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Abstract: The Internet of Medical Things (IoMT) represents a transformative technology that 
connects medical devices, sensors, and healthcare systems to enable real-time monitoring, data 
sharing, and advanced decision-making in healthcare. While the technical and clinical potential of 
IoMT has been explored extensively, research on the funding patterns and their implications 
remains sparse. This paper analyzes funding in IoMT research using bibliometric methods to assess 
the spatial dimensions of funded and non-funded research across different countries and regions. 
By employing Synthetic Knowledge Synthesis (SKS), the study triangulates quantitative and 
qualitative approaches to provide insight into research trends, thematic differences, and the 
relationship between funding and healthcare outcomes such as the Global Health Index (GHI). The 
results reveal that funded research exhibits higher publication rates in high-impact journals and is 
more concentrated in countries with stronger healthcare systems and higher R&D expenditures. 
However, countries with lower healthcare investments are also increasingly contributing to IoMT 
research, likely in pursuit of improving healthcare outcomes. Thematic analysis shows that funded 
projects emphasize artificial intelligence applications in e-health and telemedicine, while non-
funded research tends to focus on IoMT’s role in pandemic management. These findings provide 
insights into the global landscape of IoMT research funding and its impact on public health 
advancements. 

Keywords: internet of medical things; IoMT; research funding; bibliometrics; synthetic knowledge 
synthesis 

 

1. Introduction 

New health paradigms advocate the idea that human health is a public good and that the health 
system’s primary goal is to effectively and efficiently manage this good [1]. To achieve this goal, 
modern health professionals should benefit from significant advancements in medical technology 
and treatment methods, including innovations in diagnostics, medical imaging, and preventive 
health care. Remote health status monitoring and therapeutic techniques enabled by the digital and 
agile health revolution [2–5]. Researchers and healthcare innovators hope that emerging technologies 
will significantly enhance the efficiency and capacity of health systems, helping them to better meet 
the healthcare needs of populations worldwide [6]. One of the promising technologies that can be 
widely used in healthcare for all of the above purposes is the Internet of Things (IoT) [7]. While the 
Internet mainly connects people, IoT connects not only people but different entities in the physical 
world, including people and objects. The IoT has made remarkable progress across many fields, 
including medicine, where IoT is called the Internet of Medical Things (IoMT) [8–10]. The IoMT refers 
to the interconnected network of medical devices, sensors, software applications, and healthcare 
systems that communicate through the internet, enabling real-time data sharing, remote monitoring, 
and enhanced decision-making [11], supporting the patient-centric approach [12]. 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.
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While IoMT emergence has been researched from various aspects and viewpoints, the scope and 
extent of research funding have not yet been analysed. Research funding is believed to be a catalyst 
for the science and technology progress. As global increase in research expenditure has been noted 
in last years, analysing the effectiveness or return of research funding has become an important topic 
of interest [13]. In addition, to being an indicator of a research area importance, impact, maturity and 
visibility, funding information might be used to identify funding possibilities, research patterns, and 
most probable topics and themes to be funded [14]. The aim of this paper is to fill this gap and answer 
the following research questions: 
- What are the spatial bibliometrics dimensions of funded and non-funded IoMT research in 

relation to country determinants? 
- What are the characteristics of funding patterns and its relation to country determinants? 
- Which are the most prolific themes of funded and non-funded IoMT research? 
- What is the impact of funded research on the Global Health Index? 

2. Materials and Methods 

Scopus (Elsevier, The Netherlands) was used as the bibliographic database due to the fact that 
Scopus is regarded as the largest scientific bibliographic database of the reviewed research literature. 
In addition to providing powerful analytics services, Scopus also enables 20,000 records to be 
exported simultaneously, enabling more effective and efficient bibliometric analyses. Another 
strength of Scopus is its completeness in covering funding information [14,15]. The search query was 
formed by analysis and synthesis search strategies used in published IoT/IoMT review papers. The 
search was performed on September 8th, 2024. Zipf’s law was used to calculate the number of 
relevant keywords to be used in Synthetic Knowledge Synthesis (SKS). The following search string 
was used for funded publications (FPs): 

TITLE-ABS-KEY(“Internet of Medical Things”) and FUND-SPONSOR(a* or b* or c* or d* or e* 
or f* or g* or h* or i* or j* or k* or l* or m* or n* or o* or p* or q* or r* or s* or t* or u* or v* or z* or x* 
or y* or w* or 1* or 2* or 3* or 4* or 5* or 6* or 7* or 8* or 9* or 0*) 

and 
TITLE-ABS-KEY(“Internet of Medical Things”) and NOT FUND-SPONSOR(a* or b* or c* or d* 

or e* or f* or g* or h* or i* or j* or k* or l* or m* or n* or o* or p* or q* or r* or s* or t* or u* or v* or z* 
or x* or y* or w* or 1* or 2* or 3* or 4* or 5* or 6* or 7* or 8* or 9* or 0*) 

for non-funded publications (NFPs). 
Equally structured search string, but with different search terms were used to calculate the 

percentage of FPs in the fields of Information and Communication Technologies (ICT) and Medicine 
and Health. 

Spatial bibliometric dimensions analysis was performed using Scopus’s built-in functionality 
and the Bibliometrics software [16]. The country ranks in Medicine and Computer networks and 
communications was obtained from Scimago [17]. As country determinants important for our study, 
we selected Health systems ranking 2023 [18], Health Expenditure as % of GDP - 2021/22, Current 
R&D Expenditure as % of GDP - 2021/22[19] CR&D Expenditure as % of GDP - 2021/22 [19] and 
Bloomberg Global Health Index (BGHI) [20]. BGHI accounts for a variety of factors that contribute to 
the populational health of countries. It is based on the premise that the residents of developed 
countries tend to be healthier due to a higher quality of life, lower pollution rates, better 
infrastructure, access to quality healthcare, education, better nutrition, and good-paying jobs. On the 
contrary, residents of other developing countries frequently lack adequate access to these same 
benefits. The associations between bibliometric dimensions and country determinants were analysed 
by a framework developed by Kokol et al. [21]. 

Thematic analysis was performed by Synthetic Knowledge Synthesis (SKS). SKS was developed 
to face challenges in synthesizing research evidence due to exponential rates of knowledge 
development, enabling the analysis and synthesis of vast amounts of publications. SKS triangulates 
quantitative and qualitative approaches by combining descriptive bibliometrics, bibliometric 
mapping, and content analysis [22]. 
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3. Results 

The search resulted in 1978 NFPs and 842 FPs. FPs were written by 2995 authors coming from 
74 countries and were published in 337 source titles. FPs contained 2443 author keywords. NFPs were 
written by 5366 authors coming from 106 countries and were published in 905 source titles. NFPs 
contained 4241 author keywords. The percentage of FPs was 29.8%, which is higher than in related 
disciplines (ICT (25.5%) and Medicine and Health (20.9%)), but lower than in IoT use in preventive 
health (37.0%) [7]. 

3.1. Spatial Bibliometric Dimensions of IoMT Research and Country Determinants 

The publication types are shown in Table 1. Comparison between the share of different types of 
publications between NFPs and FPs show that perceptually more original articles and reviews are 
funded than nonfunded. In all other types percentages of NFPs are prevailing. It is interesting to note 
that none of FPs was retracted or updated with errata. 

Table 1. Publication types. 

Document Type Number of NFPs % of NFPs Number of FPs % of FPs 
Article 910 46.0% 602 71.5% 

Conference Paper 563 28.5% 171 20.3% 
Book Chapter 300 15.2% 9 1.1% 

Review 86 4.3% 57 6.8% 
Conference Review 43 2.2% 0 0.0% 

Book 33 1.7% 0 0.0% 
Editorial 17 0.9% 1 0.1% 
Erratum 11 0.6% 0 0.0% 

Retracted 7 0.4% 0 0.0% 
Letter 3 0.2% 0 0.0% 
Note 3 0.2% 1 0.1% 

Short Survey 2 0.1% 1 0.1% 

Figure 1 shows a steady growth in the number of papers in the domain of IoMT, for both NFPs 
and FPs, from 2016 to 2024. The slight decline observed in 2024 can be attributed to the timing of data 
collection, which occurred in September 2024. Early in the observed period, there was a significant 
discrepancy between the number of NFPs and FPs, as can be observed for the year 2017. However, a 
spike in 2019 brought the distribution closer to parity, with FPs accounting for 44.4% of total 
publications. After this peak in 2019, the proportion of FPs gradually decreased, stabilizing around 
30% in subsequent years. 
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Figure 1. The literature production dynamics of FPs and NFPs in IoMT research. 

Most of the original titles publishing research on IoMT are ranked in the top two quartiles 
according to SCIMago JCR (Table 2). Scimago JCR ranges from 0.15 to 4.42. Five source titles 
published, both FPs and NFPs, IEEE Access being the only journal publishing more FPs than NFPs. 
FPs were published only in journals, whereas NFPs were also published as book chapters. In general, 
FPs were published in higher-ranked source titles according to H-Index and JCR queries; however, 
the average JCR was slightly higher for NFP publishing source titles mainly due to the very high JCR 
of IEEE Transaction on Industrial Informatics. 

Table 2. Most prolific source titles publishing FPs and NFPs. 

SOURCE TITLE 
Number 

of FPs 
SJR 

Qua
rter 

H-
index 

SOURCE TITLE 
Number 
of NFPs 

SJR 

Q
ua
rte
r 

H-
inde

x 

IEEE Access 70 0.96 1 242 IEEE Access 59 0.96 1 242 

Sensors 52 0.79 1 245 
Lecture Notes In 
Networks And 

Systems 
58 0.17 4 36 

IEEE Internet Of 
Things Journal 

43 3.38 1 179 
IEEE Internet Of 
Things Journal 

57 3.38 1 179 

Electronics 
Switzerland 

24 0.64 2 83 
IEEE Journal Of 
Biomedical And 

Health Informatics 
40 1.96 1 156 

IEEE Journal Of 
Biomedical And 

Health 
Informatics 

20 1.96 1 156 
Communications In 

Computer And 
Information Science 

27 0.2 4 69 

Future 
Generation 
Computer 
Systems 

19 1.95 1 164 Internet Of Things 24 1.64 1 52 

Computers 
Materials And 

Continua 
17 0.46 2 57 

Electronics 
Switzerland 

22 0.64 2 83 
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Applied Sciences 
MDPI 

14 0.51 2 130 
IEEE Transactions On 
Industrial Informatics 

21 4.42 1 193 

Computer 
Communications 

13 1.40 1 128 
Lecture Notes In 

Electrical Engineering 
20 0.15 4 45 

Information 
Sciences 

12 2.24 1 227 Sensors 20 0.79 1 245 

Average  1.43 1.3 161.1 Average  1.431 2 130 

Table 4 reveals that the country productivity ranks of both NFPs, and FPs differs from the 
country productivity ranks in subjects Medicine and Computer networks and communications. 
Three most productive countries in above two subjects are still among 10 top productive countries, 
but top productive countries like Germany, Japan, France and Canada are missing. On the other 
hand, countries which don’t belong to top 30 most productive countries like Saudi Arabia, Pakistan 
and Malaysia are among top 10 productive countries in IoMT research. Eight countries are in both 
NFP and FP list, however the rankings differ slightly, India and United States being the most 
productive regarding NFPs and China and Saudi Arabia regarding FPs. Australia and Iraq are only 
ranked among top 10 NFPs countries and South Korea and Egypt only among FPs countries. The 
average percentage of funded papers in top 10 countries is 44.2% with South Korea having the largest 
percentage of funded papers (69.3%) and India the smallest percentage (20.0%). 

According to Organisation for Economic Co-operation and Development (OECD) [23] the 
average health spending related to GPD in 2022 in OECD countries is about 9.2%.Thereafter it is 
surprising to observe that only three countries in the top 10 NFPs or FPs countries are above that 
limit. Similarly, the most of top ranked countries in Health and Health systems ranking like 
Singapore, Japan, Taiwan, Scandinavian Countries, etc. are also not in the below lists. It seems that 
countries with low health expenditures and not so well ranked health systems are investing in the 
research in IoMT as a possible technology to improve health services. Similar observation can be 
made regarding the R&D expenditures. According to OECD [19] an appropriate spending in 
percentages of GPD is above 2% and only four of top 10 countries reached that limit. Data reveals 
that countries highly above or highly below 2% expenditure in R&D GPD are the most productive 
regarding both NFPs and FPs. A comparison of country determinants between the most productive 
countries in the NFP and FP lists reveals that the countries on the FP list rank higher on average in 
all three rankings, have a higher percentage of investments in healthcare and research and higher 
Global Health Index. 

Table 3. Most productive countries and their country determinants. 

Funded
/Nonfu
nded 

publica
tion 

COUNTR
Y/TERRI

TORY 

Number of 
NFPs 

Scimag
o rank 

in 
subject 
Medici

ne 

Scimago 
rank in sub-

subject 
Computer 
networks 

and 
communicati

ons 

Health 
systems 
ranking 
2023 [18] 

 

Current 
Health 
Expend
iture as 

% of 
GDP - 
2021/22 

Curren
t R&D 
Expend
iture as 

% of 
GDP - 
2021/22 

[19] 

BGHI 

NFP India 849 11 3 112 3.28 0.65 61.3 

NFP 
United 
States 

213 1 2 69 16.57 3.45 79.5 

NFP China 192 2 1 5 5.38 2.43 46.3 

NFP 
Saudi 
Arabia 

145 35 27 56 5.97 0.46 77.2 

NFP Pakistan 112 40 30 124 2.91 0.16 61.5 

NFP 
United 

Kingdom 
93 3 6 34 11.34 2.91 88.8 
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NFP Australia 73 9 13 21 10.54 
3.25 

 
90.9 

NFP Iraq 69 65 50 115 5.25 
0.04 

 
62.8 

NFP Italy 63 6 8 17 9.00 1.45 91.5 
NFP Malaysia 62 42 16 42 4.38 0.59 84.2 

 
AVERAG

E 
 21.4 15.6 59.5 7.462 1.539 74.4 

FP China 280 (57.1%) 2 1 5 5.38 2.43 46.3 

FP 
Saudi 
Arabia 

176 (52.1) 35 27 56 5.97 0.46 77.2 

FP India 171 (20.0%) 11 3 112 3.28 
0.65 

 
61.3 

FP 
United 
States 

127 (36.3%) 1 2 69 16.57 3.45 79.5 

FP 
South 
Korea 

88 (69.3%) 14 9 3 9.72 
4.93 

 
94.3 

FP Pakistan 75 (38.9%) 40 30 124 2.91 
0.16 

 
61.5 

FP 
United 

Kingdom 
66 (40.2%) 3 6 34 11.34 

2.91 
 

88.8 

FP Italy 49 (42.2%)  6 8 17 9 1.45 91.5 
FP Egypt 44 (48.4%) 33 36 107 4.61 1.02 64.6 
FP Malaysia 42 (37.5%) 42 16 42 4.38 0.59 84.2 

 
AVERAG

E 
 14 10.75 52.5 8.02125 2.055 74.9 

3.2. Thematic Analysis 

According to Zipf bibliometric law [24], 65 most popular author keywords from NFPs and 49 
from FPs were taken into VOSViewer analysis. The research landscapes are shown in Figures 3 and 
4. SKS performed on those two landscapes resulted in the themes presented in Table 5. SKS analysis 
of FPs and NFPs author keywords landscapes did not show big thematic differences except two cases. 
Namely, FPs are more concerned with using AI IoMT applications in e-health and telemedicine, while 
NFPs are more concerned with using IoMT in pandemic management. Other differences are mainly 
in the fact that author keywords representing semantically similar topics are differently related, 
whether funded or unfunded, appear in different topics or differ in popularity. 
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Figure 4. The FPs author keywords landscape. 
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Figure 5. The NFPs author keywords landscape. 

Table 5. Themes derived by using SKS. 

FPs Themes 
Representative topics 

identified in prominent 
publications  

NFPs themes 
Representative topics 

identified in prominent 
publications 

IoMT and AI use 
in e-health and 
telemedicine 

ECG monitoring [25], e-
health patient 

monitoring [26], elderly 
healthcare [27], Accident 
and emergency detection 
in One digital health [28] 

Role of IoMT in 
pandemic 

management 

Point of care testing of 
infectious diseases [29], 

Cognitive IoMT for 
pandemic management 

[30], Pandemic 
forecasting [31], Covid-19 
management by federated 

learning [32] 

Privacy in 
federated learning  

Skin diseases [33], Smart 
healthcare [34], ECG 

classification [35], 
Misbehaviour detection 

[36], Heart disease 
diagnosing [37] 

Privacy and 
security within 

federated 
learning 

Privacy preservation with 
fraud enabled blockchain 
[38]. Privacy preservation 
in smart healthcare [39], 
Intrusion detection [40], 

Privacy sensitive 
federated learning [41]   

Security in smart 
health care  

Blockchain industrial 
secure encryption in 

healthcare [42], Hybrid 
authentication for digital 

healthcare [43], Threat 
detection in IoMT 

networks [44], Secure 
intelligent biosensors 

[45] 

Machine learning 
detection of 

cybersecurity 
treads on IoMT 

applications 

Cybersecurity of 
healthcare 5.0 systems 

using  federated learning 
[46,47]. Tree classifier 

based intrusion detection 
in IoMT [48]. Multilayer 
perceptron optimisation 

for cybersecurity [49]  

Secure big data 
analysis in 
healthcare 

security threats, 
vulnerabilities, and 

counter measures [50], 
Blockchain, Blockchain 

assisted big data 
management [51], 

Healthcare in Smart 
Cities [52] 

 

Big data analysis 
of data from 

wearable sensors 
for eHealth 

Ambient assisted living 
[53], edge-stream 

computing for real time 
analysis of wearable data 

[54], big and wearable 
data in gynaecology [55], 

Big data based Smart 
Health Monitoring [56] 

Advanced 
machine learning 
and data security 
in accessing data 
from wearables 

and sensors 

Secure wearable 
ultrasound system [57], 

Privacy preserving 
federated learning [58], 

Robust zero 
watermarking for 

federated learning [59],  
Scalable transferable 
federated learning in 

classification  of 
healthcare IoMT data 

[60] 
 

Advanced 
machine learning 

Remote patient 
monitoring [61,62]. Lung 
tumour diagnosing [63], 

Digitalization [64] 
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3.3. IoMT Impact: Bloomberg Global Health Index in Relation to the Number of Funded Published Papers on 
IoMT 

Figure 6 represents the BGHI in association with the number of papers published per 1M 
residents. The association is not strong; however, the trend line (dotted line in Figure 2) shows that 
the BGHI is increasing with the number of published FPs. The graph is very scattered in the area of 
less than 0.4 FPs/1M residents, but most of the countries on right of that limit have in general higher 
BGHI than 80. On the other hand, countries with the lowest BGHIs are all on the left side of the 0.4 
FPs/1M residents limit. From the bibliometric point of view the 0.4 FPs/1M residents limit also 
indicates the point after which the number of FPs do not affect the BGHI in a significant manner. 
Nevertheless the above patterns might indicate that the investments in IoMT research have positive 
effect on populational health status. 

 

Figure 6. The BGHI 2024 in association with the number of published FPs per capita on 1M 
residents. 

Most of the most prolific funding agencies (Table 6) come from China, South Korea, Saudi 
Arabia, the US, and the EU, which are also among the most productive countries (Table 3). Except for 
Saudi Arabia, those countries spend a respectable share of GPD on health and research. 

Table 6. The most prolific funding agencies. 

National Natural Science Foundation of China, China 167 
National Science Foundation, USA 45 

National Research Foundation of Korea,” Korea 40 
National Key Research and Development Program of China, China 36 

King Saud University, Saudi Arabia 35 
Ministry of Science and Technology of the People’s Republic of China, China 33 

Deanship of Scientific Research, King Saud University, Saudi Arabia 32 
European Commission, EU 29 

Ministry of Science, ICT and Future Planning, South Korea 25 
Fundamental Research Funds for the Central Universities, China 24 

4. Discussion 

Our study revealed that the proportion of funded projects (FPs) in the Internet of Medical Things 
(IoMT) research literature was higher than in the fields of Medicine, Health, and Information and 
Communication Technology (ICT), yet lower than in the Internet of Things (IoT) research focused on 
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preventive health. This variation in the percentage of FPs can be attributed to several key factors. 
Firstly, the interdisciplinary nature of IoMT, which merges healthcare and technological innovation, 
makes it a significant area of interest for both public and private funding agencies. Its potential to 
revolutionize patient care and healthcare systems drives increased funding compared to more 
traditional research areas like Medicine, Health, and ICT. IoMT offers the promise of groundbreaking 
advancements, particularly in diagnostics, treatment, and patient monitoring, making it a high-
priority area for innovation-driven investment. In contrast, IoT-based preventive health research, 
which emphasizes early detection and cost-effective management of chronic diseases, attracts even 
greater funding. Preventive health solutions using IoT technologies are often viewed as long-term 
strategies with the potential to reduce healthcare costs and improve population health outcomes, 
thereby garnering substantial support from stakeholders invested in sustainable healthcare solutions 
[65]. These approaches are particularly attractive to funders as they help alleviate the burdens on 
healthcare systems and align with public health initiatives aimed at reducing the prevalence of non-
communicable diseases (NCDs). Additionally, IoMT, as an emerging field, often requires substantial 
technological investment [66], making it more likely to attract funding compared to more established 
fields like general Medicine or ICT research. Furthermore, funding agencies may prioritize 
preventive health due to its proven effectiveness in reducing the incidence of chronic diseases, 
thereby highlighting the significance of IoT applications in this area [67]. 

The higher percentage of funded original articles and reviews compared to non-funded ones can 
be attributed to the primary goals of funding, which focus on supporting innovation and original 
research. Such research often begins with a synthesis of existing knowledge, typically presented in 
review articles, laying the groundwork for subsequent innovation. 

The trend in IoMT research literature production has been positive, reflecting the broader 
upward trends in literature production across most modern scientific and research fields [68]. 

In contrast to some other studies [68–70], our analysis did not reveal a regional concentration in 
research and literature production. The most productive countries in both non-funded projects 
(NFPs) and funded projects (FPs) include not only well-developed and wealthy nations but also 
developing countries with less successful economies and healthcare systems. This may be because 
IoMT-based health solutions can help mitigate workforce shortages in healthcare, address the effects 
of climate and demographic changes, and improve access to healthcare in remote areas of larger, less 
developed countries more efficiently than traditional methods [20,71–73]. The lack of regional 
concentration in IoMT research may also explain why the ranking of the 10 most productive countries 
in this field differs from their rankings in more general research areas. 

Our study also revealed that up to a certain threshold (0.4 FPs per 1 million residents), the BGHI 
is increasing with the number of funded papers, suggesting that IoMT research funding may 
contribute to improved healthcare delivery.. This finding aligns with other studies that have analyzed 
the association between research grants and health indices [74–76]. 

The funding patterns identified in our study can assist researchers in pinpointing suitable 
research themes for funding, identifying funding institutions, and locating productive countries for 
potential research collaborations. Additionally, these findings may be valuable to research managers, 
funding body administrators, government decision-makers, and policymakers. 

This article has both strengths and limitations. One strength is the use of SKS, a well-established 
knowledge synthesis method that allowed for a comprehensive thematic analysis of IoT research. 
Another key strength is that our study is the first to thoroughly examine funding patterns and the 
impact of funding in IoMT research. However, a major limitation is the reliance on a single database, 
which may have excluded some literature, particularly studies published on various preprint 
platforms. 

5. Conclusions 

The trend of the IoMT research literature production regarding both funded and nonfunded 
papers is positive, however the percentage of funded papers is decreasing, but seems to stabilise in 
2022. The percentage of funding is higher than in healthcare or medicine in general but lower than in 
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ICT related disciplines. Contrary to some others, our study didn’t reveal regionally research 
concentration and literature production, meaning that even less developed, and less “rich” countries 
produce comparable amount of publications. Similarly, government spending in health and research 
and the health system rank didn’t seem to be associated with research literature production or 
funding. Nevertheless, funded papers seem to be published in slightly higher ranked journals, and 
more funded papers are affiliated to scientifically higher ranked countries and country with better 
country determinants. The research funding expressed with the number funding papers per capita, 
shows a positive trend with the BGHI. 
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