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Abstract: This research is an attempt to examine the recent status and development of scientific
studies on the use of machine learning algorithms to model air pollution challenges. This study
uses the Web of Science database as a primary search engine and covers over 900 highly peer-
reviewed articles in the period 1990–2022. Papers published on these topics were evaluated using the
VOSViewer and biblioshiny software to identify and visualize significant authors, key trends, nations,
research publications, and journals working on these issues. The findings show that research grew
exponentially after 2012. Based on the survey, “particulate matter” is the highly occurring keyword,
followed by “prediction”. Papers published by Chinese researchers have garnered the most citations
(2421), followed by papers published in the United States of America (2256), and England (722). This
study assists scholars, professionals, and global policymakers in understanding the current status of
the research contribution on “air pollution and machine learning” as well as identifying the relevant
areas for future research.

Keywords: air pollution; bibliometric analysis; machine learning algorithms; research trends; biblio-
metric R-package

1. Introduction

Air pollution causes the extensive deterioration of the environment, human health,
and the worldwide economy annually and has established itself as a global human hazard.
The WHO reports that “the combined effects of both ambient (outdoor) and household
air pollution causes about seven million premature deaths every year”. This is a result
of increased mortality from stroke [1,2], coronary heart disease [3,4], chronic obstructive
pulmonary disease [5,6], lung cancer [7,8], and acute respiratory infections [9,10]. The
WHO statistics also show that 90 percent of people breathe highly polluted air, exceeding
the air quality limits specifically in low- and middle-income countries [11]. There is a need
to raise public awareness about the development of effective pollution maps that provide
an early warning of harmful air pollutants.

In recent years, there have been many alarming cases of human and natural pollution,
causing serious damage to human health and the environment [12–16]. The major natural
air pollutants contaminating the air are sulfur dioxide (SO2), carbon monoxide (CO),
particulate matter (PM), nitrogen dioxide (NO2), ozone (O3), and polycyclic aromatic
hydrocarbons (PAHs). The main contributors among various man-made sources of air
pollution are stationary vehicle emissions, power generation, agricultural and industrial
emissions, re-emission from aquatic and terrestrial surfaces, residential heating and cooking,
etc. In any specific region, air pollution comes not only from nearby local sources but also
from the regional and global sources that affect air quality [17–19]. Due to the differences in
the number, design, fuel source, emission control technology, and density of these sources,
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the air pollution concentrations vary considerably across different locations. Daily, weekly,
and seasonal changes in the meteorological factors along with different sources lead to
great variations in the temporal trends in atmospheric pollutant concentrations. Various
machine learning algorithms have been used in the air pollution domain for the prediction
of air pollution [20,21], source apportionment [22,23], air pollution monitoring [24–26], etc.

Scholars analyze and organize their readings and findings using different qualitative
and quantitative literature review approaches. Bibliometrics is one such technique and it
is a widely used research method for detecting the state-of-the-art for a particular field.
This field introduces a statistically based, systematic, transparent, and reproducible review
method [27–29]. It uses information like title name, journal name, author names, and their
affiliations, keywords, abstract, references, etc., extracted from any academic databases (like
Scopus, WoS, PubMed, etc.) by analyzing the vast body of data. As a result, it infers the
themes which have been researched, detects the most prolific institutions and scholars and
the trends over time, identifies shifts over time in the discipline’s boundary, and provides a
big picture of the area. Numerous bibliometric studies have been conducted over time in
almost all disciplines like health and infection (COVID-19 [30]), tourism [31], educational
administration [32,33], etc. Bibliometric analysis of a global issue like air pollution is
important for achieving clarity and direction.

Some previous bibliometric studies have reviewed various aspects of air pollution.
For example, in [34], the authors determined the research landscape of the effects of air
pollution on children. All WoS-based literature on air pollution between the times span
2005 and 2014 was examined in [35]. In [36], the authors critically analyzed the published
literature from 2006 to 2015 on atmospheric pollution sources. In [37], authors visually and
quantitatively evaluated the global scientific documents of research on haze from 2000 to
2016. The authors performed a bibliometric literature review of outdoor air pollution-based
papers on respiratory health-related issues [38]. Some studies based on machine learning
implementation in air pollution on different applications were also reviewed. In [39], the
authors did a bibliometric review of statistical forecasting and prediction methods for
air pollution. They analyzed the development trend with evolutionary trees and used
the Markov chain to forecast the future research trends for major air contaminants. Lu
et al., in [40], have done extensive research on the forecasting problem of air pollution.
They classified the forecasting models using artificial intelligence, numerical forecasting
methods, and statistical forecasting. Rybarczyk [41] did a systematic literature review on
machine learning-based air pollution literature and concluded that researchers preferably
use support vector machines and neural network algorithms for prediction applications
and regression methods for estimation applications. Authors in [42] searched the Web of
Science database for all published works and used CiteSpace 5.8.R1 to examine the nations,
organizations, authors, keywords, and references in order to identify the hotspots and
new directions for AI in the field of air pollution. A bibliometric analysis based on the
Web of Science was done in [43] to analyze publications in the topic of ozone pollution
using CiteSpace 5.7.R3. The authors concludedthat three areas have received the majority
of attention in this field of study: the ozone pollution risk assessment for both people
and plants under short- and long-term exposure; the ozone pollution characterization
and modelling of ozone mobility on different scales; and elucidating the mechanism of
ozone formation and source apportionment. The study in [44] focused on papers with
“construction dust” as the subject term in the Web of Science Core Collection Database
since 2010, using CiteSpace software to systematically sort and analyze the distribution
of construction dust (CD) research, its future research areas, and the development of its
fronts. In addition to producing keyword co-appearance and paper co-citation analysis,
these articles’ characteristics, including their quantity trend, quality, author group, affiliated
institution type, and journal type, are also reported. Nevertheless, a quantitative analysis
of a large number of academic works including all the possible application areas for the
machine learning methods for air pollution is required. Therefore, to provide clear insights
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for future study and implementation, this paper conducts a bibliometric-based evaluation
and synthesis of the “Air Pollution and Machine Learning” literature.

To the author’s best knowledge, no bibliometric analysis of research publications
on air pollution and machine learning algorithms conjointly has been published to date.
This study aims to acquire an in-breadth understanding of the use of machine learning
algorithms in the context of the air pollution domain. To acquire an overall picture of the
development state of this field, the authors analyzed the available literature in terms of
subject categories, the number of publications, and journal kinds from the WoS online
database. Those papers were exported to the VOSviewer and biblioshiny softwares for
analysis. We further identified the research needs and collaborative links across the world
based on cooperation among countries, authors, and institutions. This study thus provides
researchers with a broad insight into the unique research questions about the air pollution
field, as listed below:

a. How has the amount of research on “air pollution and machine learning” has
evolved through time?

b. What is the annual scientific publication growth of this topic?
c. What are the key terms associated with “air pollution and machine learning” found

in the literature?
d. How are the well-renowned researchers collaborating?
e. What are the most productive and influential journals and universities?
f. Which countries collaborate on various aspects of the air pollution problem?
The rest of the manuscript is organized as follows. Section 2 introduces the materials

and methodologies. Section 3 presents the results and discusses the bibliometric analysis
performed using the VOSviewer and biblioshiny software tools. Finally, Section 4 concludes
the paper and identifies areas for future research.

2. Materials and Methods
2.1. Bibliographic Repositories

An extensive search was performed on the WoS database for research articles and
state of the art reviews with the keywords “machine learning” and “air pollution”, as
shown in Table 1. The date of the retrieval of records was 17 January 2022. The language
selected was English. The initial search returned 924 related studies and their full records
were downloaded. The information for documents that meet the requirements contained
the language, year of publication, journal, author, title, keywords, affiliation, abstract,
document type, and counts of citations which were exported into text (.txt) format.

Table 1. Source retrieval.

Search query
TS = (“atmospheric pollutant” OR
“Atmospheric pollutants” OR “Air pollutants”
OR “air pollution”) AND (machine learning)

Timespan 1990 to 2022

Type of documents Articles, reviews, proceeding papers, book
chapters, and early access papers

2.2. Bibliometric Analysis Tools

To analyze the bibliographic data, we used the following tools:
1. Biblioshiny application based on bibliometrix [45]: Bibliometrix is an R language-based

package for performing the quantitative analysis of bibliographic data. It evaluates couplings,
scientific collaboration, co-word analyses, and co-citations of the published literature. Biblioshiny
is a shiny application that provides a user-friendly web interface for bibliometrix. As compared
to other free softwares like CiteSpace [46], biblioshiny focuses not only on data visualization but
also on the correctness and statistical completeness of the results.
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2. VOSviewer [47–49]: this is a tool for building and visualizing bibliometric net-
works. Several types of analyses can be conducted using VOSviewer, such as co-occurrence
analysis, co-authorship analysis, and citation analysis. The co-authorship study shows
how various writers, institutions, and nations which have collaborated on publications.
The number of documents where two key terms appear together is projected using co-
occurrence analysis. The number of times journals, authors, and works cite one another is
calculated using citation analysis [50].

The advantage of both of these software is their free availability to the researchers.
These can be used easily for constructing user-friendly and powerful visual maps and
provides more insights into diverse literature.

There has been a growing trend for analyzing research using biblioshiny and VOSviewer
in several other contexts. For instance, Mukta etal. [51] performed a systematic bibliometric
analysis of the effect of social media on the emergence of influencers and influencer mar-
keting. [52] accounts for a bibliometric study performed on the Pfizer-BioNTech vaccine
used for a COVID-19 infection. [53] examined the research trends on the usage and analysis
of propaganda in social media using a bibliometric study. The crisp analysis and future
directions provided by these studies in their respective fields motivated the authors to
perform a bibliometric analysis on the topic which is under study.

3. Results

In this section, we present a result analysis of the bibliographic data obtained. We
analyzed the authors and their networks, collaborations among universities and countries,
the overall trends, the concurrently occurred keywords, and categorized the journals
according to their impact in the given area.

3.1. Bibliometric Analysis of Publications

In total, 924 publications on the topic of “air pollution” and “machine learning” were
screened in the WoS core database between 1990 and 2022. It included 706(76.4%) journal
articles, 155(16.77%) proceeding papers, 33(3.57%) review articles, and 30(3.24%) other
forms of publications, including book chapters, data papers, etc., as shown in Figure 1.
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The basic information is summarized in Table 2. It showed that all papers were published
in 425 sources. A total of 3539 authors have contributed to the overall literature, with an
average citation of 11.17 per document. The total keywords used by the authors were 2342.
The number of documents authored by a single author is only 31, whereas the number of
documents authored by multiple authors is 3508, indicating that it is a highly collaborative
area with a collaboration index of 4.02. Although the research in the air pollution field is quite
mature, the usage of machine learning algorithms started in the year 2001.

Table 2. Important information and summary.

Description Results

Timespan 1990:2022
Sources (journals, books, etc.) 425

Documents 924
Keywords plus (ID) 1646

Authors’ keywords (DE) 2342
Average citations per document 11.17

Authors 3539
Authors of single-authored documents 31
Authors of multi-authored documents 3508

Single-authored documents 35
Documents per author 0.257
Authors per document 3.9

Co-Authors per documents 5.19
Collaboration Index 4.02

The maximum number of papers published per year during the initial ten years
(2001–2010) was only five, which is shown in Figure 2. This area has observed a substantial
increase in publications every year after 2012. Starting from 4 publications in the year 2011,
it dramatically increased to 320 in 2021. In 2022, 24 papers have been published.
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From Figure 3, it has been observed that primarily “Environmental Sciences”, “Engi-
neering Electrical Electronic”, “Meteorology & Atmospheric Sciences”, “Computer Science
& Artificial Intelligence”, “Health Sciences”, “Computer Science & Information Systems”,
and “Public Environmental & Occupational Health” are the key disciplines which account
for most of the publications. Among these, Environmental Sciences is the core with 44.481%
of the total published papers, followed by “Engineering Electrical Electronic” accounting
for 13.312%, “Meteorology & Atmospheric Sciences” with 12.121%, “Computer Science
& Artificial Intelligence” with 11.472%, “Computer Science & Information Systems” with
9.632% records, and others like public environmental occupational health, the chemistry
of published studies, remote sensing, etc. The variety of subject areas included in the
search results indicated that the use of machine learning methods in air pollution is a
multidisciplinary research field.
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3.2. Bibliometric Analysis of Keywords

Keywords are associated with the themes related to a topic. The co-occurrence analysis
of keywords helps in identifying the emerging trends as key terms as well as their relationship
with other terms. VOSviewer aggregates and analyses the co-occurrences of both the author
and other keywords in terms of the frequency and relatedness. Common functional terms like
prepositions, articles, and pronouns are excluded from the analysis. After feeding WoS data,
the software returned 3754 keywords in all. A threshold of 50 papers in which a keyword
should occur was taken and a total of 19 keywords were obtained. Figure 4 shows the map of
prominent keywords on which most of the literature review has focused. This total keyword
space was then subdivided into three clusters. Cluster 1(green color) contains general key
terms specific to air pollution like machine learning, exposure, health, mortality, PM2.5, etc.
Cluster 2(yellow) contains terms like PM10, regression, model, deep learning, big data, and
performance. Keywords like China, random forest, etc., are found in Cluster 3(blue color). The
top ten terms that appeared most frequently are listed in Table 3. In addition to the searched
keywords, the next top five prominent keywords are “particulate matter (especially PM2.5,
PM10)”, “prediction”, “exposure”, “model”, and “mortality”.
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Table 3. Ten topmost co-occurring keywords.

Rank Keyword Number of Occurrences

1 air pollution 404
2 machine learning 371
3 particulate matter 261
4 prediction 107
5 exposure 95
6 model 88
7 mortality 76
8 random forest 75
9 China 74
10 deep learning 58

3.3. Bibliometric Analysis of the Co-Authorship

In total, 3735 authors have participated in the “air pollution” and “machine learning”
area. The top-ten most productive authors in terms of the number of publications (NP)
and the total number of citations (TC) are listed in Table 4. Among them, Y Liu from
Emory University of Georgia has 18 papers focusing on air pollution exposure modeling,
followed by YM Guo (11), Y Wang (11), SS Li (10), and M Jerett (9), whereas M Jerrett
(489), A Lyapustin (405), I Kloog (381), YM Guo (354), and SS Li (341) account for the
greatest number of total citations. Y Liu (9), M Jerrett (8), I Kloog (8), YM Guo (7), and SS
Li (7) are the top five authors with a maximum h-index. To get a clearer insight into the
co-authorship, we set a minimum cutoff of six papers published by each author, with a
minimum of 35 citations. As a result, 23 authors met this condition. These cut-offs were
chosen from large datasets based on earlier bibliographic research that typically utilizes
up to twenty to thirty articles (or authors or citations) [51]. Figure 5 shows the resultant
network of co-authorship for the most prominent authors. It consists of three clusters.
The major cluster in yellow shows a strong collaboration between Alexei Lyapustin, Joel
Schwatrz, Itai Kloog, M Stafoggia, and Kees D Hoogh. This cluster is connected to the blue
cluster via the authors Alexei Lyapustin and Joel Schwatrz.
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Table 4. Top10 most productive authors.

Rank Authors (NP) Author (TC) Author(h-index)

1 Liu Y (18) Jerrett M (489) Liu Y (9)
2 Guo YM (11) Lyapustin A (405) Jerrett M (8)
3 Wang Y (11) Kloog I (381) Kloog I (8)
4 Li SS (10) Guo Y (354) Guo YM (7)
5 Jerrett M (9) Li, SS (341) Li SS (7)
6 Kloog I (9) Chen GB (333) Lyapustin A (7)
7 Zhang L (9) Schwartz J (309) Chen GB (6)
8 Chen GB (8) Knibbs LD (303) Stafoggia M (6)
9 Schwartz J (8) Reid CE (257) Wang YJ (6)
10 Stafoggia M (8) Stafoggia M (252) De Hoogh K (5)
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Other members in the blue cluster are Yang Liu, Xia Meng, Qingyang Xiao, and Lianfa
Li. The third cluster in green consists of authors like Yuming Guo, SS Li, Jun Ma, etc.

We found that scholars from 1363 research institutes around the world have published
work on the topic of “air pollution and machine learning”. To gather the most prominent
organizations, we set the minimum number of publications published per institution to nine,
with a minimum of 30 citations. Twenty-two institutions met this criterion. Figure 6 depicts
a map of the prominent co-authorship of organizations with five clusters co-publishing
together from a large network of universities. Cluster 1(yellow) is headed by the National
Aeronautics and Space Administration (NASA) with the University of California Berkeley,
Harvard University, etc., as its members. These universities often collaborate and publish
together. Cluster 2(blue) is led by Emory University and has Fudan University, Nanijing
University of Information Science and technology as its members. This cluster is connected
to the central purple cluster via the Chinese Academy of Sciences and to the next yellow
cluster via Zhejiang University. The last cluster in green includes research institutions like
Sun Yat Sen University and Wuhan University.

Table 5 lists the top five countries both in terms of the total number of citations (TC)
and the number of publications (NP). It shows that researchers from China, the USA, India,
the UK, and Spain account for the maximum number of publications. Moreover, scholars
from China, the USA, Australia, the UK, and Italy account for the maximum citations and
have contributed the most in this research area.
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Table 5. Top 5 productive Countries.

Rank Country (NP) Country (TC)

1 China (279) China (3168)
2 USA (135) USA (2286)
3 India (71) Australia (686)
4 UK (33) UK (562)
5 Spain (32) Italy (462)

Figure 7 illustrates the map of co-authorship of prominent countries that collaborate.
We used a threshold of 12 documents published along with a minimum of 50 citations
per country. Out of the total of 36 countries, 23 met this cut-off. It is worth noting that
the size of nodes corresponds to the number of documents published by that country; for
example, China has the most papers published. This map contains four sub-networks
of countries. The most spectacular blue network consists of researchers from China and
Japan. The magnanimous network at the bottom in pink consists of countries like England,
Spain, Canada, Germany, Greece, etc., showing their collaboration. The intermediary green
network consists of Saudi Arabia, South Korea, Pakistan, Malaysia, etc. The smallest yellow
cluster consists of countries such as India, Taiwan, and the USA.

3.4. Bibliometric Analysis of the Citations and Publications

Kessler [54] demonstrated that scientific works exhibit an intellectual likeness through
their referencing pattern. When a common article is cited by another two articles, this
means that both of them deliberately stress similar discussions. Citation analysis is based on
how closely items are related, or how many times they cite each other. It can be performed
on published documents, authors, and journals.

Table 6 lists the top ten most referenced publications returned by the WoS concerning
the search criteria. The two most cited articles are “Mapping global urban areas using
MODIS 500-m data:New methods and datasets based on “urban ecoregions”” by An-
nemarie Schneider [55], published in Remote Sensing of Environment in 2010. This is
followed by the paper titled “Applications of low-cost sensing technologies for air quality
monitoring and exposure assessment: How far have they gone?” by Lidia Morawska [56],
published in Environment International in 2018.
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Table 6. Ten most cited papers indexed in WoS.

Rank Publication (Authors, Year, Source, TC) [Ref]

1 Schneider A, 2010, Remote Sensing Environment, 414 [55]
2 Morawska L, 2018, Environment International, 210 [56]
3 Chen Gb, 2018, Science of Total Environment, 198 [57]
4 Huang Cj, 2018, Sensors-Basel, 197 [58]
5 Lu WZ, 2005, Chemosphere, 156 [59]
6 Zimmerman N, 2018, Atmospheric Measurement Techniques, 152 [60]
7 Beckerman BS, 2013, Environmental Science & Technology, 145 [61]
8 Reid CE, 2015, Environmental Science & Technology, 118 [62]
9 Zhan Y, 2017, Atmospheric Environment, 113 [63]
10 Stafoggia M, 2019, Environment International, 113 [64]

The next analysis was around the question: which papers in the field of “air pollution”
and “machine learning” cite each other? We kept the citation count to 70 to get the
most influential papers. Twenty-four papers met the criteria. The citation analysis of the
published papers is shown in Figure 8. The commonly cited references can be bifurcated
into five clusters. Cluster 1(yellow) constitutes the various geospatial estimation-based
methods for air pollution. Papers belonging to this cluster [57,64,65] conducted an in-depth
analysis of Aerosol Optical Depth (AOD) satellite data and Land Use Regression (LUR)
using random forest methods for estimating various PM Concentrations. Cluster 2(blue)
includes the research studies for predicting PM2.5 [58,66,67]. Cluster 3(green) analyzed the
spatio-temporal studies to predict various pollutants [62,63,68]. Cluster 4(purple) involves
studies on forecasting ambient air pollutant trends [59,69]. Finally, cluster 5(pink) consists
of source apportionment and air pollution monitoring-based studies [22,70].

The top ten most cited journals in this domain are listed in Table 7. “Atmospheric
Environment” is the most-cited journal with 800 citations, followed by “Environment
International” with 709 citations, “Science of the Total Environment” with 702 citations,
and Environmental Pollution with 625 citations. In terms of the number of publications,
Science of Total Environment is on the top with 39 publications, followed by Atmospheric
Environment with 32 publications and Environmental Pollution with 28 publications. Not
surprisingly, Table 7 represents the leading top-tier journals known for delivering academic
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excellence in the broader areas of atmospheric sciences, environmental sciences, pollution
studies, applied sciences, remote sensing, and technology.
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Table 7. TopTen most influential journals.

Rank Journals (NP) Journals (TC)

1 Science of The Total Environment (39) Atmospheric Environment (800)

2 Atmospheric Environment (32) Environment International (709)

3 Environmental Pollution (28) Science of The Total Environment (702)

4 IEEE Access (25) Environmental Pollution (625)

5 Applied Sciences-Basel (23) Remote Sensing of Environment (440)

6 Remote Sensing (23) Environmental Science Technology (346)

7 International Journal of EnvironmentalResearch and
Public Health (22) Journal Of Cleaner Production (324)

8 Atmosphere (21) Atmospheric Chemistry and Physics (323)

9 Environment International (21) Sensors (282)

10 Journal Of Cleaner Production (20) IEEE Access (278)

Out of all the journals that have published papers on the searched keywords with
a criterion of a minimum of eight publications and being cited at least 70 times, only
twenty met the criterion. Out of these, nineteen formed a connected cluster of journals
having cited each other.The resulting network map displayed in Figure 9 depicts two major
clusters of journals. Green includes journals like Environmental Pollution, Atmospheric
Environment, Remote Sensing, Atmospheric Chemistry and Physics, and Science of the
Total Environment along with the others. The other pink cluster includes journals like the
Journal of Cleaner Production, Atmospheric Pollution Research, International Journal of
Environment, Science of total environment, etc.
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4. Conclusions

The bibliometric study findings show where academic research on “air pollution”
and “machine learning” takes place, as well as which authors or groups of authors are
significant to cite when performing fresh research on these topics. The number of articles
published on these topics has risen dramatically since 2012, which is unsurprising given
the importance of this field of research. The results showed that various subjects have
been involved, such as “Environmental Sciences”, “Engineering Electrical Electronic”,
“Meteorology & Atmospheric Sciences”, and “Computer Science & Artificial Intelligence”
in making this an interdisciplinary study area. According to this study, this field is most
popular among scholars in China, the United States, India, the UK, and Spain. While
academics from China and the United States published a large number of publications, they
were also successful in publishing the highly cited paper. A strong cluster of universities,
including the Chinese Academy of Sciences, NASA, and Emory University of Atlanta,
tend to co-author publications on this issue. Many machine learning algorithms in air
pollution studies have dealt with particulate matter prediction techniques and our survey
has concluded that the random forest method has been popular among researchers to
locate near-optimal solutions. While academics have researched “air pollution” broadly
with a specific interest in prediction and exposure, as the co-occurrence analysis indicates,
other key aspects of this study are less prominent, including indoor air pollution prediction
and monitoring, haze forecasting, and source apportionment. If the patterns indicated in
this literature analysis continue, “air pollution” and similar concepts will remain major
topics in a variety of academic disciplines, including climate change studies, accounting
for the global burden of countries, and environmental studies in general. These aspects
of air pollution are crucial for academics and public policymakers who want to have a
comprehensive grasp of “air pollution” and the practice of raising public awareness. This
review also provides a map that can help authors, reviewers, and journal editors think
about their future work, the worth of that work, and the tangents that journals might take.
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