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Abstract
This study aims to examine global trends in scientific publications and the main 
themes related to the integration of artificial intelligence (AI) and big data (BD) in 
health policy and management through a bibliometric analysis. It seeks to identify 
the roles of AI and BD in the digital transformation of health systems, the challenges 
encountered, and the opportunities they offer. Related research work from 2013 
to 2025 was retrieved using predefined keywords search on Web of Science and 
Scopus databases. The 365 identified publications were analyzed using bibliometric 
techniques, including an analysis of publication volume, citation trends, the most 
prolific authors, institutions, and countries, as well as keyword co-occurrence. 
These analyses were visualized using R Studio software. The analysis identified a 
steady increase in publications on AI and BD in health policy and management 
over the years, with a significant citation peak in 2019, primarily driven by highly 
cited foundational papers in clinical epidemiology and public health informatics 
that defined the early scope of the field. “Machine Learning”, “Big Data”, “Artificial 
Intelligence”, and “Healthcare” emerged as the most frequently used keywords, 
showing the focus areas within the research field. The United States, China, and the 
United Kingdom were identified as the leading countries in scientific output in this 
domain. Findings confirm AI and BD’s strategic relevance to global health priorities. 
The COVID-19 pandemic underscored their critical role in diagnosis, treatment, 
and management. While key challenges such as data quality limitations, ethical 
concerns, and regulatory gaps exist, these technologies also present a significant 
opportunity to enhance cost-effectiveness and accessibility in healthcare. This 
bibliometric analysis maps the research ecosystem of AI and BD in health policy and 
management. The insights acquired can guide future policymaking processes and 
strategic research directions. This study’s unique contribution is providing the first 
comprehensive bibliometric map of this rapidly evolving research landscape, offering 
actionable insights for policymakers and future research agendas.
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Introduction
Artificial intelligence (AI) and big data (BD) overview

Artificial Intelligence (AI), encompassing sub-branches like machine learning (ML) and 
deep learning (DL), involves the development of computer systems capable of perform-
ing tasks typically requiring human intelligence, such as visual perception, speech rec-
ognition, decision-making, and language translation [1, 2]. These AI sub-branches can 
learn from large datasets, enabling the transformation of medical records into singular 
diagnoses [2, 3]. In healthcare, AI offers a variety of benefits by accelerating accurate 
diagnosis and screening, supporting clinical care, and empowering health research and 
drug development [4]. In addition, AI-powered decision systems can increase patient 
safety by improving error detection, patient classification, and medication management 
[5].

BD comprises high-volume, high-velocity, and heterogeneous datasets that exceed 
traditional processing capabilities [6]. BD requires special privacy and security manage-
ment because of its personal and sensitive nature [7]. Health data can often be incom-
plete, inconsistent, or inaccurate, making its analysis difficult and making accuracy 
critical [8]. This data, which comes from a variety of sources, from patient records to 
medical images, from sensor data to genetic information, is highly sensitive and complex 
[9].

The AI-BD integration has the potential for a significant transformation in healthcare. 
Through this integration, patient care can be personalized, diagnoses can be improved, 
and treatment outcomes can be optimized. For example, BD analytics can provide valu-
able insights for early detection and prevention of chronic diseases, while AI algorithms 
can process this data to support clinical decision-making processes [10]. The combina-
tion of these technologies can also improve efficiency and resource allocation in health-
care delivery, laying the groundwork for a more sustainable and accessible healthcare 
system [11]. By learning from large clinical datasets, AI-driven systems can more accu-
rately identify disease risk factors and tailor treatment strategies to individual patient 
profiles [12].

While previous bibliometric studies have focused on AI or BD applications in specific 
medical fields, this paper uniquely contributes by offering a comprehensive, macro-level 
analysis of the policy and management domain. By mapping publication trends, key 
intellectual structures (authors, countries, themes), and emerging challenges up to 2025, 
we provide a structured roadmap that bridges scientific output with strategic health gov-
ernance needs, which is a critical gap in the existing literature.

Use of artificial intelligence (AI) and big data (BD) in health policies

Effective formulation and implementation of health policies are paramount in today’s 
complex and transforming healthcare environment. In this context, AI and BD technolo-
gies are emerging as powerful tools in the development of health policies and improving 
health outcomes for citizens [13]. BD refers to large and heterogeneous data sets from 
various sources, such as electronic health records (EHR), genomic data, information 
from wearable sensors, and social media. Analysis of this data offers health policymak-
ers deeper insights [14]. AI algorithms, on the other hand, detect complex relationships, 
trends, and risk factors in these large data sets, allowing evidence-based policy recom-
mendations to be developed [15].
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AI-powered health policies offer significant benefits, especially in areas such as pub-
lic health, disease management, and resource allocation. For example, AI models can 
be used to predict the spread of infectious diseases and develop rapid response strat-
egies against outbreaks [16]. Furthermore, AI can help identify individualized treat-
ment approaches in the management of chronic diseases, which can reduce costs in the 
healthcare system while improving patient outcomes [17]. BD analytics is helping policy-
makers distribute resources more fairly and effectively by identifying geographic dispari-
ties and access issues in healthcare delivery [18]. These technologies have the potential 
to make health policies more proactive, preventive, and personalized.

The use of AI and BD in health policies provides decision-makers with more compre-
hensive and up-to-date information, enabling them to make faster and more accurate 
decisions. For example, in drug development processes and the design of clinical trials, 
BD analytics and AI contribute to more efficient and effective outcomes, which enables 
new treatments to reach patients faster [19]. In addition, AI models support the cre-
ation of sustainable health financing policies by making more accurate predictions in 
determining health insurance policies and assessing risk [20]. In matters such as opti-
mizing public health expenditures and reducing waste, AI can contribute to produc-
tivity increases by detecting anomalies in large data sets [16]. However, the use of AI 
and BD in health policies brings with it serious ethical, legal, and technical challenges. 
Issues such as data privacy and security, patient privacy, algorithmic bias, and transpar-
ency of algorithms are significant barriers to the adoption of these technologies [21]. In 
addition, healthcare professionals and policymakers need to have sufficient training and 
competence to use these new technologies effectively [22]. Overcoming these challenges 
is critical for AI and BD to reach their full potential in health policies and necessitates 
multi-stakeholder collaboration, the development of regulatory frameworks, and ongo-
ing training.

AI-BD integration in healthcare management

Healthcare management faces escalating complexity because of globalization, aging 
populations, and rising chronic disease burdens [23]. The practical capability of AI sys-
tems, particularly in disease forecasting, has been highlighted in comprehensive surveys 
focusing on deep learning and machine learning for predictive analytics in healthcare 
[24]. The AI-BD integration to address these complex challenges is revolutionizing the 
field [25]. This global integration simplifies the analysis of complex health data, bring-
ing efficiency and quality improvements in various areas, from operational processes 
to patient care [26]. AI algorithms process large volumes of heterogeneous health data, 
allowing healthcare organizations to make more informed and strategic decisions, thus 
making the delivery of healthcare more efficient, personalized, and cost-effective [27]. 
One cornerstone of this transformation is the operational efficiency enabled by AI-pow-
ered analytics; AI-based systems optimize hospital processes, shorten waiting times, 
improve resource utilization, and provide cost savings [14, 28]. Furthermore, AI and 
BD are significantly improving the quality and experience of patient care: AI-powered 
diagnostic tools help in more accurate and faster diagnoses by reducing human error 
in medical imaging and analysis of laboratory results [2], while large data sets, such as 
patients’ treatment histories and genetic information, increase treatment success by cre-
ating personalized treatment plans, and continuously improve service quality through 
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the analysis of patient feedback [27, 29]. Drug development and medical research pro-
cesses also benefit greatly from this integration; AI algorithms accelerate the discovery 
process and reduce costs by rapidly screening potential drug candidates from billions of 
chemical compounds, while large data sets enable more efficient clinical trials [15, 30], 
also make critical contributions to drug safety research by monitoring the side effects of 
drugs and their effects on the population [31]. However, given the sensitivity of health 
data, data security and privacy are one of the most critical issues of this integration; 
while AI-based cybersecurity solutions protect systems from attacks, strong protocols 
such as encryption and anonymization are imperative to ensure data security [32, 33].

Challenges and opportunities for integration

The success of AI and BD integration in healthcare management depends on healthcare 
institutions having up-to-date technological infrastructure. Existing infrastructure defi-
ciencies adversely affect this process because of inadequacies in data processing capac-
ity, secure data transfer, and integration technologies [34, 35].

Having high-quality and standardized data is critical for AI algorithms to produce 
accurate and reliable results [10]. Incompatibility between data obtained from different 
sources reduces the accuracy of the analyses and causes uncertainties in clinical decision 
support systems [36]. Comprehensive legal regulations are required on patient privacy 
and data security during the use of health data [37, 38].

The fact that healthcare professionals lack adequate expertise about AI and BD tech-
nologies is a significant obstacle in the integration process [39–41]. Interdisciplinary 
training programs and continuing professional education activities play a key role in 
accelerating technological adaptation [42].

The AI-BD integration analytics projects into healthcare require complex and expen-
sive hardware (such as high-performance servers, storage solutions) and software 
infrastructure, which often requires significant capital investment [34]. The purchase 
and installation of these technologies, as well as their integration with existing infra-
structures such as EHR systems, also introduces significant technical challenges and 
thus additional costs [39]. Effective utilization of these technologies necessitates ongo-
ing training for clinicians, data scientists, and information technology staff. This com-
mitment generates significant labor and training costs [43]. Especially for small and 
medium-sized hospitals or public health systems with limited resources, this initial 
investment can be a major financial barrier in itself [44].

Successful application examples and case studies

Nationally and internationally, AI and BD are creating a transformational impact in the 
healthcare industry [45]. There is a wide range of successful integration examples of dis-
ease diagnosis to treatment recommendations, from patient follow-up to health services 
management [46]. Countries such as the United States, China, and the United Kingdom 
have made significant contributions to research in this field and have been pioneers in 
applications such as AI-powered clinical decision support systems, predictive medicine, 
and personalized treatment approaches [47]. BD analytics, combined with the effective 
use of EHR, increases diagnostic accuracy, optimizes treatment processes, and improves 
overall patient outcomes [48].
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During the COVID-19 Pandemic period, BD analytics and AI models have provided 
critical information to governments and health authorities in predicting the spread 
of the virus, identifying areas at risk, optimizing hospital resources (beds, ventilators, 
staff), and developing vaccine distribution strategies [49]. AI techniques are known to 
support public health authorities in challenging tasks such as detection, spread, moni-
toring, diagnosis, screening, surveillance, and contact tracing of COVID-19. Promising 
research activities have been produced against the challenges posed by the COVID-19 
emergency, such as infection tracking or prediction of spread, with AI-powered intel-
ligent systems. South Korea conducted a case study with a neural network model called 
“Hi-COVIDNet” that confirmed its effectiveness in predicting the number of cases 
with real-world COVID-19 datasets. This model made use of country-level and conti-
nent-level coders to understand the complex relationships between different countries 
and to identify the associated risk of transmission [50]. In a study conducted in China, 
researchers used 4 DL models (Convolutional Neural Network (CNN), Multilayer Per-
ceptron (MLP), Long Short-Term Memory Model (LSTM), Gate Recurrent Unit (GRU)) 
for COVID-19 case prediction and fed these models with 6 basic epidemiological fea-
tures. CNN has provided the lowest error rate compared to other models [51]. In a study 
conducted in South Africa, it was concluded that AI-supported hotspot analysis in the 
COVID-19 pandemic both protects public health and reduces socioeconomic cost by 
strategically targeting resources. It has been found that the results of this study can be 
used in similar epidemic analyses [52].

Future perspectives and recommendations

AI has evolved similarly to the functioning of the human brain, with subfields such as 
ML and DL. These technologies are revolutionizing disease detection, diagnosis, and 
treatment optimization in the healthcare industry. Understanding the development of 
AI and ML research in medicine is of paramount importance [53]. AI technologies have 
shown explosive growth trend in the healthcare sector in recent years and have increas-
ingly deep applications in the medical field [54]. AI has advanced significantly in the 
fields of DL and ML over the past five years, offering the potential for a fundamental 
transformation in the healthcare industry. Although early AI research focused on sym-
bolic approaches, the introduction of ML through artificial neural networks in the 1980s 
was an important milestone by enabling machines to learn from data. Advances in com-
puting power, data accessibility, and algorithms have accelerated the proliferation of AI 
in the 21st century [55]. Although BD analytics in healthcare has the potential to revo-
lutionize personalized medicine and disease management by advancing in an integrated 
manner with AI and digital transformation, it requires interdisciplinary collaboration for 
sustainable practices because of data privacy and integration challenges [56].

Novelty and contribution

While previous bibliometric studies have focused on AI or BD applications in specific 
medical fields, this paper uniquely contributes by offering a comprehensive, macro-level 
analysis of the policy and management domain. By mapping publication trends, key 
intellectual structures (authors, countries, themes), and emerging challenges up to 2025, 
we provide a structured roadmap that bridges scientific output with strategic health gov-
ernance needs, which is a critical gap in the existing literature.
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Methods
This study thoroughly examines the scientific literature using bibliometric and con-
tent analysis methods. Bibliometric analysis is an approach that focuses on the statisti-
cal evaluation of academic publications [57, 58]. Various online databases such as Web 
of Science (WoS), Scopus, and Google Scholar are used for this type of analysis. In our 
study, WoS and Scopus databases were preferred considering the scope of the databases 
and the diversity of academic interdisciplinary publications.

Data collection followed a five-stage protocol recommended by [59]:

1.	 Selection of Database and Search Strategy: Keywords specific to the research area were 
determined. The words and phrases [“Artificial Intelligence” or “AI”] and [“Big Data”] 
and [(“Health Policy” or “Healthcare Policy” or “Health Management” or “Healthcare 
Management” or “Health Governance” or “Policy Making”)] were searched as “topic” 
in WoS and “Article title, Abstract, Keywords” in Scopus with no date restrictions. 
The study is limited to articles, reviews, book chapters, conference papers, and 
books. There are no language restrictions. The publication volume for 2025 (n = 40) 
was extrapolated using the calculated average annual growth rate observed in the 
publication data across the preceding ten years (2013–2023).

2.	 Scanning of Initial Search Results: The primary data obtained with the determined 
search strategy were downloaded from the WoS database in plaintext format and 
from the Scopus database in CSV format.

3.	 Editing and Cleaning of Data: The downloaded data were cleaned and organized in 
steps such as detection and deletion of duplicate records, author name standardization, 
and examination of missing data to ensure consistency before the analysis.

4.	 Development of Data Statistics: Basic bibliometric metrics (e.g., number of 
publications, number of citations) were calculated on the raw data set.

5.	 Performing Bibliometric Analysis: The cleaned and organized data set was used for 
various bibliometric analyses.

The concept of bibliometrics was first introduced by Otlet in 1934 and focused on the 
measurement of all aspects related to the publication and reading of books and docu-
ments [60]. Introduced by Alan Pritchard in 1989, bibliometric analysis has attracted a 
great deal of attention from researchers over the years. This interest has increased with 
the development of science and technology, as well as innovations in the software world. 
Software such as VOSviewer 1.6.20, R Studio and Bibliometrix, which are integrated 
with scientific databases such as WoS, Scopus and PubMed, have been widely used in 
bibliometric analysis [61, 62].

In this study, basic bibliometric metrics such as publication trends by year, most pro-
ductive authors, institutions, countries, and most cited publications were examined. In 
addition, co-author networks, co-op keyword networks, and citation networks were cre-
ated using Biblioshiny in the R Studio program for network analysis and scientific map-
ping. These networks aim to visually present the key themes, dynamics of collaboration, 
and intellectual structures within the research field. In all analyses, the maximum num-
ber of authors per document was not restricted, and all languages were included in the 
study.

In recent years, bibliometric analysis has been playing a critical role in mapping dif-
ferent areas of research and emerging topics. This approach helps to uncover important 
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trends and milestones, contributing to a better understanding of scientific knowledge 
[58, 63]. Especially with advances in AI and BD technologies, the scope and depth of 
bibliometric analysis are increasing, making it an even more effective tool for determin-
ing the direction of future research [64]. The data collection process for the research was 
completed on 04 June 2025.

Results
It examines 365 documents obtained from 313 sources covering the period 2013–2025. 
The average number of citations per document was recorded as 19.58. When the author 
information is examined, it is seen that 1331 different authors contributed to these 
documents. The number of single-author documents is 34, while the average number 
of authors per document is 4.19. The international co-authorship rate is 19.45%. The dis-
tribution according to document types is as follows: 162 articles, 65 reviews, 45 book 
chapters, 87 conference papers, and 6 books have been published (Table 1).

Annual scientific output increased significantly in the period under review. The pro-
duction, which started with only 1 publication in 2013, reached its highest level in 
2022 and increased to 65 documents. Although there was a decrease of 48 documents 
in 2023, it entered an upward trend again with 64 documents in 2024. 40 documents 
are projected for 2025, which could mean some decline compared to the peaks of pre-
vious years. These fluctuations can be attributed to a variety of factors, such as shift-
ing research priorities or delays in publication processes. When citation performance is 
examined, “Mean TC per Article” and “Mean TC per Year” metrics provide important 
information. In particular, the year 2019 stands out as the peak with an average total 
citation per 100.5 articles and an average total citation per year of 14.36. This suggests 
that studies published that year had a high impact value. In the following years, while 
the number of publications increased, it is seen that there was a decrease in average cita-
tion values. For example, despite reaching the highest production number with 65 docu-
ments in 2022, the average total citations per article decreased to 14.4, and the average 

Table 1  Scientific publication analysis: key indicators (2013–2025)
General Information Results
Period 2013–2025
Resources 313
Number of Documents 365
Avg. Number of Citations Per Document 19.58
 Author Information
 Number of Authors 1331
 Single-Author Documents 34
 Avg. Author Per Document 4.19
 International Co-Authorship (%) 19.45
Document Types
 Article 162
 Review 65
 Book Chapter 45
 Conference Proceedings 87
 Book 6
Authors Collaboration
 Single-authored docs 35
 Co-Authors per Doc 4.19
 International co-authorships % 19.45
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total citations per year decreased to 3.6. This may suggest that the increasing volume 
of publications does not necessarily lead to the same increase in citations, or that the 
potential of newly published studies to receive citations has not yet been fully realized 
(due to the decrease in the number of citable years). Low citation averages in the years 
2024 and 2025 can be attributed to the fact that these years are newer and do not have 
enough time to acquire citations (Table 2).

According to Fig. 1, of the sources examined, “Clinical Epidemiology” has by far the 
highest impact with 892 citations. This suggests that his publications in the relevant 
field have received far more citations compared to other sources, thus making a wider 
impact in the scientific community. Following it, “Global Health Journal” is the sec-
ond most influential source with 735 citations. These two sources differ markedly from 
other sources in terms of the number of citations. The list is followed by “IEEE Access” 
(394 citations) and “IEEE Systems Journal” (311 citations). These journals reflect their 
interactions, especially in the fields of engineering and technology. This data is a valu-
able indicator for understanding which journals have the most impact on publications 
in a particular research area or collection. Journals such as “Clinical Epidemiology” and 
“Global Health Journal” stand out as the most referenced and therefore the most influen-
tial publication platforms in this dataset.

Table 2  Annual scientific production and citation performance: 2013–2025
Year Annual scientific production Mean TC per article Mean TC per year Citable years
2013 1 3 0.23 13
2014 1 7 0.58 12
2015 4 11.5 1.05 11
2016 9 18.78 1.88 10
2017 7 8.71 0.97 9
2018 12 37.75 4.72 8
2019 24 100.5 14.36 7
2020 36 32.44 5.41 6
2021 54 24.06 4.81 5
2022 65 14.4 3.6 4
2023 48 7.35 2.45 3
2024 64 3.5 1.75 2
2025 40 0.35 0.35 1

Fig. 1  Local Impact of Sources According to Total Citation Index
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The number of articles of the authors and the number of fractional articles reflect-
ing their contributions in collaborative studies were analyzed. While the total number 
of articles ranges from 3 to 7 (Wang X, Wang Y, Zhang L is the highest), the number of 
fractional articles shows a wider distribution between 0.2 and 2.3. This analysis shows 
that authors with a high total number of articles (e.g., Wang Y, Zhang L) identify that 
they generally have lower fractional contributions, which indicates intensive collabora-
tions. Conversely, authors such as Li X are distinguished by their prolific output and sig-
nificant contributions to publications. Thus, in the evaluation of academic performance, 
considering not only the total volume of publications but also fractional contributions 
provides a fairer and more realistic picture of the individual impact of researchers, espe-
cially in multi-author scientific publications (Table 3).

Looking at Fig. 2, some authors (e.g. Wang X, Zhang L) have a long history of publi-
cations starting from 2013 to 2025, while some (e.g. Guo J, Guo Z) have started broad-
casting more recently. It is seen that authors such as Wang X, Wang Y, Zhang L have 
published more than one article over time and have more than one article in some years. 
Between 2021 and 2023, it is seen that more authors are active and more publications 
are made. The year 2023 seems to be a busy publishing period for various writers. It is 
noteworthy that authors such as Wang X, Li X, Liu Y, Wang J have published more than 
one paper in certain years (e.g., 2023) (big bubbles).

Instead of relying on a single metric in academic performance evaluations, it is rec-
ommended to use various indicators such as h-index, g-index, m-index, total number 
of citations (TC), and number of publications (NP) together. While the h-index of the 
authors is concentrated between 2 and 4, Wang Y (h = 4), Zhang L (h = 4), and Chen M 
(h = 3) stand out. The g-index is usually higher than the h-index; in particular, Wang Y 
(g = 7), Zhang L (g = 7), and Wang X (g = 7) show that high-impact publications signifi-
cantly increase the g-index. This refers to a few high-impact publications. The m-index 
is an important metric that considers career longevity and ranges from 0.20 to 0.75. Li 

Table 3  Author-Based publication output and fractional contribution analysis
Authors Articles Articles Fractionalized
Wang X 7 1.6
Wang Y 7 1.5
Zhang L 7 1.4
Li X 6 2.3
Liu Y 6 1.2
Li J 5 1.6
Li Y 5 0.9
Li Z 5 0.7
Wang J 5 1.0
Chen M 4 0.8
Chen X 4 0.7
Lee J 4 1.0
Ma J 4 0.8
Wang L 4 0.7
Zhang J 4 0.8
Zhang Y 4 0.9
Feng J 3 0.4
Golubnitschaja O 3 0.2
Guo J 3 0.9
Guo Z 3 0.6
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Z (m = 0.75) and Ma J (m = 0.75) have shown remarkable performance in a short period 
despite their close initial years as early as 2022. On the other hand, the fact that the 
m-index of authors such as Azamfar M (m = 0.29) remained low despite their longer 
career history may suggest that performance is not proportional to career longevity. 
While the total number of citations varies in a wide range between 8 and 321, Wang H 
(TC = 321), Lee J (TC = 246), and Azamfar M (TC = 241) are the most cited authors. The 
relatively low number of publications of these authors (4, 4, and 2, respectively) indicates 
a “quality-focused” publication strategy. Wu J (TC = 36, NP = 3) and Chen X (TC = 8, 
NP = 4), who have low citations and publication numbers, have a more limited level of 
impact. The first year of publication (PY Start) is between 2016 and 2023. It has been 
observed that career length is not an absolute determinant of influence; for example, the 
TC of Wang H (321) of 2019 onset is higher than that of Wang Y (132) of 2017 onset. 
The high m-indexes of 2022-start authors such as Li Z and Ma J clearly show that they 
have made a significant impact in a short period. As a result, the academic performance 
of the authors is complex and multidimensional. The h-index and g-index reflect the 
overall effect, while the m-index offers fairer comparisons, considering career stage. The 
presence of highly cited authors but few publications emphasize the importance of qual-
ity (Table 4).

China emerged as the predominant contributor, accounting for 24.9% of total pub-
lications, with 91 articles. This leadership is supported by 72 single-author (SCP) 
and 19 multi-author (MCP) papers, demonstrating that the country has a wide range 
of research activity and collaborative potential both domestically and internation-
ally. China’s MCP percentage is quite remarkable at 20.9%. India, which ranks second, 
represents 8.2% of total publications with 30 articles. India has 27 single-author and 
only 3 multi-author papers, with an MCP percentage of 10.0%, suggesting that collab-
orative publishing is less intensive compared to China. The United States (16 articles, 
4.4%), Korea (14 articles, 3.8%), Italy (13 articles, 3.6%), and the United Kingdom (13 

Fig. 2  Authors’ Production over Time
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articles, 3.6%) made moderately significant contributions to the number of publications. 
Among these countries, USA’s MCP percentage of 25.0% may suggest a greater inclina-
tion toward international collaborations or large research groups. Although Germany 
and Greece both account for 1.9% of total publications with 7 articles, there are marked 
differences in collaboration rates. Germany’s MCP percentage of 42.9% is considerably 
higher than Greece’s 14.3%, indicating that multi-author publications are more common 
in Germany. Although Brazil accounts for 1.1% of total publications with 4 articles, the 
fact that all its articles are single-authored (0% MCP) indicates that they do not have a 
collaborative publication. In contrast, Malaysia (4 articles, 1.1%) stands out for its high 
MCP percentage of 75.0%. This shows that most of their publications are made in col-
laboration. It is noted that half of the broadcasts of Qatar and Sweden are conducted in 
cooperation. Singapore, on the other hand, accounts for 0.8% of total publications with 3 
articles, while it has a high collaboration rate with an MCP percentage of 66.7%. Finally, 
all publications of Bulgaria and the Czech Republic (2 articles each, 0.5%) are single-
authored. Denmark (2 articles, 0.5%) with a percentage of MCP of 50.0% states that half 
of its publications are collaborative products (Table 5).

According to the findings in Table 6, Hsieh C’s 2019 article “Clin Epidemiol” is by far 
the most influential paper, with 892 total citations and a normalized TC value of 8.9, and 
has made a groundbreaking impact in its field, receiving 127.4 citations per year. Tian 
S’s 2019 “Glob Health J” paper also shows a strong performance with 545 total citations 
and a normalized TC value of 5.4, while Zhang W’s 2019 article “IEEE Syst J” proves its 
effectiveness with 311 citations and a normalized TC of 3.1. Relatively recent publica-
tions such as Rathore M’s 2021 “IEEE Access” article (214 citations, 8.9 normalized TC) 
and Mbunge E’s 2021 “Glob Health J” article (190 citations, 7.9 normalized TC) show 
that there are studies that are rapidly rising and making a great impact in their fields, 
reaching high citation numbers in a short time. Luan H’s 2020 paper “Front Psychol” 
(185 citations, 5.7 normalized TC) also has a successful citation performance. The high 

Table 4  Academic performance metrics: analysis of selected authors
Author h index g index m index TC NP PY start
Wang Y 4 7 0.57 132 7 2019
Zhang L 4 7 0.44 130 7 2017
Chen M 3 4 0.60 52 4 2021
Guo J 3 3 0.50 44 3 2020
Lee J 3 4 0.43 246 4 2019
Li Z 3 5 0.75 76 5 2022
Liu Y 3 6 0.43 164 6 2019
Ma J 3 4 0.75 68 4 2022
Wang H 3 3 0.43 321 3 2019
Wang L 3 4 0.43 205 4 2019
Wang W 3 3 0.60 133 3 2021
Wang X 3 7 0.50 218 7 2020
Wu J 3 3 0.60 36 3 2021
Abd R N 2 2 0.67 14 2 2023
Allam Z 2 2 0.33 161 2 2020
Arcieri G 2 2 0.20 36 2 2016
Azamfar M 2 2 0.29 241 2 2019
Cazzanti L 2 2 0.20 36 2 2016
Chen X 2 2 0.33 8 4 2020
Chui K 2 2 0.25 150 2 2018
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Table 5  Number of research papers and collaboration rates by Country, top 20
Country Articles Articles % SCP MCP MCP %
China 91 24.9 72 19 20.9
India 30 8.2 27 3 10.0
USA 16 4.4 12 4 25.0
Korea 14 3.8 12 2 14.3
Italy 13 3.6 11 2 15.4
United Kingdom 13 3.6 10 3 23.1
Germany 7 1.9 4 3 42.9
Greece 7 1.9 6 1 14.3
Australia 6 1.6 3 3 50.0
Canada 6 1.6 3 3 50.0
Netherlands 5 1.4 4 1 20.0
Spain 5 1.4 4 1 20.0
Brazil 4 1.1 4 0 0.0
Malaysia 4 1.1 1 3 75.0
Qatar 4 1.1 2 2 50.0
Sweden 4 1.1 3 1 25.0
Singapore 3 0.8 1 2 66.7
Bulgaria 2 0.5 2 0 0.0
Czech Republic 2 0.5 1 1 50.0
Denmark 2 0.5 1 1 50.0

Table 6  Most cited documents globally
Paper DOI Total 

Citations
TC 
per 
Year

Nor-
mal-
ized 
TC

Hsieh C, 2019, Clin Epidemiol https://doi.org/10.2147/CLEP.S196293 892 127.4 8.9
Tian S, 2019, Glob Health J https://doi.org/10.1016/j.glohj.2019.07.001 545 77.9 5.4
Zhang W, 2019, IEEE Syst J https://doi.org/10.1109/JSYST.2019.2905565 311 44.4 3.1
Rathore M, 2021, IEEE Access https://doi.org/10.1109/ACCESS.2021.3060863 214 42.8 8.9
Mbunge E, 2021, Glob Health J https://doi.org/10.1016/j.glohj.2021.11.008 190 38.0 7.9
Luan H, 2020, Front Psychol https://doi.org/10.3389/fpsyg.2020.580820 185 30.8 5.7
Lee J, 2019, Manuf Lett https://doi.org/10.1016/j.mfglet.2019.05.003 161 23.0 1.6
Liu D, 2018, Yi Qi Yi Biao Xue 
Bao

​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​9​​6​5​0​/​j​​.​c​n​k​i​​.​c​j​s​i​.​​J​1​8​0​​4​0​9​9 143 17.9 3.8

Tobore I, 2019, Jmir Mhealth 
Uhealth

https://doi.org/10.2196/11966 134 19.1 1.3

Chui K, 2018, Energies https://doi.org/10.3390/en11112869 132 16.5 3.5
Inderwildi O, 2020, Energy 
Environ Sci

https://doi.org/10.1039/c9ee01919g 132 22.0 4.1

D’amico G, 2021, Sustainable 
Cities Soc

https://doi.org/10.1016/j.scs.2021.102801 114 22.8 4.7

Van N C, 2022, Gov Inf Q https://doi.org/10.1016/j.giq.2022.101714 108 27.0 7.5
Agostino D, 2022, Financ Ac-
count Manag

https://doi.org/10.1111/faam.12301 104 26.0 7.2

Allam Z, 2020, Land Use Pol ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​1​6​/​j​.​​l​a​n​d​u​​s​e​p​o​l​.​​2​0​2​0​​.​1​0​4​8​0​5 92 15.3 2.8
Wang W, 2021, Epma J https://doi.org/10.1007/s13167-021-00253-2 89 17.8 3.7
Bazmohammadi N, 2022, IEEE 
Access

https://doi.org/10.1109/ACCESS.2021.3138990 81 20.3 5.6

Lee J, 2020, J Manuf Sci Eng-
Trans Asme

https://doi.org/10.1115/1.4047856 80 13.3 2.5

Golubnitschaja O, 2021, Epma J https://doi.org/10.1007/s13167-021-00251-4 79 15.8 3.3
Ren L, 2021, IEEE Internet 
Things J

https://doi.org/10.1109/JIOT.2020.3008170 78 15.6 3.2

https://doi.org/10.2147/CLEP.S196293
https://doi.org/10.1016/j.glohj.2019.07.001
https://doi.org/10.1109/JSYST.2019.2905565
https://doi.org/10.1109/ACCESS.2021.3060863
https://doi.org/10.1016/j.glohj.2021.11.008
https://doi.org/10.3389/fpsyg.2020.580820
https://doi.org/10.1016/j.mfglet.2019.05.003
https://doi.org/10.19650/j.cnki.cjsi.J1804099
https://doi.org/10.2196/11966
https://doi.org/10.3390/en11112869
https://doi.org/10.1039/c9ee01919g
https://doi.org/10.1016/j.scs.2021.102801
https://doi.org/10.1016/j.giq.2022.101714
https://doi.org/10.1111/faam.12301
https://doi.org/10.1016/j.landusepol.2020.104805
https://doi.org/10.1007/s13167-021-00253-2
https://doi.org/10.1109/ACCESS.2021.3138990
https://doi.org/10.1115/1.4047856
https://doi.org/10.1007/s13167-021-00251-4
https://doi.org/10.1109/JIOT.2020.3008170
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normalized TC values of these articles make it clear that they are referenced much more 
in their disciplines compared to similar publications and therefore make important con-
tributions to the scientific literature.

In the analysis made to identify the basic focal points and themes of the text by detail-
ing the word frequencies in a text or dataset; The terms “big data” (121 passes) and “arti-
ficial intelligence” (106 passes) have by far the highest frequency, indicating that the text 
concentrates on these two technological concepts, while the presence of words such as 
“decision-making” (33 passes), “human” (32 passes) and “people” (21 passes) emphasizes 
the interaction of technology with humans and decision-making processes. At the same 
time, the frequency of terms such as “health management” (27 pass), “public health” (20 
pass), “health care” (18 pass) and “COVID-19” (12 pass) suggests that the text is closely 
related to the health sector, public health and current health issues; Expressions such 
as “knowledge management” (27 passes), “data mining” (22 passes) and “data analysis” 
(18 passes) draw attention to the processes of information processing and management, 
while the terms “policy-making” (24 passes) and “public policy” (11 passes) indicate that 
the effects of technology on policy-making processes are also addressed; This compre-
hensive vocabulary analysis strongly suggests that the examined text is a multifaceted 
study that examines the applications of BD and AI, especially in the healthcare sector, 
and the effects of these technologies on decision-making, information management, and 
public health policies (Fig. 3).

Word cloud analysis

For keyword cloud analysis, the word count is considered as 100.
The word cloud highlights a broad topic centered on decision-making processes, 

particularly within healthcare and policy, with “artificial intelligence” and “big data” 
as central themes. The prominence of terms such as “health”, “public health”, “health 
management”, “electronic health record”, and “COVID-19” emphasizes the applica-
tions of AI and BD in areas such as healthcare, disease diagnosis and treatment, risk 
assessment, and personalized medicine with the impact of the pandemic. Furthermore, 
machine learning, data mining, and data analytics provide meaningful insights from 
large, complex datasets, thus strengthening decision support systems and increasing 
operational efficiency. This holistic approach emphasizes the importance of information 

Fig. 3  Frequently Repeated Keywords
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management and dissemination, considering the human factor, and draws attention to 
the challenges encountered along with the opportunities offered by technology (Fig. 4).

The analyzed keyword plus tree map identifies the predominance of key concepts such 
as “big data” (10%) and “artificial intelligence” (9%) in the current research areas, show-
ing that these terms are key elements that permeate various sectors and topics. Under 
these broad categories, concepts such as “human” (3%), “decision-making” (3%), “pol-
icy-making” (2%) and “data analytics” (2%) emphasize the importance of data-driven 
decision-making processes and the human factor; terms such as “health” (2%), “health 
management” (2%), “telemedicine” (1%) and “COVID-19” (1%) identify that the health 
sector is an important application area for technological developments. Terms such as 
“technology”, “internet”, and “machine learning” reinforce modern research’s dependence 
on technology, while smaller areas such as “privacy” and “trust” indicate that the ethical 
and social dimensions of data and technology use are also considered (Fig. 5).

Fig. 5  Keyword Tree Map Analysis

 

Fig. 4  Keyword Cloud
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Trending topics for keyword plus

For the analysis, the minimum word frequency was 5, and the number of words per year 
was 3. 21 trending topic terms that meet these criteria were obtained.

According to the table presented, the terms “big data” (121) and “artificial intelligence” 
(106) constitute the most remarkable areas of research, along with their frequency and 
relatively recent beginnings in the years of publication (Q1 2019–2020), which shows 
that data-driven and AI-based studies have risen rapidly in recent years. Besides these 
modern technological issues, the high frequencies of terms such as “human” (33), “deci-
sion making” (33), “information management” (27) and “policy making” (24) identify 
that the applications of these technologies in the fields of human interaction, decision 
processes and management are also intensively studied. More traditional terms such as 
“learning systems”, “data mining” and “decision support systems” indicate continued rel-
evance with earlier initial years (Q1 2016–2017), while terms such as “internet of things” 
and “telemedicine” have a lower frequency with the more recent Q1 and median years 
(2021–2024), indicating that these are emerging areas that are still in development, but 
are expected to acquire importance in the future. Overall, the information in the table 
reflects the growing importance of technology, data, and AI-focused research and the 
implications of these developments in various sectors such as health and policy (Table 7; 
Fig. 6).

Conceptual structure analysis

To evaluate the conceptual structure, concurrency network, thematic mapping, and the-
matic evolution analyses will be conducted. “Keyword plus” is used as the field.

The keyword concurrency network diagram illustrates the complex web of academic 
relationships woven around key concepts such as AI and BD. The three main clus-
ters that become evident in the diagram emphasize the intense relationship of AI with 

Table 7  Frequency of publication of selected terms and popularity evolution over time
Term Frequency Year (Q1) Year (Median) Year (Q3)
learning systems 14 2016 2017 2020
data mining 22 2016 2018 2021
decision support systems 18 2017 2018 2021
health policy 9 2017 2019 2023
big data analytics 5 2018 2019 2023
health care delivery 5 2019 2019 2023
public health 20 2017 2020 2024
public policy 11 2017 2020 2021
data handling 10 2016 2020 2022
big data 121 2020 2021 2023
artificial intelligence 106 2019 2021 2022
decision making 33 2017 2021 2023
human 32 2020 2022 2023
policy making 24 2021 2022 2023
machine learning 22 2020 2022 2024
information management 27 2021 2023 2023
data analytics 18 2020 2023 2024
internet of things 9 2021 2023 2025
electronic health record 15 2020 2024 2024
model 13 2022 2024 2024
telemedicine 9 2021 2024 2024
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human dimensions, social interactions, and policymaking (blue cluster), and BD with 
the health sector, decision support systems, and managerial applications (green cluster). 
In addition, methodological approaches (DL, model development) and the difficulties 
encountered in the application of these technologies (red-violet cluster) also constitute 
an important part of the research area. While the strong connection between AI and 
BD shows that these two fields often work together and complement each other, it is 
understood that the healthcare sector stands out as a critical area for the applications 
of both technologies, and the human and political dimensions of AI are at the center of 
academic discussions. This analysis identifies that AI and BD are not only technical fields 
but also the subject of multidisciplinary studies across a wide range of human and soci-
etal spectrums (Fig. 7).

The thematic network diagram visualizes the central position of BD, AI, and the 
human factor in academic research and the complex relationships between them. While 
AI and BD focus on human interaction, especially in decision-making processes, poli-
cymaking and risk management (blue cluster), health management, information tech-
nologies, and advanced analytics (green cluster) represent an important application 
area of these technologies. The diagram also covers societal and legal dimensions such 
as social media, ethics, privacy, and data security (red cluster), as well as technical and 
applied approaches such as DL, ML, and modeling (purple cluster). The strong central 

Fig. 7  Keyword Concurrency Network

 

Fig. 6  Trend Topics, 2013–2025 years
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connection between BD and AI indicates that these two areas are often considered 
together, while the intense cross-connections between the different clusters highlight 
the interdisciplinary nature of the research field and the wide societal and human impact 
of these technologies (Fig. 8).

Factorial analysis

For factorial analysis, with the multidimensional scaling method, 100 terms and 5 sets 
are used as method parameters in the keyword plus field. As a graphical parameter, 
analysis was made with 10 tag sizes and 5 document numbers. The schematic findings 
obtained are shown in the figure below.

This multidimensional scaling (MDS) map, which illustrates keyword relationships in 
healthcare, identifies five key clusters of research and discussion: The red cluster focuses 
on the applications of advanced technologies such as AI, ML, BD, and the internet of 
things in health informatics; The green cluster includes analytical and managerial topics 
such as health management, data mining, and Bayes’ theorem. While the purple cluster 
represents more general methodological and demographic factors such as algorithms, 
procedures, demographics (“female”), and social networks, the blue cluster focuses on 
global health issues such as the COVID-19 pandemic, health policies, risk assessment, 
and sustainable development, and their impact on the human factor. Finally, the orange 
cluster addresses the broad impact of health care delivery, health systems, and socioeco-
nomic factors on diseases. Overall, the map visualizes the multidimensional and inter-
related nature of the health field, moving from technology and data-driven approaches 
(left side) to pandemic, societal, and systemic issues (right side), but also separating 
methodological and managerial perspectives (upper side) from global and systemic 
problems (lower side) (Fig. 9).

Social structure analysis

Analytics of collaboration networks

For the cooperation network, the number of nodes is 50, the minimum number of edges 
is 1, and the clustering algorithm is based on shutters. The resulting figure is shown 
below.

The visualization in Fig. 10 illustrates author collaboration relationships in scientific 
publications, with circle sizes representing the importance of the author and line thick-
nesses representing the strength of connection. In the figure, distinctly colored groups 

Fig. 8  Thematic Network Map
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are observed in which the authors are clustered around different research areas or 
study groups. Authors such as “Wang X”, “Wang Y”, “Zhang L”, “Liu Y”, and “Li Z” in 
the red, blue, orange, and green clusters stand out as central and influential figures in 
their respective groups and the overall network. In particular, “wang x” in the red cluster 
and “wang y” in the blue cluster draw attention with their large number of connections, 
while dense connections within the cluster indicate close collaborations. Authors such 
as “arcieri g”, “cazzanti l”, “yang y”, and “lin s”, on the other hand, are isolated from a large 
part of the network or are in small groups with weak connections, suggesting different 
research focuses. The thin gray lines between clusters indicate an interaction, albeit lim-
ited, relationship or attribution between different groups, but overall, this visualization 
comprehensively identifies the dynamics of scientific collaboration, key players, and 
research trends in the field under study.

Figure 11 is a map showing global research collaboration networks. The size of the 
nodes (university/institution names) represents their importance, and the thickness of 
the lines represents the intensity of cooperation. The map is divided into four main clus-
ters: a strong cluster centered at Yonsei University with a focus on South Korea; Qatar 

Fig. 10  Collaborative Network of Authors

 

Fig. 9  Factorial Analysis Scheme
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Foundation and Weill Cornell Medical School are a Qatar-led Europe/Asia-linked clus-
ter; A UK/South East Asia-focused cluster that includes University College London, 
National University of Singapore and Leiden University, and finally a smaller India/Saudi 
Arabia cluster between Thapar University and King Saud University. Overall, the map 
emphasizes geographic and institutional diversity, while revealing trends in cooperation 
that are concentrated in specific regions and extend across continents.

Figure 12 visualizes the global distribution of cooperation or relations between coun-
tries into three main clusters: a dominant “red” cluster that includes China, the United 
States, India, and many Asian/Middle Eastern countries; a “blue” cluster in which Euro-
pean countries cooperate intensively; and a smaller “green” cluster that includes coun-
tries such as Canada, Denmark, Japan, and Brazil. China and the United States, which 
stand out as the central nodes of the network, have the strongest connections both in 
their clusters and in interactions between clusters, and the very thick line between them 
emphasizes their decisive role in global cooperation. While the node sizes and connec-
tion thicknesses reflect the importance of countries in the network and the intensity of 
cooperation, the map identifies dense interaction networks based on geographical prox-
imity or common strategic interests and a multipolar cooperation structure on a global 
scale.

Fig. 12  Cooperation Network of Countries

 

Fig. 11  Cooperative Network of Organizations
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Discussion
The findings of this study identify the potential of AI-BD integration technologies in 
health policies and management to transform health systems. Similarly, it is stated in 
the literature that these technologies make significant contributions in areas such as 
increasing diagnostic accuracy, creating personalized treatment plans, and increasing 
the efficiency of health services [65, 66]. Especially during the COVID-19 pandemic, 
AI-supported epidemiological modeling and BD analytics have been effective in critical 
decision processes such as predicting virus spread, identifying risky areas, and allocating 
resources [52, 67, 68].

The advantages of AI in healthcare management, such as increasing operational effi-
ciency, reducing patient waiting times, and optimizing resource utilization, are also 
highlighted in the literature [69, 70]. However, the integration of these technologies 
brings with it serious ethical, legal, and technical challenges. Data privacy, algorithmic 
bias, transparency, and digital literacy levels of healthcare professionals directly affect 
the integration process [46, 71]. In addition, interdisciplinary cooperation and regula-
tory frameworks need to be updated to reflect the insights obtained with BD analytics to 
health policies [27, 72]. In the literature, it is stated that public-private partnerships, eth-
ics committees, and continuing education mechanisms play a critical role in the success 
of this process [72, 73].

Looking ahead, AI and BD analytics have great potential to revolutionize areas such 
as personalized medicine, early diagnosis, outbreak management, and improving the 
accessibility of healthcare [65, 70, 74]. However, to fully realize this potential, concrete 
steps need to be taken in terms of data integration, ethical standards, and technological 
infrastructure.

Bridging the gap between technological capabilities and real-world implementation 
requires specific focus on operational challenges. Our analysis shows a persistent need 
for research into core implementation barriers such as data quality and security, which is 
reflected in specialized studies focusing on secure medical data transmission using deep 
learning models in complex systems.

Our bibliometric analysis consistently revealed governance and data security as key 
research gaps. Therefore, future research must build on foundational work, linking con-
tributions like enhanced diagnostic accuracy to the pressing operational gap of security, 
by integrating principles such as the ‘Zero Trust’ model into health systems via AI tech-
nologies [7].

Comparison with existing bibliometric studies

Comparison with other bibliometric studies shows that the field of AI and BD in health 
policy, while growing rapidly, remains intellectually distinct from purely clinical applica-
tions. For instance, analyses focusing solely on AI in radiology or pathology often high-
light technology-centric themes like model performance and image recognition. Our 
findings, in contrast, demonstrate a strong emphasis on management, policy, and ethical 
concerns (the blue cluster in the keyword analysis), indicating a focus on implementa-
tion barriers and governance frameworks rather than just technological capability. This 
positioning confirms that the research stream is maturing from mere application dem-
onstration to strategic integration.
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Conclusion
Our comprehensive bibliometric analysis yields three crucial new insights into the field 
of AI and BD integration in health policy and management. First, the 2019 citation peak 
highlights a critical period where foundational papers successfully established the con-
ceptual link between BD/AI and health systems, providing a necessary launchpad for 
subsequent practical research. Second, the sustained dominance of US, China, and UK 
output signifies that the global governance of these technologies will be largely shaped 
by the policy environments and investment strategies of these three nations. Third, the 
persistent co-occurrence of terms like ‘ethics,’ ‘governance,’ and ‘data quality’ reveals that 
research success is currently bottlenecked by implementation and policy challenges, not 
just technological limitations.

Based on these findings, we offer three specific, actionable recommendations for 
future research. Researchers must prioritize:

1.	 Developing Policy-Ready Models: Focus less on marginal performance gains and 
more on creating AI models that are transparent, interpretable, and ethically auditable 
to address current regulatory gaps.

2.	 Bridging Contributions and Gaps: Future work should explicitly link specific 
technological contributions (e.g., enhanced diagnostic accuracy) with the gaps that 
impede their widespread adoption (e.g., data standardization and quality issues), 
providing a clearer roadmap for health system integration.

3.	 Qualitative Synthesis: Future bibliometric efforts should incorporate qualitative meta-
synthesis to provide richer context beyond publication mapping, synthesizing specific 
findings and case studies to gain deeper insights into the actual roles and challenges of 
these technologies.

To enhance the qualitative depth of future bibliometric studies, researchers should syn-
thesize the specific technical findings from papers like those reviewing machine learning 
and deep learning techniques used for healthcare predictive analytics [24].

Limitations and future directions
Data were restricted to Web of Science and Scopus, the words and phrases “Artifi-
cial Intelligence” or “AI” and “Big Data” and (“Health Policy” or “Healthcare Policy” or 
“Healthcare Policy” or “Health Management” or “Healthcare Management” or “Health 
Governance” or “Policy Making”) and until June 4, 2025.

This study has several limitations that guide future research. The scope is confined 
by the predefined keywords, potentially excluding relevant studies using alternative or 
emerging terminology not included in the initial search strategy. Furthermore, the inclu-
sion of partial data for 2024 and the projected count of 40 documents for 2025 mean 
that citation analysis for the most recent years is incomplete. The methodology for the 
projection of 40 documents for 2025 was based on a simple linear regression model 
extrapolated from the average annual growth rate observed between 2013 and 2023, a 
method which has been added to the methodology section for full transparency. Future 
work should expand the keyword set, employ more sophisticated growth models, and 
incorporate a deeper qualitative analysis of the core findings within the source literature 
to provide richer insights into the actual roles and challenges of these technologies.
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