S MR

The Leading eHealth Publisher

Public and research interest in telemedicine from
2017 to 2022: Infodemiology study of Google Trends
data and bibliometric analysis of scientific literature

Andrea Maugeri, Martina Barchitta, Guido Basile, Antonella Agodi

Submitted to: Journal of Medical Internet Research
on: June 19, 2023

Disclaimer: © The authors. All rightsreserved. Thisis a privileged document currently under peer-review/community
review. Authors have provided JMIR Publications with an exclusive license to publish this preprint on it's website for
review purposes only. While the final peer-reviewed paper may be licensed under a CC BY license on publication, at this
stage authors and publisher expressively prohibit redistribution of this draft paper other than for review purposes.

https://preprints.jmir.org/preprint/50088 [unpublished, peer-reviewed preprint]



JMIR Preprints Maugeri et a

Table of Contents

L@ T N F= Y =T o TN 1S o ] o] SO ST SO RSSRPRPRRN 5
ST o] o1 = L= T A =TSRSS 19
10U 20
Lo R 21
FIGUIB 2, ittt ettt et et et e et et e st ebeseebeseeseseese st e st ese st eb st eb st eseetese et ese st ese et eae et e et es e st e s et ese et ese et eaeebessebeaeebe e et et ebe et ebesteseebereetens 22
FIGUIE 3 i itieeseeee st et et et et e s et et e st ebe st ese st ese st e se st e st e s e seas st e s et ese et eseeeese st eseeseaeebeae e s et e s et ese b ese et eaeebess et eaeebe e e be st ebe et ebestesestereetens 23
Lo 24
FIGUIE S, ittt iecee ettt e e e et e et e te st ebe st sbeseesesesae st e ae e s e st eb st eb et esseteseetese et ese et eae b e et e s e st e s et ese et ese et eaeebess et easebe e eb et ebeetebestereebereetans 25
FIGUIE B, . ettt ettt e et e et et e st ebe st ebe st ese st s seseeaesee st eb et e b et eseeeesestese st esseeese b e et es e et e s et ese et e se et ess et ese et eaeebe e eb et ebe et ebeetessebereerans 26
Lo 27
MUItIMETIAADPENAIXES. .........coeieiiviiie ettt e ee et e e e e et et e et eeteeteebesaeseeetesteseeseesee s assesessssasaseabeaseaesabeetesestesteseessenennteseereeresreans 28
e N e 29

https://preprints.jmir.org/preprint/50088 [unpublished, peer-reviewed preprint]



JMIR Preprints Maugeri et a

Public and research interest in telemedicine from 2017 to 2022:

Infodemiology study of Google Trends data and bibliometric analysis of
scientific literature

Andrea Maugeri* PhD; Martina Barchitta® PhD; Guido Basile? MD; Antonella Agodi® PhD

'Department of Medical and Surgical Sciences and Advanced Technologies “GF Ingrassia’ University of Catania CatanialT
2Department of General Surgery and Medical-Surgical Specialties University of Catania Catania I T

Corresponding Author:

Antonella Agodi PhD

Department of Medical and Surgical Sciences and Advanced Technologies“ GF Ingrassia’
University of Catania

Via Santa Sofia 87

Catania

IT

Abstract

Background: Telemedicine offers a multitude of potential advantages, such as enhanced healthcare accessibility, cost reduction,
and improved patient outcomes. The significance of telemedicine has been underscored by the COVID-19 pandemic, asit plays a
crucia role in maintaining uninterrupted care while minimizing the risk of viral exposure. However, the adoption and
implementation of telemedicine have been relatively sluggish in certain areas. Assessing the level of interest in telemedicine can
provide valuable insights into areas that require enhancement.

Objective: To provide a comprehensive analysis of the level of public and research interest in telemedicine from 2017 to 2022,
also considering any potential impact of the COVID-19 pandemic.

Methods: Google Trends data were used to assess public interest in telemedicine, its geographic distribution, and trends through
a joinpoint regression. Bibliographic data from Scopus were used to map publications on telemedicine in terms of scientific
production, most relevant countries and keywords, collaboration and co-occurrence networks.

Results: Chile, Australia, Canada, and the USA had the greatest public interest in telemedicine. In these countries, moderate to
strong correlations were evident between Google Trends and COVID-19 data (i.e., new cases and deaths, and hospitalized
patients). Public interest rapidly increased from January to April 2020, with a monthly percentage change of 95.7%. After that, it
decreased until August 2020 and then stabilized.

Bibliometric analysis also revealed a significant increase in the number of publications, especially from 2020 onwards. Most
publications came from a single country, while 1 in 5 featured international collaborations. As the most productive country, the
USA led a cluster that included Canada and Australia as well. European, Asian, and Latin American countries made up the
remaining three clusters. In an analysis of the most common keywords, the following were of particular interest: the application
of eHealth, mHealth, or digital health to noncommunicable diseases; telemedicine and telehealth were instead used in relation to
CoVID-19.

Conclusions: Our analysis of search and bibliographic data over time and across regions hel ps us understand the level of interest
in this topic, identify areas for further research and awareness-raising efforts, and inform policy decisions regarding telemedicine
adoption and implementation.
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Infodemiology study of Google Trends data and bibliometric
analysis of scientific literature

Abstract

Background: Telemedicine offers a multitude of potential advantages, such as enhanced healthcare
accessibility, cost reduction, and improved patient outcomes. The significance of telemedicine has
been underscored by the COVID-19 pandemic, as it plays a crucial role in maintaining uninterrupted
care while minimizing the risk of viral exposure. However, the adoption and implementation of
telemedicine have been relatively sluggish in certain areas. Assessing the level of interest in
telemedicine can provide valuable insights into areas that require enhancement.

Objective: To provide a comprehensive analysis of the level of public and research interest in
telemedicine from 2017 to 2022, also considering any potential impact of the COVID-19 pandemic.
Methods: Google Trends data were retrieved using the search topics “telemedicine” or “e-health” to
assess public interest, its geographic distribution, and trends through a joinpoint regression analysis.
Bibliographic data from Scopus were utilized to chart publications referencing the terms
'telemedicine’ or 'eHealth' (in the title, abstract, and keywords) in terms of scientific production, key
countries, prominent keywords, as well as collaboration and co-occurrence networks.

Results: Worldwide, telemedicine generated higher mean public interest (Relative Search Volume,
RSV = 26.3%) compared to eHealth (RSV = 17.6%). Interest in telemedicine remained stable until
January 2020, experienced a sudden surge (Monthly Percent Change, MPC = 95.7%) peaking in
April 2020, followed by a decline (MPC = -22.7%) until August 2020, and then returned to stability.
A similar trend was noted in the public interest regarding eHealth. Chile, Australia, Canada, and the
USA had the greatest public interest in telemedicine. In these countries, moderate to strong
correlations were evident between Google Trends and COVID-19 data (i.e., new cases and deaths,
and hospitalized patients).

Examining 19,539 original medical articles in the Scopus database unveiled a substantial rise in
telemedicine-related publications, showing a total increase of 201.5% from 2017 to 2022 and an
average annual growth rate of 24.7%. The most significant surge occurred between 2019 and 2020.
Notably, the majority of publications originated from a single country, with 20.8% involving
international co-authorships. As the most productive country, the USA led a cluster that included
Canada and Australia as well. European, Asian, and Latin American countries made up the remaining
three clusters. The co-occurrence network categorized prevalent keywords into two clusters: the first
cluster primarily focused on applying eHealth, mHealth, or digital health to
non-communicable/chronic diseases; the second cluster was centered around the application of
telemedicine and telehealth within the context of the COVID-19 pandemic.

Conclusions: Our analysis of search and bibliographic data over time and across regions allows us to
gauge the interest in this topic, offer evidence regarding potential applications, and pinpoint areas for
additional research and awareness-raising initiatives.

Keywords: Telemedicine; eHealth; Digital Medicine; COVID-19; Google Trends; Bibliometric.

https://preprints.jmir.org/preprint/50088 [unpublished, peer-reviewed preprint]



JMIR Preprints Maugeri et a

Introduction

The concept of telemedicine — defined as the use of technology to provide healthcare services
remotely — has been around since the early 20th century, but it has gained significant attention
globally only in recent years [1]. The development of technology such as video conferencing, remote
monitoring devices, and mobile health apps has made it possible to deliver healthcare services
remotely, paving the way for the widespread adoption of telemedicine [2-4]. It is worth noting that
the term telemedicine also covers health data analysis and application of big data and Artificial
Intelligence methods for epidemiological research and diagnosis support [3, 5-7].

The use of technology allows patients to access care from anywhere, at any time, and reduces the
need for in-person visits, which can be particularly beneficial for individuals with mobility issues,
those living in rural or remote areas, and individuals with chronic diseases [8, 9]. The potential
benefits of telemedicine are numerous, including increased access to healthcare services, reduced
healthcare costs, and improved patient outcomes [8-11]. Telemedicine can also help to address
workforce shortages in healthcare, particularly in rural and remote areas, by enabling healthcare
providers to deliver care to patients in those regions without the need for travel [10, 12].

The COVID-19 pandemic has underscored the significance of telemedicine in maintaining
uninterrupted healthcare delivery while mitigating the risk of virus transmission [13-18]. As an
illustration, in light of the imperative to reduce COVID-19 exposure among patients and healthcare
providers, many elective surgical procedures were rescheduled, prompting surgeons to adopt
telemedicine as an alternative for preoperative, follow-up, and urgent surgical care consultations [15,
19]. The pandemic has therefore forced healthcare providers to adapt quickly to the new reality of
delivering care remotely, leading to a significant increase in the adoption and use of telemedicine
globally [3, 20]. As demand grew exponentially during the pandemic period, even the telehealth
market is expected to grow to US$ 218.5 billion by 2025 [3]. Nevertheless, even after the COVID-19
pandemic recedes, it is highly improbable that this mode of healthcare delivery will be disregarded.
Despite the potential benefits of telemedicine, its adoption and implementation have been slow in
some regions. Barriers to adoption include regulatory challenges, technological limitations, and
resistance from healthcare providers and patients. People living in poorer regions, women, the
elderly, and those living in rural or remote areas are far less likely to be online than those in wealthier
regions [1, 11]. Of those connected, nearly 90 percent use mobile devices to access the internet,
which might not be appropriate for delivering digital health services [3]. A digital divide also exists
in terms of digital literacy or low skills, which is a concern for the poorest, elderly, and others with
limited access to technology [3]. For these reasons, understanding the level of interest in
telemedicine among the public and research community can help identify areas for improvement.
Google Trends is a valuable tool for investigating the level of interest of the general public in a
specific topic. As such, it has been utilized in previous research to analyze the public's interest in
various health and healthcare-related subjects [21-32]. The same applies for a topic such
telemedicine, for which there is little evidence. From a research standpoint, we have recently
observed a significant increase in the number of publications related to telemedicine, indicating a
growing interest in this field among researchers. An interest that needs to be mapped in terms of
scientists and groups of researchers, countries that are contributing most to the research, and areas of
applications.

Overall, this study aims to provide a comprehensive analysis of the level of public and research
interest in telemedicine, also considering any potential impact of the COVID-19 pandemic. We
therefore limit our analysis to the period between 2017 and 2022, a period of six years preceding and
following the pandemic. We use two different approaches to analyze the level of interest in
telemedicine. The first approach is an analysis of Google Trends data, which allow us to analyze the
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level of interest in telemedicine among the general public. The second approach is a bibliometric
data analysis, which involves examining publications related to telemedicine over the past six years.
Our analysis of search and bibliographic data over time and across regions helps us understand the
level of interest in this topic, identify areas for further research and awareness-raising efforts, and
inform policy decisions regarding telemedicine adoption and implementation.

Methods
Data collection
Google Trends data

Google Trends provides open access to time-series data related to Google searches for specific terms
and topics [33]. According to the framework proposed by Mavragani and Ochoa [34], we retrieved
Google Trends data separately by using the search topics “telemedicine” or “e-health”, encompassing
all search categories. We queried Google Trends on 9th March 2023 and Google Trends data were
obtained at the global level, as well as by country, for the period between 1st January 2017 to 31st
December 2022. It is worth mentioning that search topics are a group of terms that share the same
concept across languages, covering an array of variations, typos, and related searches [34, 35]. This
precludes the need of entering a set of individual keywords, while maintaining the consistency of
search queries across all regions and timeframes [34, 35]. Furthermore, employing specific search
topics without any search category restrictions proves beneficial for capturing the general interest of
diverse populations [34, 35]. We also obtained data for the “top related topics” that are most
frequently searched with the topics under investigation (i.e., telemedicine” or “e-health”).

In general, Google Trends data are provided as a normalized measure (i.e., Relative Search Volume,
RSV), obtained by dividing the search volume for a given term or topic by the total number of
searches. This normalization process resulted in a percentage scale, with 100% corresponding to the
peak in search volume in any given time frame and location. The value 0% does not necessarily
indicate no searches, but rather a very low search volume for a given term or topic [34].

Bibliometric data

Before describing the collection of bibliometric data, it is necessary to distinguish bibliometric
analysis from reviews and systematic reviews of scientific literature. The first primarily uses a
mechanistic method to track the global research trends in a certain field based on the outputs of
scientific literature databases. Reviews and systematic reviews are instead characterized by
methodical and replicable methodologies to find, select, and synthesize all available evidence on a
particular topic or clinical question.

In our study, we searched the Scopus database for all articles mentioning the terms "telemedicine" or
"eHealth" in the title, abstract, and keywords. We have chosen Scopus because it is recognized as the
largest scientific literature database of peer-reviewed articles covering a wide range of subjects [36].
The literature search was conducted on 9th March 2023 and was limited to original articles published
in English and in the subject area of medicine from 2017 to 2022. The query string used for the
search was: TITLE-ABS-KEY (“telemedicine” OR “eHealth” ) AND PUBYEAR > 2016 AND
PUBYEAR < 2023 AND ( LIMIT-TO ( DOCTYPE, "ar")) AND ( LIMIT-TO ( LANGUAGE ,
"English" ) ) AND ( LIMIT-TO ( SUBJAREA, "MEDI" ) ). The Scopus search result was exported
in the format of a CSV file with all data elements, including information on citation, bibliography,
abstract and keywords.

https://preprints.jmir.org/preprint/50088 [unpublished, peer-reviewed preprint]
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Data analysis
Google Trends data analysis

We first conducted a univariate analysis and compared the public interest in the topics telemedicine
and eHealth at the global level. Next, a joinpoint regression analysis was carried out to identify
possible time points at which public interest trend changed. This analysis was conducted on log-
transformed RSV, with 5000 permutations and assuming uncorrelated errors. The grid search method
was chosen to determine where to locate joinpoint/s on the timescale [37]. Results were reported as
the Monthly Percent Change (MPC), calculated as the average percentage change per month between
different joinpoints. Joinpoint regression analysis was performed using the Joinpoint Regression
Program (version 4.3.1.0; Statistical Research and Applications Branch, National Cancer Institute,
Bethesda, MD, USA) provided by the Surveillance, Epidemiology, and End Results Program
(National Cancer Institute) on the website http://surveillance.cancer.gov/joinpoint. We next mapped
the public interest in telemedicine and eHealth by country, selecting the top five countries with the
greatest interest. In these countries, Google Trends data were correlated with the number of new
confirmed COVID-19 cases, deaths, hospitalizations, and intensive care unit (ICU) patients per
million residents. These data were obtained from the Our World in Data website [38]. Results were
reported as the Spearman's rank correlation coefficient (p). All statistical analyses were two-tailed
and performed with a significance level of 0.05.

Descriptive analysis of bibliometric data

Descriptive analysis of bibliometric data was performed using Bibliometrix, an open-source R-tool
for automating the stages of data-analysis and data-visualization [39]. After loading and converting
bibliometric data in R, the main descriptive results were summarized as of number of documents,
authors, sources, keywords, timespan, and average number of citations. Accordingly, tables and
visualizations were obtained for the annual scientific production, top manuscripts per number of
citations, most productive authors, most productive countries, total citations per country, most
relevant journals, and most relevant keywords.

Network analysis of bibliometric data

Next, the VOSviewer software v.1.6.16 (Centre for Science and Technology Studies, Leiden
University) was used to construct networks projecting authors’ and countries’ collaborations, as well
as trending research topics through the analysis of keywords. This mapping method is generally used
to estimate the association strength between different bibliometric items (i.e., the nodes of the
network), which may for example be publications, authors, or keywords [40]. The relation between
two items is represented by a link (i.e., the edges of the network), which may be a bibliographic
coupling link between publications, a co-authorship link between authors, or a co-occurrence link
between keywords. Each link has a strength, indicated by a positive number with higher values
associated with stronger links [40]. The association strength may for example be indicated as the
number of cited references two publications have in common for the bibliographic coupling link; as
the number of publications two authors have co-authored for the co-authorship links; or as the
number of publications in which two keywords occur together for the co-occurrence link [40].
Accordingly, each item receives different attributes, such as the weight and score attributes. Weight is
a non-negative numerical attribute indicating the importance of the item in the network. From a
graphical perspective, items with higher weights are shown more prominently than those with lower
weights [40]. Score attributes instead indicate additional numerical properties of the item, which can
be only visualized in the overlay visualization of a map. There are also two standard weight attributes
that can be used with descriptive purposes and computed for each item or for the entire network: the
Links attribute and the Total link strength attribute [40]. By creating the network map, items can be
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grouped into clusters, which correspond to linked items, labelled with colors and numbers.

We first performed network analyses of co-authorship at the author and country level, using the
fractional method to reduce the influence of documents with many authors. With this approach, the
strength of a co-authorship between two authors is determined considering the number of documents
co-authored normalized for the total number of authors of each co-authored document. At the author
level, we included authors who have published at least 20 articles on the topic, with no restrictions
on the number of citations. At the country level, we included the first 50 countries with the greatest
number of articles, with no restrictions on the number of citations. To identify research areas of
greatest interest and their connections, we also applied a co-occurrence analysis of author keywords
occurring more than 50 times.

Results
Public interest over time

Globally, the mean public interest in telemedicine and eHealth — expressed as RSV — was 26.3%
(Standard Deviation, SD = 18.1%) and 17.6% (SD = 8.8%), respectively. The greater interest in
telemedicine rather than in eHealth is evident from Figure 1, which shows RSVs from January 2017
to December 2022. According to the above figure, public interest in both topics was stable before the
COVID-19 pandemic and then increased rapidly for telemedicine and more gradually for eHealth.
Based on the joinpoint regression analysis (Figure S1), public interest in telemedicine was stable
until January 2020 (MPC = 0.36%), which corresponded to the first joinpoint (37th month of the
time-series; 95%CI = 36 - 38). Then, public interest suddenly increased (MPC = 95.7%) to the
highest peak reached in April 2020, which was the second joinpoint detected in the 40th month of the
time-series (95%CI = 39 - 41). From that point on, public interest decreased (MPC = -22.7%) until
August 2020 (i.e., the third joinpoint on the 44th month; 95%CI = 42 - 48) and then returned to being
stable (MPC = -0.14%). Similarly, public interest in eHealth was stable until January 2020 (MPC =
0.34%), which again was the first joinpoint of the time-series (37th month; 95%CI = 32 - 43). From
that point on, public interest gradually increased (MPC = 5.5%) to the highest peak reached in
January 2022, which corresponded the second joinpoint detected in the 61st month of the time-series
(95%CI = 46 - 63). Then, public interest rapidly decreased (MPC = -20.1%) until May 2022 (i.e., the
third joinpoint on the 65th month; 95%CI = 58 - 67) and then returned to being almost stable (MPC
= 1.8%).

Geographic distribution of public interest and correlations with COVID-
19 data

The map in Figure 2 shows the geographic distribution of public interest in telemedicine from 2017
to 2022. The top five countries were: Chile, Australia, Canada, the USA, and Puerto Rico (Figure
S2). Public interest in eHealth was less widespread (Figure S3), therefore we have not considered
this topic for further analyses. For those countries included in the top-five, we evaluated correlations
between the RSV for telemedicine and COVID-19 data per million residents. Public interest in Chile
was strongly correlated with the number of new cases (p = 0.718; P < .001), and weakly with the
number of new deaths (p = 0.321; P = .006). In Australia, public interest moderately correlated with
the number of new cases (p = 0.537; P < .001), new deaths (p = 0.505; P < .001), hospitalized (p =
0.559; P < .001) and ICU patients (p = 0.483; P < .001). Public interest in Canada was weakly
correlated with the number of new cases (p = 0.265; P = .001) and deaths (p = 0.333; P < .001). In
the USA, public interest weakly correlated with the number of new deaths (p = 0.295; P <.001). No
correlations were evident for the public interest in Puerto Rico.
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Common topics related to telemedicine

Despite the considerable impact of the pandemic on the public interest in telemedicine, there were
few COVID-19-related topics among those that were commonly searched with telemedicine (Figure
S4). In particular, Google users interested in telemedicine mainly searched for general topics
including health, physician, healthcare, medicine, and therapy. Moreover, there were some common
topics related to specific telemedicine providers (e.g., Telehealth Ontario, Medicare, Santa Catarina,
Cigna, CVS Pharmacy, etc.).

Description of bibliometric data

We identified 19,539 original medical articles published in English and indexed in the Scopus
database from 2017 to 2022. These articles were published by 2,824 different sources (e.g., journals,
books, etc.), with a document average age of 2.8 years. Notably, the first two sources (Journal of
Medical Internet Research and Telemedicine and E-Health) published a number of articles that was
nearly 40% of the sum of the first ten sources (Table S1). The overall average number of citations per
document was 11.2, while the average number of citations per document and per year was 2.6. The
top ten articles per citations are reported in Table S2: their total citations ranged from 506 to 999,
while their total citations per year ranged from 121 to 221. A total of 553,913 references were found
in the bibliometric analysis of all the articles. The top ten cited references are reported in Table S3,
with total citations ranging from 70 to 161.

Research interest over time

Our analysis of the bibliometric data also revealed a significant increase in the number of
publications related to telemedicine over the past six years (Figure 3a). The number of publications
per year increased from 1,615 in 2017 to 4,870 in 2022, showing an overall increase of 201.5% and
an annual average growth rate of 24.7%. The greatest increase has been reported between 2019 and
2020, with an annual growth rate of 89.0%. Regarding citations, the average total citations per year
decreased from 2017 to 2022 (Figure 3b), probably as a consequence of different document ages. By
contrast, the average article citations per year was stable from 2017 to 2019, followed by a peak in
2020, and then decreased until 2022 (Figure 3c).

Most productive authors and co-authorship network

Among the included articles, there were 93,394 authors appearing for 136,956 times overall. In
particular, there were 690 single-authored documents wrote by 642 independent authors.
Accordingly, the number of documents per author was 0.2, while the number of co-authors per
document was 7.0. Table S4 shows the list of the ten most productive authors in terms of total and
fractionalized articles. Their contribution to the field ranged from 48 to 80 articles (7.2 to 10.0
fractionalized articles). According to Figure 4, 71 of the authors who published at least 20 documents
(n = 80) were well connected. There were 488 links between these authors — which were grouped
into seven clusters — with a total link strength of 988.

Most contributing countries and international collaboration network

The majority of publications came from a single country, while 20.8% featured international co-
authorships. Figure 5 shows the top ten corresponding author’s countries per documents, also
considering differences between single-country and multiple-country publications. One thing to note
was that the USA alone published almost the same number of articles as the other nine (6,610 vs.
6,653), representing 33.8% of all articles analyzed. Countries with the highest proportion of
multiple-country publications were Germany (31.5%), the United Kingdom (27.9%), and the
Netherlands (26.8%); those with the lowest proportion were the USA (11.4%), India (20.3%), and
Italy (22.5%). Similar results were evident in terms of citations, with average citations per document
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ranging from 8.9 for Spain to 15.2 for India (Table S5).

The co-authorship network based on the top fifty most contributing countries is illustrated in Figure
6. Overall, there were 1,051 links with a total link strength of 14,751. Accordingly, countries were
divided into four clusters: cluster 1 consisted exclusively of European countries (n= 21) with the
United Kingdom, Germany, and Italy being the most interconnected; cluster 2 consisted of Asian
countries (n= 18) led by India and China; cluster 3 consisted of 6 countries, with the USA, Canada,
and Australia being the most interconnected; cluster 4 consisted of 5 countries of Latin America (i.e.,
Brazil, Argentina, Chile, Colombia, and Mexico).

Most relevant keywords and co-occurrence network

Overall, 22,798 author’s keywords were found among the included studies. Based on the analysis of
the most common keywords, COVID-19-related terms appear in the top ten (Table S6). In particular,
this ranking put "COVID-19" and "pandemic" respectively in 2nd and 8th place. In addition to
common terms related to telemedicine (e.g., telehealth, eHealth, mHealth, etc.), the analysis also
revealed mental health as an area of relevant interest.

The co-occurrence network based on the top fifty most common keywords is illustrated in Figure 7.
Overall, there were 1,030 links with a total link strength of 21,275. Accordingly, keywords were
divided into two clusters: cluster 1 seemed mostly related to the application of eHealth, mHealth, or
digital health to non-communicable/chronic diseases (e.g., diabetes, hypertension, depression,
anxiety, etc.); cluster 2 was instead related to the application of telemedicine and telehealth in the
context of the COVID-19 pandemic.

Discussion

Principal Results and Comparison with Prior Work

Our research highlights the increasing interest in telemedicine among the general public and
researchers, particularly in response to the COVID-19 pandemic. Even prior to the outbreak,
telemedicine had already demonstrated significant potential across various healthcare sectors. It
offered a practical solution for delivering remote consultations, conducting preoperative evaluations,
and facilitating postoperative follow-ups, particularly for patients residing in remote or underserved
areas [9, 19]. Although telemedicine comes with numerous advantages, it also presents certain
drawbacks. For example, it may prove unsuitable for emergency situations requiring immediate
hands-on medical attention, necessitating traditional, in-person emergency care [41]. Additionally,
specific diagnostic procedures, like imaging or laboratory tests, may demand specialized equipment
unavailable in a patient's home, potentially impacting diagnostic accuracy [42]. Furthermore, not all
individuals have access to the requisite technology for telemedicine consultations, such as a reliable
internet connection, a suitable device, or the technical skills for virtual appointments [43]. This
discrepancy in access can result in healthcare disparities. Lastly, telemedicine involves transmitting
sensitive health information over digital networks, posing challenges in ensuring the privacy and
security of patient data and carrying a risk of data breaches or unauthorized access [43].

Despite these advantages and disadvantages , the pandemic served as a catalyst for the widespread
adoption and acceptance of telemedicine [14, 15, 18]. Notably, telemedicine has garnered increased
attention, especially in the aftermath of the COVID-19 pandemic, where its significance became
evident due to the implementation of social distancing measures. However, limited studies have
explored the population-level interest in telemedicine, as measured by tools such as Google Trends.
Some of these studies are summarized in Table S7 [44-51]. To the best of our knowledge, our study
provides the most recent and comprehensive analysis in this field, shedding light on the level of
interest among both the general public and researchers. An example of the use of infodemiological
methods to explore global interest in telemedicine during the COVID-19 pandemic can be seen in the
study conducted by Leochico and colleagues in 2020 [51]. Their study revealed a significant surge in
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online searches for telemedicine and related terms after the outbreak of the pandemic [51]. Extending
the analysis period until the end of 2022, our study showed that while the level of public interest in
telemedicine experienced a significant increase from January to April 2020, it later declined until
August 2020 and eventually stabilized. Nevertheless, public interest has remained slightly higher
compared to the pre-pandemic period. This finding is consistent with the results of a Google Trends
analysis conducted by Wong and colleagues on the 50 countries most affected by the COVID-19
pandemic until July 2020 [47]. According to our findings, Chile, Australia, Canada, and the USA
demonstrated the highest levels of public interest in telemedicine. In these countries, we observed
moderate to strong correlations between Google Trends and COVID-19 data, including new cases
and deaths, as well as hospitalizations. This finding is consistent with the results reported by Arshad
Ali and colleagues, who found a significant global correlation between the increase in COVID-19
cases and deaths and the interest in telemedicine [45].

With regard to research interest, there are examples of bibliometric analyses that existed even before
the COVID-19 pandemic. For instance, Armfield and colleagues analyzed nearly 18,000 publication
records, published between 2009 and 2013, to investigate the themes in telemedicine and telehealth
literature [52]. They found that the majority of studies focused on the clinical effectiveness of
telemedicine. Other research questions include the adoption and implementation of telemedicine and
e-health technologies in healthcare systems [52]. Edirippulige and colleagues conducted a
bibliometric analysis of telemedicine-related literature published until 2018 in highly ranked clinical
journals and revealed that the acceptance of telemedicine research by these journals indicated a
maturing of the telemedicine field [53]. However, the pandemic has led to a surge of research interest
in telemedicine and related fields. Our bibliometric analysis, in fact, revealed a considerable increase
in the number of publications, particularly from 2020 onwards. Most of these publications came from
a single country, with only one in five featuring international collaborations. Despite the importance
of fostering collaborations among various stakeholders, including academics, health administrators,
practitioners, policymakers, and communities, which involve reciprocal knowledge translation, such
partnerships are often lacking [54]. The USA led the way as the most productive country, with
Canada and Australia following in a cluster. Meanwhile, European, Asian, and Latin American
countries comprised the other three clusters. Previous studies already demonstrated the predominant
role of the USA, with Lan et al. providing a general overview [55], and Kumar et al. analyzing the
trends in orthopedics and trauma-related telemedicine during the COVID-19 pandemic [56]. Another
aspect of our analysis focused on whether the different terms, such as telemedicine, telehealth,
eHealth, mHealth, etc., can be used interchangeably or if each of them refers to a specific area of
research. Fatehi and Wootton conducted a bibliometric analysis in 2012 to examine the trends in the
use of terms such as telemedicine, telehealth, and eHealth. They discovered that these terms were
frequently used interchangeably, with a growing prevalence of the term eHealth in more recent years.
On the contrary, our analysis revealed a specific focus on the use of eHealth, mHealth, or digital
health for non-communicable and chronic diseases, while telemedicine and telehealth were
predominantly used in the context of COVID-19. The analysis by Lan and colleagues, limited to the
application of telemedicine to COVID-19, showed similar results [55]. In particular, telemedicine
was mainly used to provide mental health services, healthcare services delivery, and to control cross-
infection. In contrast, the term "mobile apps" was closely associated with chronic illness entities such
as diabetes, heart failure, and asthma, as well as health service entities such as patient education and
self-care [55].

Limitations

While Google Trends provides a valuable tool for analyzing public interest, there are several
limitations to this approach. Firstly, Google Trends only provides information on internet searches
and does not account for offline discussions, media coverage, or other forms of engagement with the
topic. This means that our results may not be representative of the entire population or capture the
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full extent of public interest. Secondly, the data provided by Google Trends is aggregated and
anonymous, making it difficult to determine the specific demographics, motivations, or intentions
behind the searches. This can limit the ability to draw meaningful conclusions or make accurate
predictions about public behavior or attitudes towards telemedicine. Thirdly, Google Trends data
may be subject to various biases, such as the effect of media coverage or search engine optimization
strategies. Additionally, the results may be influenced by factors such as seasonality, news events, or
changes in search algorithms, making it challenging to compare trends over time or across different
regions. Some of these limitations also apply to bibliometric analysis. Firstly, bibliometric data may
not reflect the complete picture of research interest as not all research is published and indexed in
databases. Some research may be unpublished or published in non-indexed sources. Secondly,
bibliometric analysis may not capture changes in research interest in real-time. It can take some time
for research to be published, indexed, and reflected in bibliometric data, meaning that the data may
not reflect the most current state of research interest. Thirdly, bibliometric analysis may not capture
the full range of research interest as it is limited to the keywords used in publications. For instance,
to offer a more comprehensive overview, one might consider examining interest in other trending
subjects, like generative artificial intelligence and large language models. Lastly, bibliometric
analysis does not provide insights into the reasons behind the trends observed. It is limited to
providing quantitative data on the number and frequency of publications and citations, and cannot
provide qualitative insights into the motivations or drivers behind the research interest. For all these
reasons, while the analysis of Google Trends and bibliometric data can provide a useful starting point
for understanding public and research interest in telemedicine, it is essential to supplement this
analysis with other sources of data and to interpret the results with caution.

Conclusions

Our study offers a comprehensive picture of the evolving landscape of telemedicine and its growing
importance in healthcare delivery. By analyzing search and bibliographic data across regions and
over time, our study provides valuable insights into the level of interest in telemedicine. This
information serves to pinpoint potential application fields, identify gaps in current research, and
emphasize areas that warrant additional attention and efforts in raising awareness.

Acknowledgements

AM, MB, and AA conceived and designed the study. AM and MB contributed to data collection. AM
and MB contributed to the data analysis; AM, MB, GB, and AA contributed to the interpretation of
results; AM, MB, GB, and AA contributed to writing the paper.

Data Availability

The data sets analyzed during this study are available from the corresponding author on reasonable
request.

Conflicts of Interest
None declared.

Abbreviations

ICU: intensive care unit

MPC: monthly percent change
RSV: relative search volume
SD: standard deviation

https://preprints.jmir.org/preprint/50088 [unpublished, peer-reviewed preprint]



JMIR Preprints Maugeri et a

Multimedia Appendix 1

Supplementary Materials.

References

1. WHO. A health telematics policy in support of WHO’s Health-For-All strategy for global
health development: report of the WHO group consultation on health telematics. Geneva 1997.
2. Craig ], Patterson V. Introduction to the practice of telemedicine. ] Telemed Telecare.
2005;11(1):3-9. PMID: 15829036. doi: 10.1177/1357633x0501100102.

3. European Parliamentary Research Service. The rise of digital health technologies during
the pandemic. 2021.

4, Barchitta M, Maugeri A, Favara G, Magnano San Lio R, Riela PM, Guarnera L, et al.
Development of a Web-App for the Ecological Momentary Assessment of Dietary Habits among
College Students: The HEALTHY-UNICT Project. Nutrients. 2022 Jan 13;14(2). PMID:
35057511. doi: 10.3390/nu14020330.

5. Barchitta M, Maugeri A, Favara G, Riela PM, Gallo G, Mura I, et al. A machine learning
approach to predict healthcare-associated infections at intensive care unit admission: findings
from the SPIN-UTI project. ] Hosp Infect. 2021 Mar;112:77-86. PMID: 33676936. doi:
10.1016/j.jhin.2021.02.025.

6. Barchitta M, Maugeri A, Favara G, Riela PM, La Mastra C, La Rosa MC, et al. Cluster
analysis identifies patients at risk of catheter-associated urinary tract infections in intensive
care units: findings from the SPIN-UTI Network. ] Hosp Infect. 2021 Jan;107:57-63. PMID:
33017617. doi: 10.1016/j.jhin.2020.09.030.

7. Barchitta M, Maugeri A, Favara G, Riela PM, Gallo G, Mura I, et al. Early Prediction of
Seven-Day Mortality in Intensive Care Unit Using a Machine Learning Model: Results from the
SPIN-UTI Project. J Clin Med. 2021 Mar;10(5). PMID: 33801207. doi: 10.3390/jcm10050992.

8. Flodgren G, Rachas A, Farmer AJ, Inzitari M, Shepperd S. Interactive telemedicine: effects
on professional practice and health care outcomes. Cochrane Database Syst Rev. 2015 Sep
7;2015(9):Cd002098. PMID: 26343551. doi: 10.1002/14651858.CD002098.pub2.

9. Goncalves-Bradley DC, AR JM, Ricci-Cabello I, Villanueva G, Fenhus MS, Glenton C, et al.
Mobile technologies to support healthcare provider to healthcare provider communication and
management of care. Cochrane Database Syst Rev. 2020 Aug 18;8(8):Cd012927. PMID:
32813281.doi: 10.1002/14651858.CD012927.pub2.

10. Wootton R. Telemedicine support for the developing world. J Telemed Telecare.
2008;14(3):109-14. PMID: 18430271. doi: 10.1258/jtt.2008.003001.

11.  Jennett PA, Affleck Hall L, Hailey D, Ohinmaa A, Anderson C, Thomas R, et al. The socio-
economic impact of telehealth: a systematic review. ] Telemed Telecare. 2003;9(6):311-20.
PMID: 14680514. doi: 10.1258/135763303771005207.

12. Rao B, Lombardi A, 2nd. Telemedicine: current status in developed and developing
countries. ] Drugs Dermatol. 2009 Apr;8(4):371-5. PMID: 19363855.

13. Tilahun B, Gashu KD, Mekonnen ZA, Endehabtu BF, Angaw DA. Mapping the Role of
Digital Health Technologies in Prevention and Control of COVID-19 Pandemic: Review of the
Literature. Yearb Med Inform. 2021 Aug;30(1):26-37. PMID: 34479378. doi: 10.1055/s-0041-
1726505.

14. Blue R, Yang AI, Zhou C, De Ravin E, Teng CW, Arguelles GR, et al. Telemedicine in the Era
of Coronavirus Disease 2019 (COVID-19): A Neurosurgical Perspective. World Neurosurg. 2020
Jul;139:549-57. PMID: 32426065. doi: 10.1016/j.wneu.2020.05.066.

https://preprints.jmir.org/preprint/50088 [unpublished, peer-reviewed preprint]



JMIR Preprints Maugeri et a

15. Gachabayov M, Latifi LA, Parsikia A, Latifi R. The Role of Telemedicine in Surgical
Specialties During the COVID-19 Pandemic: A Scoping Review. World J Surg. 2022 Jan;46(1):10-
8. PMID: 34743242. doi: 10.1007/s00268-021-06348-1.

16. Bilic Curcic I, Cigrovski Berkovic M, Kizivat T, Canecki Varzic S, Smolic R, Smolic M. Effect
of COVID-19 on management of type 1 diabetes: Pushing the boundaries of telemedical
healthcare. World ] Diabetes. 2021 Jun 15;12(6):780-5. PMID: 34168727. doi:
10.4239/wjd.v12.i6.780.

17. Umano GR, Di Sessa A, Guarino S, Gaudino G, Marzuillo P, Miraglia Del Giudice E.
Telemedicine in the COVID-19 era: Taking care of children with obesity and diabetes mellitus.
World ] Diabetes. 2021 May 15;12(5):651-7. PMID: 33995852. doi: 10.4239/wjd.v12.i5.651.

18. Kronenfeld JP, Penedo FJ. Novel Coronavirus (COVID-19): telemedicine and remote care
delivery in a time of medical crisis, implementation, and challenges. Transl Behav Med. 2021
Mar 16;11(2):659-63. PMID: 33098426. doi: 10.1093/tbm/ibaal05.

19. Ghomrawi HMK, Holl JL, Abdullah F. Telemedicine in Surgery—Beyond a Pandemic
Adaptation. JAMA Surgery. 2021;156(10):901-2. doi: 10.1001/jamasurg.2021.2052.

20. Bouabida K, Lebouché B, Pomey MP. Telehealth and COVID-19 Pandemic: An Overview
of the Telehealth Use, Advantages, Challenges, and Opportunities during COVID-19 Pandemic.
Healthcare (Basel). 2022 Nov 16;10(11). PMID: 36421617. doi: 10.3390/healthcare10112293.
21. Bragazzi NL, Alicino C, Trucchi C, Paganino C, Barberis I, Martini M, et al. Global reaction
to the recent outbreaks of Zika virus: Insights from a Big Data analysis. PLoS One.
2017;12(9):e0185263. PMID: 28934352. doi: 10.1371/journal.pone.0185263.

22. Galido A, Ecleo J], Husnayain A, Chia-Yu Su E. Exploring online search behavior for
COVID-19 preventive measures: The Philippine case. PLoS One. 2021;16(4):e0249810. PMID:
33831076. doi: 10.1371/journal.pone.0249810.

23. Ginsberg ], Mohebbi MH, Patel RS, Brammer L, Smolinski MS, Brilliant L. Detecting
influenza epidemics using search engine query data. Nature. 2009 Feb 19;457(7232):1012-4.
PMID: 19020500. doi: 10.1038/nature07634.

24, Greiner B, Ottwell R, Vassar M, Hartwell M. Public Interest in Preventive Measures of
Coronavirus Disease 2019 Associated With Timely Issuance of Statewide Stay-at-Home Orders.
Disaster Med Public Health Prep. 2020 Dec;14(6):765-8. PMID: 32498752. doi:
10.1017/dmp.2020.189.

25. Hamulka J, Jeruszka-Bielak M, Gérnicka M, Drywien ME, Zielinska-Pukos MA. Dietary
Supplements during COVID-19 Outbreak. Results of Google Trends Analysis Supported by
PLifeCOVID-19 Online Studies. Nutrients. 2020 Dec 27;13(1). PMID: 33375422. doi:
10.3390/nu13010054.

26.  Keitoku K, Nishimura Y, Hagiya H, Koyama T, Otsuka F. Impact of the World Antimicrobial
Awareness Week on public interest between 2015 and 2020: A Google Trends analysis. Int ]
Infect Dis. 2021 Oct;111:12-20. PMID: 34391908. doi: 10.1016/j.ijid.2021.08.018.

27. Kurian SJ, Bhatti AUR, Alvi MA, Ting HH, Storlie C, Wilson PM, et al. Correlations Between
COVID-19 Cases and Google Trends Data in the United States: A State-by-State Analysis. Mayo
Clin Proc. 2020 11;95(11):2370-81. PMID: 33164756. doi: 10.1016/j.mayocp.2020.08.022.

28.  Maugeri A, Barchitta M, Basile G, Agodi A. How COVID-19 Has Influenced Public Interest
in Antimicrobials, Antimicrobial Resistance and Related Preventive Measures: A Google Trends
Analysis of Italian Data. Antibiotics (Basel). 2022 Mar 13;11(3). PMID: 35326842. doi:
10.3390/antibiotics11030379.

29.  Maugeri A, Barchitta M, Agodi A. Using Google Trends to Predict COVID-19 Vaccinations
and Monitor Search Behaviours about Vaccines: A Retrospective Analysis of Italian Data.
Vaccines (Basel). 2022 Jan 14;10(1). PMID: 35062780. doi: 10.3390/vaccines10010119.

30. Mavragani A, Gkillas K. COVID-19 predictability in the United States using Google Trends

https://preprints.jmir.org/preprint/50088 [unpublished, peer-reviewed preprint]



JMIR Preprints Maugeri et a

time series. Sci Rep. 2020 11 26;10(1):20693. PMID: 33244028. doi: 10.1038/s41598-020-
77275-9.

31. Mayasari NR, Ho DKN, Lundy DJ, Skalny AV, Tinkov AA, Teng IC, et al. Impacts of the
COVID-19 Pandemic on Food Security and Diet-Related Lifestyle Behaviors: An Analytical Study
of Google Trends-Based Query Volumes. Nutrients. 2020 Oct 12;12(10). PMID: 33053656. doi:
10.3390/nu12103103.

32. Maugeri A, Barchitta M, Perticone V, Agodi A. How COVID-19 Pandemic Has Influenced
Public Interest in Foods: A Google Trends Analysis of Italian Data. Int J Environ Res Public
Health. 2023 Jan 20;20(3). PMID: 36767342. doi: 10.3390/ijerph20031976.

33. Arora VS, McKee M, Stuckler D. Google Trends: Opportunities and limitations in health
and health policy research. Health Policy. 2019 Mar;123(3):338-41. PMID: 30660346. doi:
10.1016/j.healthpol.2019.01.001.

34. Mavragani A, Ochoa G. Google Trends in Infodemiology and Infoveillance: Methodology
Framework. JMIR Public Health Surveill. 2019 May 29;5(2):e13439. PMID: 31144671. doi:
10.2196/13439.

35. Mavragani A, Ochoa G, Tsagarakis KP. Assessing the Methods, Tools, and Statistical
Approaches in Google Trends Research: Systematic Review. ] Med Internet Res. 2018 11
06;20(11):e270. PMID: 30401664. doi: 10.2196/jmir.9366.

36. Md Khudzari J, Kurian ], Tartakovsky B, Raghavan GSV. Bibliometric analysis of global
research trends on microbial fuel cells using Scopus database. Biochemical Engineering
Journal. 2018 2018/08/15/;136:51-60. doi: https://doi.org/10.1016/j.bej.2018.05.002.

37.  Lerman PM. Fitting Segmented Regression Models by Grid Search. Journal of the Royal
Statistical Society Series C (Applied Statistics). 1980;29(1):77-84. doi: 10.2307/2346413.

38. Mathieu E, Ritchie H, Rodés-Guirao L, Appel C, Giattino C, Hasell ], et al. Coronavirus
Pandemic (COVID-19). Available from: https://ourworldindata.org/coronavirus.

39. Aria M, Cuccurullo C. bibliometrix: An R-tool for comprehensive science mapping
analysis. Journal of Informetrics. 2017 2017/11/01/;11(4):959-75. doi:
https://doi.org/10.1016/j.j0i.2017.08.007.

40.  van Eck NJ, Waltman L. VOSviewer Manual. 2023.

41. Reed M, Huang ], Somers M, Hsueh L, Graetz I, Millman A, et al. Telemedicine Versus In-
Person Primary Care: Treatment and Follow-up Visits. Ann Intern Med. 2023
Oct;176(10):1349-57. PMID: 37844311. doi: 10.7326/m23-1335.

42.  Calton BA, Nouri S, Davila C, Kotwal A, Zapata C, Bischoff KE. Strategies to Make
Telemedicine a Friend, Not a Foe, in the Provision of Accessible and Equitable Cancer Care.
Cancers (Basel). 2023 Oct 24;15(21). PMID: 37958296. doi: 10.3390/cancers15215121.

43.  Shaw RJ. Access to Technology and Digital Literacy as Determinants of Health and Health
Care. Creat Nurs. 2023 Aug;29(3):258-63. PMID: 37909069. doi:
10.1177/10784535231211682.

44, Hong YR, Lawrence ], Williams D, Jr, Mainous IA. Population-Level Interest and
Telehealth Capacity of US Hospitals in Response to COVID-19: Cross-Sectional Analysis of
Google Search and National Hospital Survey Data. JMIR Public Health Surveill. 2020 Apr
7;6(2):e18961. PMID: 32250963. doi: 10.2196/18961.

45, Arshad Ali S, Bin Arif T, Maab H, Baloch M, Manazir S, Jawed F, et al. Global Interest in
Telehealth During COVID-19 Pandemic: An Analysis of Google Trends™. Cureus. 2020 Sep
16;12(9):e10487. PMID: 33083187. doi: 10.7759/cureus.10487.

46. Jimenez A], Estevez-Reboredo RM, Santed MA, Ramos V. COVID-19 Symptom-Related
Google Searches and Local COVID-19 Incidence in Spain: Correlational Study. ] Med Internet
Res. 2020 Dec 18;22(12):e23518. PMID: 33156803. doi: 10.2196/23518.

47, Wong MYZ, Gunasekeran DV, Nusinovici S, Sabanayagam C, Yeo KK, Cheng C-Y, et al.

https://preprints.jmir.org/preprint/50088 [unpublished, peer-reviewed preprint]



JMIR Preprints Maugeri et a

Telehealth Demand Trends During the COVID-19 Pandemic in the Top 50 Most Affected
Countries: Infodemiological  Evaluation. JMIR  Public Health  Surveill 2021
2021/2/19;7(2):e24445. doi: 10.2196/24445.

48. Alonto AHD, Jamora RDG, Leochico CFD, Espiritu Al. Low online search interest in
teleneurology before and during COVID-19 pandemic: an infodemiological study. Neurol Sci.
2022 May;43(5):2929-34. PMID: 35075573. doi: 10.1007/s10072-022-05902-6.

49, Kinoshita T, Matsumoto T, Taura N, Usui T, Matsuya N, Nishiguchi M, et al. Public Interest
and Accessibility of Telehealth in Japan: Retrospective Analysis Using Google Trends and
National Surveillance. J]MIR Form Res. 2022 Sep 14;6(9):e36525. PMID: 36103221. doi:
10.2196/36525.

50. van Kessel R, Kyriopoulos I, Wong BLH, Mossialos E. The Effect of the COVID-19
Pandemic on Digital Health-Seeking Behavior: Big Data Interrupted Time-Series Analysis of
Google Trends. ] Med Internet Res. 2023 Jan 16;25:e42401. PMID: 36603152. doi:
10.2196/42401.

51. Leochico CFD, Austria EMYV, Espiritu AL Global online interest in telehealth,
telemedicine, telerehabilitation, and related search terms amid the COVID-19 pandemic: an
infodemiological study. Acta Medica Philippina. 2022;56(11).

52.  Armfield NR, Edirippulige S, Caffery L], Bradford NK, Grey JW, Smith AC. Telemedicine —
A bibliometric and content analysis of 17,932 publication records. International Journal of
Medical Informatics. 2014 2014/10/01/:83(10):715-25. doi:
https://doi.org/10.1016/j.ijmedinf.2014.07.001.

53. Edirippulige S, Senanayake B, Fatehi F, Hansen ], Bambling M, Smith AC, et al
Telemedicine: Niche or mainstream? A bibliometric analysis and review of the output of highly
ranked clinical journals. Journal of Telemedicine and Telecare. 2021:1357633X211043376. doi:
10.1177/1357633X211043376.

54, Gerber T, Olazabal V, Brown K, Pablos-Mendez A. An Agenda For Action On Global E-
Health. Health Affairs. 2010 Feb 2010;29(2):233-6. PMID: 204525416; 20348066. doi: https://
doi.org/10.1377/hlthaff.2009.0934.

55.  Lan X, Yu H, Cui L. Application of Telemedicine in COVID-19: A Bibliometric Analysis.
Frontiers in Public Health. 2022 2022-May-26;10. doi: 10.3389/fpubh.2022.908756.

56. Kumar A, Sinha S, Jameel ], Kumar S. Telemedicine trends in orthopaedics and trauma
during the COVID-19 pandemic: A bibliometric analysis and review. Journal of Taibah
University Medical Sciences. 2022 2022/04/01/:17(2):203-13. doi:
https://doi.org/10.1016/j.jtumed.2021.09.003.

https://preprints.jmir.org/preprint/50088 [unpublished, peer-reviewed preprint]



JMIR Preprints Maugeri et a

Supplementary Files

https://preprints.jmir.org/preprint/50088 [unpublished, peer-reviewed preprint]



JMIR Preprints Maugeri et a

Figures

https://preprints.jmir.org/preprint/50088 [unpublished, peer-reviewed preprint]



JMIR Preprints Maugeri et a

Public interest in telemedicine and e-health from January 2017 to December 2020, assessed through the Google Trends
analysis. This graph shows the relative search volumes (RSV's) for the topics of telemedicine (blue line) and e-health (orange
line) over time. Dotted lines represent the average values.
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Geographic distribution of the public interest in telemedicine from January 2017 to December 2022, assessed through the
Google Trends analysis. This choropleth map illustrates the rel ative search volumes (RSV's) for the topic of telemedicine at the
country level.
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Research interest in telemedicine from 2017 to 2022, assessed through the analysis of bibliometric data. (A) Number of
publications included in the bibliometric analysis from 2017 to 2022; (B) Average total citations per year from 2017 to 2022;

(C) Average article citations per year from 2017 to 2022.
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Co-authorship network of the most productive authors. The graphs show co-authorships between 71 authors with at least 20
publications on telemedicine, weighted by number of links. (A) Network visualization representing 7 clusters of collaborations;
(B) Overlay visualization weighted by the number of links and scored by the average number of citations. The figures are
prepared using VOSviewer.
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Top ten corresponding author’ s countries per documents. The bar graph shows the number of single country and multiple
country publications (SCP and MCP) from 2017 to 2022.
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Collaboration network of the most contributing countries. The graphs show collaborations between the top fifty most
contributing countries, weighted by number of documents. (A) Network visualization representing 4 clusters of countries; (B)
Overlay visualization weighted by the number of links and scored by the average number of citations. The figures are prepared
using VOSviewer.
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Co-occurrence network of the most common keywords. The graphs show the co-occurrence of the top fifty most common
keywords, weighted by number of links. (A) Network visualization representing 2 clusters of common keywords; (B) Overlay
visualization weighted by the number of links and scored by the average number of citations. The figures are prepared using
VOSviewer.
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Multimedia Appendixes
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Supplementary Materials.
URL.: http://asset.jmir.pub/assets/d0d86b3ee5d4aa699cc3f043b9f dal36.docx
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