ML and spatial
analytics with GIS have provided further capabilities to enhance processes across the
AEC workflow [2].

ML offers intelligent algorithms that can learn from data to make predictions, clas-
sifications, and discoveries [3]. Techniques such as neural networks, support vector
machines and random forests have enabled new applications in defect detection [4],
schedule optimization [5], cost estimation [6] and safety planning [7]. In the meantime,
GIS provides platforms to capture, store, analyze and visualize spatial information that
is critical for AEC operations. The combination of ML and GIS has the potential to
enable intelligent geospatial analytics to support data-driven decision-making related



to site selection [8], infrastructure monitoring [9], resource allocation [10], disaster re-
silience [11], and etc.

While existing reviews have examined ML techniques for GIS-based land-use clas-
sification [12], transportation modeling [13], and urban planning [14], there lacks a
systematic, bibliometric analysis focused on the general development and trends in
AEC domain targeting the synergies between ML and GIS. bibliometric review em-
ploys quantitative methods to analyze academic publications and examine the structure
and evolution of a research field [15]. A bibliometric review can provide insights into
knowledge themes, influential works, active institutions, and collaboration networks
that characterize the progress on ML-GIS integration in AEC [16]. The findings offer
strategic guidance on research gaps and future directions.

This study conducts a bibliometric analysis of literature retrieved from Scopus fo-
cusing on ML and GIS in the AEC domain from 2010 to 2023. Growth trends, contrib-
uting countries/regions, pivotal publications and journals, collaboration networks, and
hot topics are examined to map the knowledge landscape. The results provide an evi-
dence-based perspective on the development trajectory, knowledge structure, and pri-
orities of this interdisciplinary domain. The identified research gaps reveal opportuni-
ties to advance ML-GIS synergies and applications in AEC. Overall, this review con-
tributes a comprehensive evaluation and outlook of the topic, which potentially benefits
researchers and practitioners in their future endeavors.

2 Methodology

The objective of this review is to delineate the current research progress in integrating
ML with GIS within the AEC field, while precisely identifying existing research gaps
and proposing future research directions. Bibliometric analysis [17] [18] has been em-
ployed to achieve this goal (Fig. 1).

In conducting this research, literature relevant to the topic was identified through a
carefully designed search strategy in the Scopus database using the following logic:
(TITLE-ABS-KEY (ml OR (machine AND learning) OR (deep AND learning)) AND
TITLE-ABS-KEY (gis OR (geographic AND information AND system) OR (geo-
graphic AND information AND systems))) AND (LIMIT-TO (DOCTYPE, "ar") OR
LIMIT-TO (DOCTYPE, "cp")). Using dataset obtained from Scopus, it can be imported
into visualization software for bibliometric analysis.

In order to analyze the literature on the application of ML in GIS, two leading visu-
alization analysis tools were utilized: VOSviewer [19] and Citespace [20]. These tools
enabled the creation of diverse visualizations tailored to specific demands, effectively
mapping the distribution and evolution of literature within the knowledge domain [21].

The study incorporated three types of bibliometric analyses:

e  Statistics of the dataset: This step involves analyzing basic statistical fea-
tures of the dataset, including the number of publications, distribution by
publication year, types of publications, to gain an overview of the target
research field.



e Analyze of countries/regions and institute: Detecting patterns of co-occur-
rence among countries and institutions. Two analytical approaches are em-
ployed to demonstrate the geographical distribution and influence of the
publications within the target research field: 'Publication trends' and 'Cita-
tions and citations per publication'.

e  Co-authorship network: Detecting patterns of co-authorship. Generate a co-
authorship network using Citespace and export the centrality of author col-
laboration.

e  Author co-citation network: Identifying frequently cited authors and litera-
ture, revealing academic influence and research hotspots. Generate an au-
thor co-citation network using Citespace and identify key co-cited authors.

e Keyword co-occurrence analysis: Exploring trends in the co-occurrence of
keywords to understand the conceptual structure of target research field.
Visualizing with VOSviewer helps reveal trends in the development of hot
points over the years and the interrelationships between various research
directions within AEC domain.

This method section outlines the framework for the bibliometric analysis of the cur-
rent state and prospects of the combined use of ML and GIS in the AEC field.
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Fig. 1. Overview of the proposed research methodology.

3 Results

3.1  Statistics of the dataset

The study topic is gaining traction within both journals and conference proceedings. As
shown in Fig. 2, there has been a slight increase in publications on ML-GIS within AEC



domain from 2010 to 2016. A notable surge in publication numbers was witnessed from
2017 through 2023. Even the number of papers published in 2023 reached 700, indicat-

ing the widespread application of ML-GIS in the AEC domain.
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Fig. 2. Annual publication distribution in ML-GIS from 2010 to 2023.

Using the keyword search strategy outlined in Section 2, distribution of number of pa-
pers regarding journal and conference sources are tabulated in Table 1 and 2. The ma-
jority of academic publications regarding the ML-GIS in AEC domain were published
in journals including Remote Sensing, ISPRS Annals of Photogrammetry Remote Sens-
ing and Spatial Information Sciences, ISPRS International Journal of Geo Information,
and etc. Among these journals, Remote Sensing published the largest number of papers
on this topic. Moreover, conference proceeding that have made significant contribu-
tions to the field include the IEEE Conference on International Society for Optical En-
gineering and International Geoscience and Remote Sensing Symposium Proceedings.

Table 1. List of academic journals that published related to ML-GIS (2010-2023).

Number of rel-

% Total publi-

Journal title . .
evant articles cations
Remote Sensing 138 5.77%
ISPRS Annals of the Photogrammetry Remote 59 2.47%
Sensing and Spatial Information Sciences

ISPRS International Journal of Geo Information 56 2.34%

Sustainability 48 2.01%

International Journal of Geographical 45 1.88%
Information Science

Science of the Total Environment 44 1.84%

IEEE Access: Practical Innovations, Open 43 1.80%
Solutions

Geocarto International 42 1.76%




Table 2. List of conference proceedings that published related to ML-GIS (2010-2023).

Number of rel- % Total publi-

Conference title . .
evant articles cations

International Society for Optical Engineering 40 4.17%

International Geoscience and Remote Sensing 29 3.02%
Symposium Proceedings

Conference Series Earth and Environmental 26 2.71%
Science

International Conference Proceeding Series 24 2.50%

International Proceedings in Informatics 16 1.67%

Journal of Physics Conference Series 15 1.56%

Ceur Workshop Proceedings 10 1.04%

3.2 Analyze of countries/regions and institute

Leveraging bibliometric analysis, the extracted data reflects the publication distribution
across various countries and regions in the field of ML-GIS. The data reveals that China
(877 articles), the United States (686 articles), India (369 articles), Iran (236 articles),
Australia (205 articles), South Korea (187 articles), the United Kingdom (161 articles),
Vietnam (150 articles), Germany (146 articles), and Italy (136 articles) stand out as the
predominant contributors in the field. The volume of articles published by a country or
region underscores the emphasis placed on ML-GIS integration within the AEC do-
main. Fig. 3 delineates the annual publication trends of the top five countries from 2010
to 2013, illustrating a consistent upward momentum in publication humbers for China
and India, while the United States, Iran, and Australia have exhibited a stable publish-
ing activity in recent years.

Citation count serves as another pivotal indicator reflecting the recognition of re-
search by a country or region. Higher citation counts suggest a better quality of re-
search. As shown in Fig. 4, the top five countries by total number of citations include
the United States (12,019 citations), China (10,390 citations), Australia (3,102 cita-
tions), Iran (2,895 citations), and United Kingdom (2323 citations). Furthermore, cal-
culating the Citation Per Publication (CPP) by dividing the total number of citations by
the total number of publications serves as an effective measure of the average quality
of research papers. The United States has the highest CPP at 17.52, which means each
paper is cited by more than 17 papers on average.

The contributions from various institutions towards ML-GIS integration within AEC
domain have been evaluated. These institutions demonstrate substantial activity within
the targeted research area, as evidenced by the Chinese Academy of Sciences (99 arti-
cles), the University of Technology Sydney (94 articles), Duy Tan University (79 arti-
cles), and Sejong University (75 articles). However, no institution can be considered
the main research center around the world as they represent a low percentage of the
world-wild research in the target research field.
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Fig. 3. Publication trends for countries (2010-2023).
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Fig. 4. Citations and citations per publication by countries (2010-2023).

3.3  Co-authorship network

Information about authors can be extracted from bibliographic records, facilitating the
identification of leading researchers and their collaborative network in the targeted re-
search area. This process enables the creation of a co-authorship network.

The top 10 most productive authors were initially identified based on the volume of
published papers (Table 3). The leading positions are held by B. Pradhan from the Uni-
versity of Technology Sydney, D. Tien Bui from the University of South-Eastern Nor-
way, and B.T. Pham from the University of Transport Technology.

A co-authorship network can be generated using Citespace. As shown in Fig. 5, a
node possessing high centrality typically links two or more significant clusters of nodes.
In this Figure, authors demonstrating the highest centrality include BA. Baharin



(Centrality= 0.12), D. Tien Bui (Centrality= 0.07), W. Chen (Centrality= 0.06), S.
Himan (Centrality= 0.06), S. Li (Centrality= 0.05), C. Kamran (Centrality= 0.05).

Table 3. List of the top 10 most productive authors (2010-2023).

Author Institution Country Count  Percentage

B. Pradhan University of Australia 94 2.78%
Technology Sydney

D. Tien Bui University of Norway 62 1.83%
South-Eastern Norway

B.T. Pham University of Transport Vietnam 41 1.21%
Technology

S. Lee Institute of Geoscience Korea 32 0.94%
and Mineral Resources

A. Arabameri Tarbiat Modares Univer- Iran 30 0.86%
sity

H.R. Pourghasemi  Shiraz University Iran 27 0.80%

W. Chen Xi'an University of China 26 0.77%
Science and Technology

R. Costache National Institute of Hy- Romania 26 0.77%
drology and Water
Management

H. Shahabi University of Kurdistan Iran 26 0.77%

I. Prakash Geological Survey of India 24 0.71%
India
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Fig. 5. Co-authorship network.



3.4  Author co-citation network

A co-citation network is a widely utilized bibliometric method that reveal the intercon-
nected relationships among authors. Fig. 6 shows the co-citation network, comprising
121 nodes and 381 links (Fig. 6). The network’s node size represents the frequency of
an author being co-cited with others, where larger nodes denote a higher number of co-
citations. The connecting lines between authors symbolize co-citation relationships,
with thicker lines representing stronger relevance between the research themes of the
linked authors. Nodes with high centrality typically connect two or more large nodes,
and they are positioned centrally. As shown in Fig. 6, nodes exhibiting high centrality
are distinguished by darker exterior rings (in purple). Consequently, the authors with
the highest centrality include L. Atakew (Centrality= 0.52), B.T. Pham (Centrality=
0.49), W. Chen (Centrality= 0.4), D. Tien Buid (Centrality= 0.38), H.R. Pourghasemi
(Centrality= 0.35), 1.D. Moore (Centrality= 0.31).

The analysis conducted on the dataset comprising 3387 articles imported into
Citespace ensured computation, resulting in co-citation frequencies. The authors with
the highest co-citation frequencies include L. Breiman (Frequency= 560), W. Chen
(Frequency= 335), Y. Wang (Frequency= 291), B.T. Pham (Frequency= 286), S. Lee
(Frequency= 255), H.l. Hong (Frequency= 244), B. Pradhan (Frequency= 233), H.R.
Pourghasemi (Frequency= 231), and D. Tien Buid (Frequency= 219). Several of these
frequently cited authors also rank high in the number of publications. Moreover, the
diversity of their affiliated countries and institutions reflects the global interest and di-
verse institutional engagement in this field. The intersection of authors with high cen-
trality and those frequently co-cited indicates a correlation between higher co-citation
frequency and a stronger central role in the network.
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Fig. 6. Author co-citation network in Citespace.



3.5  Keyword co-occurrence analysis

The keywords of a published article represent its core themes and can serve to illumi-
nate the research focus. As shown in Fig. 7, a co-occurring keywords network in the
ML-GIS integration within AEC domain was constructed by utilizing VOSviewer. The
network embodies the crucial content of the research and its associated subfields.
Within this network, distances between two keywords describe their relationship. The
closer the distance, the closer the relationship [22]. The network uses the size of key-
word to indicate their frequency of occurrence. The larger the size of keyword, the
higher the frequency of keyword occurrence [23].
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Fig. 7. Author keywords co-occurrence of ML-GIS in VOSviewer.

In this study, data from 3,387 publications indexed in Scopus were compiled to unravel
the intricate web of keyword relationships in the field. After importing this data into
VOSviewer and setting a threshold for keyword occurrence at 18 so that 86 meet the
threshold. This threshold selection was based on multiple experiments with other pa-
rameters to generate the optimal clusters. As shown in Table 4, the number of keyword
occurrences signifies the frequency of each keyword's appearance in the 3387 articles.
For instance, ML, GIS, Deep Learning, Remote Sensing, Random Forest, and Image
Classification emerged as particularly frequent. This suggests that these themes are
widely explored in existing research, or these tools and methods are extensively utilized
in the field.

Research themes in the integration of ML-GIS have evolved over time. As shown in
Table 4, research on Image Classification [24], Data Mining [25], Support Vector



10

Machines [26], and Big Data [27] garnered significant attention in the early stages, with
the average appearance year of keywords being 2018. Subsequently, researchers shifted
their focus to Artificial Neural Networks [28], Remote Sensing [29], and Random For-
est [30], with the average appearance year of keywords being 2020 at that time. The
emergence of neural networks led to significant changes in computer technology,
prompting more researchers to propose the construction of intelligent neural networks
during that period. From 2021 to the present, attention has shifted towards Convolu-
tional Neural Network [31], Deep Learning [32], and Artificial Intelligence [33], indi-
cating a convergence of DL and GIS.

Table 4. Quantitative measurements of cooccurrence keywords in ML-GIS.

keywords Occurrences Total link A."efage Average
strength citations year
Machine learning 1015 1461 18.43 2020
Geographic information 943 1544 24.96 2020
system
Deep learning 441 607 14.02 2021
Remote sensing 267 584 22.64 2020
Random forest 146 264 27.99 2020
Convolutional neural 134 251 13.82 2021
network
Image classification 122 266 16.80 2018
Support vector machine 119 247 42.60 2018
Artificial neural network 113 220 20.78 2019
Land use and land cover 90 184 22.49 2019
Artificial intelligence 77 149 11.17 2021
Landslide 75 161 59.05 2020
Big data 70 128 18.39 2019
Landslide susceptibility 52 106 40.37 2020
Computer vision 43 107 11.74 2021
Data mining 43 79 23.84 2017
Volunteered geographic 41 75 23.71 2019
information
Random forest 40 71 24.15 2020

4 Conclusion

This study provides a bibliometric review by conducting quantitative bibliometric anal-
yses of articles, researchers, and countries/regions. A total of 3387 essential journal
articles and conference proceedings were collected from the Scopus database, with co-
authorship analysis, co-occurrence analysis, and co-citation analysis employed to
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visualize the status and trends in the field. The study focused on integrating ML and
GIS within the AEC domain. Based on the keyword co-occurrence network analysis
reveals specific applications, such as landslide detection, Earth insights, and geospatial
risk assessment and monitoring. Furthermore, bibliometric analysis also demonstrates
its utility in identifying research trends across various other topics.

Despite the contributions provided in this study, its results should be considered in
certain limitations. The scope of the research was bounded by the initial selection of
keywords, which could enlarge the coverage of the studies. For example, a small num-
ber of articles are also relevant to the domains of medicine, biology, agronomy, etc.
Additionally, a deeper analysis of the data, such as more detailed centrality and clus-
tering summaries, is lacking and could be expanded upon in future research.
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