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Background: At present, the world is in the background of severe aging
population challenges. Mild cognitive impairment (MCI), an intermediate state
between normal aging and dementia, is a syndrome of cognitive impairment.
Early recognition and intervention of MCI have great value for delaying the
decline of cognitive function and improving the quality of life in the elderly.
Machine learning (ML) is the core sub-branch direction in the field of artificial
intelligence. In recent years, evaluating the potential application of machine
learning in medicine has been popular, including the field of mild cognitive
impairment. However, there is currently no bibliometrics to evaluate the
scientific advances in this field.

Objective: This study aims to visually analyze the current research trends
regarding the application of machine learning in the field of MCI through
bibliometry and visualization techniques.

Methods: Using the Web of Science Core Collection database (Wo SCC), relevant
articles and reviews of the collection database 2015-2024. Subsequently, the
collected papers were subjected to bibliometric analysis utilizing CiteSpace,
VOSviewer, and the “bibliometric” package in R language.

Results: A total of 2056 papers related to machine learning in patients with MCI
were retrieved from the Wo SCC database. The number of papers is increasing
year by year. These papers are mainly from 9,577 organizations in 498 countries,
most of which are from the United States and China. The journal with the largest
number of publications is the FRONTIERS IN AGING NEUROSCIENCE. Folstein M
is an authoritative author from the Johns Hopkins University School of Medicine.
His paper “Mini-mental state: A practical method for grading the cognitive
state of patients for the clinician” is the most cited article in this field. Literature
and keyword analysis indicate that MCI prediction, automated monitoring of
MCI, continuous evaluation and remote monitoring of cognitive function in
individuals with MCI, and interdisciplinary data integration and personalized
medicine are current research hotspots and development directions.

Conclusion: This study is the first to use bibliometric methods to visualize and
analyze the application field of machine learning in MCI, revealing research
trends and frontiers in this field. This information will provide a useful reference
for researchers focusing on machine learning applications in the field of MCI.
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1 Introduction

The early stage of dementia is mild cognitive impairment (1),
which can be specifically manifested as one or more function decline
in memory, executive function, language, application, and visual
spatial structure skills, which can lead to the corresponding clinical
symptoms, but the ability of daily living activities is basically normal,
and does not meet the clinical diagnosis criteria of dementia. At
present, the global prevalence of MCI is about 6.8-32% (2-4). If the
patient with mild cognitive impairment further deteriorates to the
dementia stage, the patient has late loss of independent living, which
will bring heavy economic burden to the society and family (5).
Therefore, the focus on this stage has become a key entry point to
delay the development of dementia.

Artificial intelligence is a branch of computer science, and
machine learning is an important research direction in the field of
artificial intelligence research. As a data analysis tool, machine
learning has the ability to extract and analyze a large number of
different types of clinical data sets. In addition, machine learning is
also applied to assist diagnosis, disease triage, disease risk prediction
and rapid disease identification (6, 7). In the field of mild cognitive
impairment, machine learning technology is good at processing
multimodal and high dimensional data, can be regarded as a reliable
tool (8-13) for early differential diagnosis and prediction of disease
progression of cognitive decline in the elderly, thus, machine learning
plays a crucial role in the field.

Notably, an increasing number of articles on MCI and
machine learning are published each year. Therefore, it is
indispensable for researchers to keep continuous attention to the
latest literature in this field and a comprehensive timely update of
information through dynamic visualization. Bibliometric analysis
is a statistical method based on public literature databases, not
only allowing the quantitative and qualitative evaluation of
publications to help in the analysis of domain-specific research
hotspots and trends (14), And bibliometrics can help decision-
making and research manage (15) by providing new information.
In recent years, the application of machine learning in cognitive
impairment research developed rapidly, in addition to the lack of
bibliometric analysis associated with mild cognitive impairment,
it is noteworthy that the multidisciplinary nature of the field and
its subject diversity prompted us to machine learning in mild
related
comprehensive macro analysis. Therefore, the main purpose of

cognitive impairment literature to conduct a
this study is to conduct bibliometric and visual analysis of the
application of machine learning in MCI in the past 10 years, to
determine the main research status and research prospects of this
field, and to provide new ideas and reference significance for

future research problems.

2 Materials and methods
2.1 Data sources and collection

The bibliometric analysis data for this study are from the Web of
Science Core Collection (Wo SCC), which is known for its
comprehensive and authoritative collection of research publications
and is a good bibliometric analysis database for its rich analytical
indicators that enable researchers to identify research hotspots and
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trends in their respective fields. In Wo SCC (16), TS represents the
topic statement. The retrieval form used in this study was set to
(((((TS = (“Cognitive  Dysfunctions”)) OR TS = (“Cognitive
Disorder *”)) OR TS = (“Cognitive Impairment *”)) OR TS = (“Mild
Cognitive Impairment *”)) OR TS = (“Cognitive Decline *”)) OR
TS = (“Mental Deterioration*”)) AND TS = (“Machine Learning”).
The search time was limited from 01 January 2015 to December 31,
2024. The selection was limited to “articles” and “review articles” in
English, resulting in a total of 2,056 publications (Figure 1A).
According to the above formula, the results were exported as plain
text files in txt and csv formats for the search on Wo SCC. The search
was completed on 01 January 2025 to prevent data bias due to
database updates. Then two researchers (QH and FL) verified the
assessment separately. Any discrepancies were taken for reassessment
by a

third party and immediately followed by a

three-way harmonization.

2.2 Data analysis and visualization

CiteSpace Software system (17) is an information visualization
software developed by Dr. Chaomei Chen, a Chinese scholar from
the School of Information Science and Technology, Drethel
University, mainly for the measurement and analysis of scientific
literature data. We used CiteSpace 6.4.Rl (64-bit) Advanced and
VOSviewerl version 6.20 visualization software to analyze national
or regional distribution and collaboration, institutional
collaboration and publication volume, author distribution and
collaboration, biplot superposition of journal and keyword analysis,
and co-cited reference collaboration. VOSviewer is a visualization
tool specially developed to analyze the knowledge units of the
literature by van Eck et al. (18) based on VOS visualization
technology. Its outstanding advantage is its strong graphics display
ability, which is suitable for analyzing large-scale sample data, and
can cluster the knowledge units. Based on the search results in the
Web of Science database, the raw data is processed and imported
into VOSviewer, whose results are presented in the form of a

visual atlas.

2.3 Research ethics

All raw data used in this study were obtained from the Web of
Science public database, and all data sources used were publicly
available, so no ethical review was required.

3 Results
3.1 Global overview

Through our search and filtering endeavors, we identified a total
of 2,056 articles, which included 1,847 articles and 209 reviews. The
average article age was 3.49, each author publishes an average of 7.78
articles. Moreover, the average number of citations per article was
19.97, this may be relevant to the newer situation in this field. In
general, 12,413 authors from 498 regions and countries have published
relevant literature on ML application to mild cognitive impairment in
609 journals worldwide.
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FIGURE 1
(A) Flowchart and annual results of paper screening for ML in Mild Cognitive Impairment research, 2015—2024. (B) Annual publication volume and
annual citation frequency of relevant articles in the past 10 years (2024 data, as of December 31).
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3.2 Analysis of annual publication and
citation trends

Figure 1B illustrates the annual count of publications and the
frequency of citations for relevant articles over the past decade
(2015-2024). Overall, there is a discernible upward trajectory in
the annual publication count concerning the application of
machine learning in mild cognitive impairment. We conducted an
analysis of the annual article count from 2015 to 2022, observing
a steady increase in the number of publications. A more
pronounced surge in publications occurred after 2020. The annual
citation frequency and the number of published papers reached
5,526 and 300, respectively, by 2021. However, the number of
publications has declined during the year 2023. By 2024, the
number of published articles and the annual citation frequency had
risen to 10,561 and 412, respectively, before continuing on its
significant increasing trajectory. We can conclude that more
scholars might become interested in this topic in the future based
on these general publishing trends.

3.3 Distributions of countries/regions

Presently, 498 countries/regions have participated in the
application of ML in mild cognitive impairment. The top 10 countries
have a large proportion of publication output in this area (Table 1).
The United States has the largest number of publications (2,748
articles), citations (1,0,011 articles), and joint publications
(multinational publications: 129) in the discipline. The United States
and China are the main forces in applied application of ML in mild
cognitive impairment. China and the United Kingdom are ranked
second and third in the number of publications. Although the number
of publications in the UK and France lags with the US and China, their
international cooperation ratio (French MCP ratio: 64.3%; UK MCP
ratio: 62.6%) is high. In general, most countries have exchanges and
cooperation, while countries such as Canada and India currently have
a low proportion of international cooperation. The lack of
international cooperation in the field of mild cognitive impairment
and machine learning may limit the research and development of mild

TABLE 1 The top 10 productive countries.

10.3389/fneur.2025.1587441

cognitive impairment and machine learning, which should
be addressed in the future.

Furthermore, we delineated the top 30 countries/regions in terms
of the number of publications in this area on a country cooperation
map (Figures 2A,B). A chord diagram (19, 20) is a graph that can
be used to show relationships and flows between different entities.
Each sector in (Figure 2A) represents a country, and the thickness of
the string is usually proportional to the strength of the cooperation.
The wider sectors in China and the United States may indicate that
both countries have published or influential publications in the field
of machine learning assistance in the treatment of MCI. As can
be seen from the figure, the United States has extensive cooperative
relations with many countries, especially with China, Canada and
Germany. This suggests that the United States is a central hub in
international research cooperation. In addition, China also works with
many countries, especially Australia, South Korea and Japan, which
shows that China is an important partner in the application of
machine learning in the field of MCI research. European countries,
such as the United Kingdom, Germany, France, Italy, etc. have formed
a relatively intensive cooperation network in the map, showing the
activity of scientific research cooperation between European countries
and with other countries. For example, Japan, South Korea, Singapore
and other Asian countries have small sector areas, but they also show
certain cooperation networks in the figure, and their contributions in
the field of cognitive impairment cannot be ignored. By the
VOSViewer, Figure 2B shows the collaboration between countries
involved in research on the application of ML in mild cognitive
impairment with the top 30 publications. Each node represents a
country, the size of the node is usually proportional to the activity of
the country in the cooperative network, and the connection between
the nodes indicates the academic cooperation between the two
countries (21). Different colors represent different clusters. The purple
groups include the United States, China, South Korea, Japan and
Australia, while the red groups include Italy, France, Germany, Spain,
Sweden and other countries; The green group covers Brazil, Portugal,
Colombia, Scotland and other countries. In the figure, Iranian nodes
are yellow and less connected with other countries, which may
indicate a more independent partnership in Iran in the
cooperative network.

Rank Country Articles Citations SCP MCP MCP %

1 USA 2,748 10,011 325 129 28.4

2 China 2,205 5,931 347 115 24.9

3 United Kingdom 558 4,618 40 67 62.6

4 Ttaly 519 2,109 60 35 36.8

5 Canada 507 1882 63 22 25.9

6 South Korea 500 1807 69 37 34.9

7 Germany 468 1,528 27 27 50

8 Spain 369 1,681 49 29 37.2

9 India 244 1,203 76 20 20.8

10 France 226 1,201 15 27 64.3
SCP, single country publications; MCP, multiple country publications.
Frontiers in Neurology 04 frontiersin.org
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FIGURE 2
Machine learning and MCl related countries regions analysis. (A) Chord plot of country region cooperation. Each external curve represents a country
region, and the thickness of the line is directly related to the strength of cooperation between countries/regions. (B) Visualization of the cooperation
network between countries regions using VOSviewer. The figure shows the top 30 countries/regions in terms of the number of documents. Nodes of

different colors represent different clusters of countries regions, and the size of the nodes corresponds to their respective saliency.

3.4 Distributions of institutions

Presently, a total of 9,577 institutions are involved in research on
the application of ML in mild cognitive impairment. Table 2 shows the

Frontiers in Neurology

top 10 institutions in terms of number of publications. The institution
with the highest number of publications is Harvard Medical School

(53), followed by the Chinese Academy of Sciences (43). Among the
top 10 institutions in terms of the number of publications, four are
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TABLE 2 The top 10 productive institutions.

10.3389/fneur.2025.1587441

Institution Publications Citations Total link strength
1 Harvard Medical School 53 1,107 279
2 Chinese Academy of Sciences 43 1,239 222
3 University of Pennsylvania 40 1831 205
4 University College London 35 1,287 181
5 Capital Medical University 33 478 157
6 University of Toronto 32 1,242 142
7 Stanford University 28 583 153
8 University of Cambridge 28 1,189 151
9 Imperial College London 27 1846 147
10 King’s College London 27 1720 177

from the United Kingdom, followed by three from the United States
and two from China, one is originally from Canada. Significantly,
Total link strength is a measure of the strength of partnerships
between institutions. The higher the link strength, the closer the
cooperation between the two institutions. Harvard Medical School
(279) is higher than the Chinese Academy of Sciences (222), which
means that these institutions have an important position to study the
application of machine learning in the field of mild
cognitive impairment.

The purpose of the analysis for research institution (22) was to
understand the global distribution of research related to ML in mild
cognitive impairment and to provide new opportunities and
probability for collaboration. In VOSviewer, we demonstrated the
top 113 institutions with more than 10 publications and categorized
collaborations between institutions into three highly correlated
clusters (Figure 3A).

Figure 3B shows the average citations for institutional publications.
The closer the color is to yellow, according to the legend, may indicate
that these institutions have a high influence in the research field of
machine learning and MCI. Conversely, if the color is biased toward
purple, it indicates a lower proportion of average citation, indicating
that these institutions have had relatively little publications or
influence in this area in recent years. According to the exhibition,
Harvard Medical School is located in the center with large nodes,
indicating its core influence in the cooperation network. The Chinese
Academy of Sciences is also located in the center with large nodes and
warm colors, so its influence cannot be ignored. Institutions such as
Imperial College London and University College London have smaller
nodes than those of Harvard Medical School, but it is also worth

learning from their advanced research techniques.

3.5 Distribution of authors

Table 3 shows the top 10 authors in terms of number of
publications and co-citation frequency. Authors collaborative network
analysis (23, 24) is indispensable in academic research because it can
help identify key researchers, research teams and collaborative groups,
understand research dynamics within the discipline, and discover
potential collaborative opportunities. Table 3 shows that there are five
from the United States, two from China, among them, the top three
authors publications as much (all 13 articles), respectively is in the
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United States in Framingham heart research Rhoda Au, working at the
university of Pennsylvania Pererelman school of medicine Christos
Davatzikos and Ying, Han, Shanghai, China. Co-citation author
analysis (25, 26) is the phenomenon that two or more authors are cited
simultaneously cited in the same literature, which may indicate that
these authors share similar research topics or fields. As can be seen in
Table 3, the authors with the highest cocited frequency in this field are
Jack, C. R from the Department of Neurology in Rochester, Minnesota,
and Petersen, R. C from the Alzheimer’s Disease Research Center at
Mayo Clinic.

With the help of VOSViewer on the field of machine learning
and mild cognitive impairment of the top 300 authors collaborative
network analysis, through Figure 4A, the top 300 authors according
to the closeness of collaboration is divided into three main blocks,
the size of the node usually represents the number of published
articles or the frequency of collaboration between the authors, the
results are presented in different colors. The red block mainly
includes the Davatzikos, Christos, Habes, Mohamad, Ances,
Beau-M, et al. The purple block mainly includes the HanYing,
LiuYong, YangFan, et al.; while the green block mainly includes the
Saykin, Andrew J, Nho, Kwangsik, et al. It is worth noting that in
the green block, Saykin, Andrew ] have been associated with
multiple other authors, which may mean that he plays an important
the field under has
cooperative relationship.

role in study or an extensive

Figure 4B shows the network map of co-cited author relationships.
According to the figure, the red cluster mainly includes Fischl, B, Cole,
Jh, Zhang, Dq, Davatzikos, Christos, etc., the authors of the largest
nodes in the green cluster are Suk, Hi, and other authors mainly
include Zhang, Yd, Liu, Mx, etc. The authors of the two largest nodes
of the purple cluster are Clifford R. Jack Jr. and Petersen Rc. The high
citation number of these two authors indicates that their research
results have extensive influence in academia and have a profound
impact on the field of cognitive function (consistent with the

popularity of authority in actual research).

3.6 Distribution of journals
In our careful analysis, 609 journals have published papers on

mild cognitive impairment and machine learning. Table 4 shows the
top 10 journals by the number of publications, and the top 10 journals

frontiersin.org
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TABLE 3 Top 10 authors in number of publications and co-citations.

10.3389/fneur.2025.1587441

Author Publications Total link Author Co-citations
strength
1 Rhoda Au 13 89 Jack, C.R 694
2 Christos Davatzikos 13 120 Petersen, R.C 558
3 Ying, Han 13 164 Folstein, M.F 262
4 Beheshti, Iman 12 41 Fischl, B 261
5 Shaker, El-Sappagh 10 45 Breiman, L 246
6 Mohamad Habes 10 96 Suk, H.I 222
7 Dinggang,Shen 10 60 Dubois, B 220
8 Frederik Barkhof 9 73 Zhang, D.Q 216
9 James H,Cole 9 70 Morris, J.C 209
10 Galvin, James E 9 50 Cole, J.H 195

are all journals with more than 30 published articles. H-index (27, 28)
helps to assess the consistency and influence of journal publication of
highly cited articles. As shown in the figure, the most frequent
publications were “FRONTIERS IN AGING NEUROSCIENCE” (102)
and “JOURNAL OF ALZHEIMERS DISEASE” (97), and both journals
topped the H-index: “FRONTIERS IN AGING NEUROSCIENCE”
(H-index: 20), “JOURNAL OF ALZHEIMERS DISEASE” (H-index:
20), Shows its importance and contribution to the field. The number
of publications followed by H-index are “SCIENTIFIC REPORTS”
(TP: 62; H-index: 19) and “FRONTIERS IN NEUROLOGY” (TP: 45;
H-index: 19). In addition, the journal with the highest total citation
volume was “SCIENTIFIC REPORTS” (3197).

Bradford’s law (29) can show the distribution of articles in
different journals within a particular field, helping to identify the core
journals in the field. Figure 5A shows the number of articles published
in the core journals in the field as 508, representing 24.7% of the total
articles. Ultimately, the chart of Bradford’s Law identifies 18 core
journals on machine learning applications in the field of MCI
(2015-2024).

To reveal interdisciplinary crossover and track progress in the
frontiers of science, we performed a biplot superposition analysis
using CiteSpace to visualize the relationship of citations between
journals (30). As shown in Figure 5B, the citing journals are on the
left, and the cited journals are on the right. We can see the most
important seven paths. The topics of Citing Journals are mainly
SYSTEMS, MATHEMATICAL, MEDICINE, MEDICAL, CLINICAL
namely research frontier. The topics of Cited Journals are mainly
SYSTEMS, COMPUTER, ENVIRONMENTAL, TOXICOLOGY,
NUTRITION, CHEMISTRY, MATERLALS, PHYSICS known as the
knowledge base.

3.7 Keyword analysis

Table 5 shows the top 10 keywords in order of frequency of
occurrence. The most frequent keyword was “machine learning”
(1,017), followed by “Mild Cognitive Impairment” (855). Furthermore,
“Dementia” (697), “Alzheimer’s Disease” (617), “Classification” (369),
“Diagnosis” (330) are also the keywords with high frequency,
indicating that these keywords are popular with researchers in their
research field.

Frontiers in Neurology

Figure 6A is the keyword co-occurrence network of machine
learning in the MCI research field, showing the keywords appearing
more than 20 times. Three clusters were obtained through VOSviewer.
Red 1 cluster for “MCI prediction by biomarkers, artificial intelligence
and machine learning”; green 2 cluster for “early diagnosis of MCI”;
blue 3 cluster for “early scientific intervention and MCI progress
monitoring in the field of MCI research.” First, in addition to showing
the current situation of MCI epidemiology, red cluster also shows that
machine learning plays an extremely important role in the field of
mild cognitive impairment and is a popular research topic. The
keywords of red number 1 cluster mainly include “prevalence,”
“artificial intelligence;” “risk-factors,” “recognition,”“model,” “tool,
“validity;” “machine learning” (31-34). Notably, the 2 cluster theme
demonstrates the importance of early accurate diagnosis of patients
with MCI and the promotion of cognitive health in the elderly. The
terms in the Green Number 2 cluster are mainly covered “early-
“fdg-pet,

» <«

neuroimaging,

diagnosis,” “computer-aided diagnosis; “magnetic

» «

resonance imaging,

» <«

structural mri, pet” “mild
cognitive impairment” (35-37). Cluster 2 shows that the development
of more accurate cognitive assessment tools may also be a mainstream
direction in the field of MCI. Finally, the blue 3 cluster shows research
directions for exploring scientifically feasible ways and advanced
technologies to better monitor the development of the outcome of
MCI disease, with the main terms are “electroencephalography,’
“individuals,” “identification,” “ognition”

To further analyze the hotspot temporal dynamics of keyword
significance, we extracted the citation frequency of all keywords using
the CiteSpace software, and finally obtained the top 20 burst keywords
from the data. The most cited keywords are “machine learning” and
“mild cognitive impairment”” It is worth noting that since 2022, the
popularity of keywords “tau,” “schizophrenia” and “white matter” has
continued to rise. In addition to practical research and literature
reports, these three keywords may also be related to the occurrence
and development of MCI.

3.8 Highly cited reference analysis
According to Table 4, the paper “Mini-mental state”: A practical

method for grading the cognitive state of patients for the clinician (38)
that published by Folstein MF et al., 1975 in the Journal of Psychiatric
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TABLE 4 Top 10 journals by number of publications.

Journal Country H-index IF (2023)
1 FRONTIERS IN AGING NEUROSCIENCE Switzerland 102 1793 20 4.1/Q2
2 JOURNAL OF ALZHEIMERS DISEASE Netherlands 97 1794 20 3.4/Q3
3 SCIENTIFIC REPORTS UK 62 3,197 19 3.8/Q2
4 FRONTIERS IN NEUROLOGY Switzerland 45 1,047 19 2.7/Q3
5 FRONTIERS IN NEUROSCIENCE Switzerland 40 1,136 18 3.2/Q3
6 ALZHEIMERS RESEARCH & THERAPY UK 36 676 16 8.0/Q1
7 IEEE ACCESS USA 35 1,046 15 3.4/Q3
8 NEUROIMAGE Netherlands 31 678 14 47/Q2
9 HUMAN BRAIN MAPPING USA 30 968 14 3.5/Q2
10 PLOS ONE USA 30 684 14 2.9/Q3

TP, total publications; TC, total citations.

Research was the most co-cited paper, with 243 citations. The top 10
most frequently co-cited references are all those with citations
above 100.

Further, the reference cluster analysis and cluster dependency
analysis were performed using the CiteSpace 6.4.R1 advanced
visualization software, as illustrated in Figures 7A,B. The time span
was set from 2015 to 2024, with a time slice of 1 year, focusing on
reference nodes. The resulting network comprises 755 nodes and
1,479 links. In Figure 6, the significant cluster structure is denoted by
a modularity value (Q value) (39) of 0.7532, and the high confidence
level in the clusters by an average profile value (S value) (40) of 0.8891.
And the top 10 largest clusters include: “mild cognitive impairment
prediction”(cluster #0), “deep learning”(cluster #1), “radiomic”(cluster
#2), “machine learning approach”(cluster #3), “eeg”(cluster #4),
“random forest”(cluster #5), “automatic diagnosis’(cluster #6),
“natural language processing”(cluster #7), “classification”(cluster #8),
“artificial intelligence”(cluster #9), “biomarker”(cluster #10). It is very
worthy of our attention that the top ranked item by centrality is Oh K
(41) in Cluster #1(centrality 0.13). The SpasovS (42) in cluster 1
(centrality 0.12) and the Alzheimer’s Assoc (43) in 5 (centrality 0.12)
are the same and rank second together.

On the basis of completing the clustering analysis as
described above (Figure 7A), we performed the cluster
dependency analysis (44) in Figure 7B. Six red arrows pointing
to the “mild cognitive impairment prediction”(#0) has evolved
into‘radiomic”(#2), “machine learning approach”(#3), “eeg”(#4),
“classification”(#8), “artificial intelligence”(#9) and “brain
age”(#12). However, the three clusters of “radiomic” (#2),
“machine learning methods” (#3) and “artificial intelligence” (#9)
have evolved entirely from other clusters, probably suggesting
that these clusters are new areas of research. Meanwhile, the burst
analysis displayed the top 50 references (Figure 7C). The two
latest bursts and continuously emerging references highlight the
importance of diagnosis and progression prediction in studies of
cognitive impairment and dementia. Together, these studies (45,
46) highlight efforts to reach different stages of identifying
dementia through machine learning models or the effects based
on interpretable artificial intelligence, and expect superior
performance in early diagnosis, thus improving the important
clinical understanding of the diagnosis and progression process
of cognitive function.
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4 Discussion
4.1 General information

In our study, we use CiteSpace and VOSviewer and Bibliometrix
R software to integrate bibliometry and visual analysis, and deeply
explore the systematic information of machine learning in MCI
research by combining countries/regions, institutions, authors and
keywords. Further, stratified analyses were performed based on
different countries, institutions, and researchers. On the one hand,
readers can help them easily access the knowledge structure and
research progress in the field. On the other hand, provide potential
partnerships as well as reliable information for researchers and
funding agencies.

Using the WoSCC database, we searched for articles published
about machine learning and MCI in the present study. The
bibliometric study comprised in 2,056 papers from 9,577 institutions
in 498 countries/regions with 1,2,413 authors, published in 609
journals. The number of articles over the past 10 years (Figure 1B;
January 1,2015 to December 31,2024) has continued to increase
overall, with an average citations of 19.97 per article, demonstrating
the impact of the field and increasing interest in the use of machine
learning in MCI. Although the number of articles has a small
inflection point (2022-2023), which may be related to the internal
policy adjustment, the number of articles in 2024 returns to an upward
trend, exceeds the past number and can be continuously monitored
later. The distribution of each country/region (Figures 2A,B) shows
that China and the United States have major research relations in the
global international cooperation and exchange, and most countries
have certain exchanges, however, some countries are relatively low,
and the development of MCI into dementia will cause huge medical
and social burden. In the future, countries should continue to
strengthen international academic exchanges, maintain exchanges in
this field and work together to promote their positive development.

As shown in Tables 1, 2 and Figure 2, among the 498 published
countries/regions on the application of machine learning in MCI, the
United States has the largest number of publications, cited frequency,
showing its academic status in this research area. In addition, China
and United Kingdom, which ranked second and third in terms of
number of publications and frequency of citation, also showed rapid
growth. In terms of the number of publications, four of the top 10
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institutions were from the United Kingdom, three from the
United States, two from China and one from Canada. Harvard
Medical School is the highest of all institutions, indicating that it
dominates global cooperation in this area. In addition, countries such
as China, Canada, Italy and Germany are also widely involved in the
research and collaboration of machine learning and MCI.

As can be seen from Tables 3, 6 and Figure 4B, Rhoda Au from the
United States is the top author in number of publications, while
co-citation frequency is top and far ahead of other authors are Jack,
C. R and Petersen, R. C from Rochester, MN, United States, indicating
their outstanding impact in application-related areas of machine
learning in MCL. It is worth mentioning that the article “Mini-mental
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state: A practical method for grading the cognitive state of patients for
the clinician” (38) by Folstein MF et al. in Psychiatric Research in 1975
is the most frequently cited article in the field. Based on the above
data, the analysis shows that Jack, C. R, Petersen, R. C, Rhoda Au and
Folstein MF, and their work has had a profound impact on the
research in this field. To observe the evolution and development of
MCI assessment methods or tools, we also included literature on early
cognitive function screening tools related to the MCI theme.
Ultimately, our research found that there is indeed a trend: in the early
stages, these studies primarily focused on cognitive function screening
tools for mild cognitive impairment, such as the Montreal Cognitive
Assessment (MoCA) and the Mini-Mental State Examination

frontiersin.org


https://doi.org/10.3389/fneur.2025.1587441
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org

Liu et al.

TABLE 5 Top 10 keywords in the field of MCl and machine learning.

Rank  Keyword Occurrences  Total link
strength
1 Machine Learning 1,017 8,736
2 Mild Cognitive Impairment 855 7,732
3 Dementia 697 6,323
4 Alzheimer’s Disease 617 5,525
5 Alzheimers-Disease 473 4,253
6 Classification 369 3,439
7 Diagnosis 330 3,009
8 Cognitive Impairment 298 2,398
9 Mri 241 2,313
10 Prediction 207 2022

(MMSE). These assessment tools had not yet incorporated machine
learning algorithms, although the authors’ influence was significant.
However, over time, many researchers joined the MCI field, and with
technological updates and iterations, the impact of MCI research has
grown, and the research process has deepened. Eventually, the initial
trend of using tools like “MoCA” and “MMSE” to assess individual
cognitive function gradually evolved into a subfield of research where
machine learning is widely applied to mild cognitive impairment (as
shown in the subsequent figures).

The analysis in Figure 5B shows that in the past 10 years, the main
disciplines of interdisciplinary research machine learning at the
forefront of MCI generally range from “Physical Sciences/Molecular/
Biological/Immunological/Mathematical/Systems” to “Molecular/
Biological/Political/Economics/Computer Science/Medical Sciences.”
This change means that the research topics in this field are not only
focused on the neuropathological mechanisms of MCI, but also to
focus on multidisciplinary, multi-field, and society-wide participation
in the multidimensional prediction, prevention, and health
management of MCI. This interdisciplinary flow and shift helps to
drive innovation and address complex problems.

By (Figures 7A, B) show the research theme and direction of
machine learning in the emerging field of MCI. Machine learning
performs well in the field of mild cognitive impairment and also shows
many innovative advantages. Prediction model of mild cognitive
impairment: Using different classical machine learning methods,
learning to predict MCI when different types of neurocognitive
metadata (47) are used as inputs. Machine learning can detect changes
in brain structure and train the model to identify early signs of change.
The emergence of novel cross-converter models (48) predicts MCI
from speech, language, and visual data, allowing multimodal
integration to improve the early detection of mild cognitive
impairment. Research in the field using convolutional neural networks
is also increasing, and some studies have developed a novel deep
learning method (49) using functional near-infrared spectroscopy (50)
for prediction. Machine learning used to quickly and accurately
identify individual mild cognitive impairment is crucial.

Automated monitoring of mild cognitive impairment:
traditionally, diagnostic methods such as neurocognitive tests, blood
tests, and spinal fluid analysis are laborious, time-consuming, and
error-prone. At present, the number of automatic EEG signal analysis
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using machine learning technology and automatic MCI diagnosis
based on EEG (51) has increased repeatedly. Using machine learning
techniques to use natural language processing (52) to reveal individual
cognitive states from recordings and automatically detect mild
cognitive impairment is a relatively applicable approach to real-world
environments. In addition to speech-based, machine learning to
develop facial expression recognition algorithms (53) in facial videos
(54), improving the accuracy of MCI detection.

Continuous evaluation and remote monitoring of cognitive
functions of MCI individuals: Some wearable devices combined with
machine learning algorithms can analyze individual activities in real
time, track treatment effects and assist medical staff to adjust treatment
or management plans in time, so that patients can achieve better
clinical results. Wearable sensor technology (55) by collecting
physiological and behavioral data appears to hold promise to provide
a proxy measure of cognitive function. Many MCI cases may not allow
accurate and timely diagnosis, but technologies such as novel
automated methods for early identification tracking and accurate MCI
diagnosis and smart devices that combine machine learning
algorithms promise to open new perspectives in bridging these
aspects. In addition, machine learning also plays an extremely
important role in the interdisciplinary data integration and
personalized medicine in the MCI field. Machine learning can
integrate data from different sources, such as neuroimaging, genetic,
and behavioral data, to provide a more comprehensive view of the
patient’s condition. Machine learning models that combine
multidimensional data and cognitive test results perform better in
predicting MCI progression than models using only a single data type.
These advantages reflect the great potential of machine learning,
which can not only help improve the quality of diagnosis and
management of MCI, but also provide more meticulous and
personalized care for patients (56).

4.2 Research hotspots

When exploring the risk assessment and efficient prediction of
MCI, it is particularly noteworthy that recent attention has been
raised in this field. Keyword analysis is helpful to understand the
research topic, (Table 5) shows that the key keywords in this study are

»

“Machine Learning;

»

Mild Cognitive Impairment,” “Dementia,’

»

“Classification,” “Diagnosis.” A further analysis from (Figures 6, 7)
shows that the early identification, early diagnosis, early monitoring
and early intervention of individual MCI with AI-based machine
learning methods show the importance and urgent attention to
this field.

Early accurate diagnosis technology deepening: Machine learning
plays a key role in the early diagnosis of MCI. Using the fusion of
multimodal data (such as neuroimaging, genomics, behavioral data,
etc.), it can significantly improve the diagnostic accuracy. At present,
the research hotspot in this field is to optimize the multimodal data
fusion algorithm and mine the potential correlation between the data
to achieve more accurate early identification. It can be seen from the
text that the keywords “early diagnosis,” “computer-aided diagnosis”
and “neuroimaging” appear more frequently, reflecting the researchers’
high attention to this direction. By integrating magnetic resonance
imaging (MRI), positron emission tomography (PET), sleep
electroencephalography (sleep EEG) and other imaging data, such as
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FIGURE 6

Keywords analysis in relation to machine learning and MCI studies. (A) Collaborative network visualization of keywords in VOSviewer. Nodes of
different colors indicate keywords of clusters of different colors, and the size of nodes indicates their frequency. (B) Top 20 Keywords with the
Strongest Citation Bursts.
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machine learning classification algorithms, it can effectively
distinguish MCI patients from normal individuals, buying valuable
time for early intervention.

Optimization of remote monitoring system: With the progress
of technology, the remote monitoring system based on machine

Frontiers in Neurology 14

learning has become a research hotspot. With the help of
physiological and behavioral data collected by wearable devices
and smart home systems, machine learning algorithms can
analyze changes in patients’ cognitive functions in real time,
enabling remote and continuous monitoring. As mentioned in the
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Top 50 References with the Strongest Citation Bursts
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References analysis in relation to machine learning and MCI studies. (A) Cluster map analysis of references via CiteSpace. Different color blocks
represent different reference clusters. (B) The cluster dependency analysis. The blue group is evolved from the red group. References analysis in
relation to machine learning and MClI studies. (C) Top 50 References with the strongest citation bursts.

article, that “continuous assessment and remote monitoring of
cognitive function” is one of the current research directions, such
as using the data collected by wearable sensors to predict the
disease progression of MCI patients, help medical staff to adjust
the treatment plan in time, improve the quality of life of patients,
and reduce the burden of medical resources.

Joint model and dynamic prediction: In-depth evaluation of the
same group at different time points to capture the changing trajectory
of object cognitive function is one of the core themes today. In light of
the practical challenges in conducting a full-cycle risk assessment for
cognitive function objects, an alternative and highly promising area
for exploration is the development of longitudinal warning models.
These models, powered by advanced machine learning algorithms,
integrate cross-sectional warning results from multiple time points,
offering a novel approach beyond traditional cross-sectional alerts.
Existing studies are commonly seen in combined models that combine
longitudinal cognitive function assessment and survival analysis.
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While time-dependent covariates may vary over time and have an
impact on MCI progression, the joint model equally gains the way to
achieving dynamic prediction of MCI progression risk.

4.3 Feature trends

Multidisciplinary integration deepens: Machine learning research
in the MCI field will rely more on the deep integration of multiple
disciplines. In the future, biology, medicine and computer science will
work closely together to build a more complete predictive model of
cognitive impairment. By integrating biological markers and machine
learning algorithms, it is expected to find more specific MCI predictors
and improve the accuracy and reliability of prediction. Combined
with the research results of neuroscience on the cognitive mechanism
of the brain, the structure and algorithm of the machine learning
model are optimized to make it more in line with the cognitive process
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TABLE 6 Top 10 highly cited references.

Author Article title Source title Citations = Year Document

type

“Mini-mental state”:A practical method
Folstein MF PSYCHIATRIC 10.1016/0022-
1 for grading the cognitive state of 243 1975 Article
etal. RESEARCH 3956(75)90026-6
patients for the clinician
The diagnosis of dementia due to
Alzheimer’s disease: Recommendations
Mckhann GM | from the National Institute on Aging- ALZHEIMERS
2 193 2011 Article 10.1016/j.jalz.2011.03.005
etal. Alzheimer’s Association workgroups on | DEMENTIA
diagnostic guidelines for Alzheimer’s
disease
The diagnosis of mild cognitive
impairment due to Alzheimer’s disease:
Albert MS Recommendations from the National ALZHEIMERS
3 183 2011 Article 10.1016/j.jalz.2011.03.008
etal. Institute on Aging-Alzheimer’s DEMENTIA
Association workgroups on diagnostic
guidelines for Alzheimer’s disease
NIA-AA Research Framework: Toward
ALZHEIMERS
4 Jack CRetal. | abiological definition of Alzheimer’s 156 2018 Review 10.1016/j.jalz.2018.02.018
DEMENTIA
disease
Pedregosa F Scikit-learn: Machine Learning in MACHINE
5 155 2011 Article Volumel2Page2825-2,830
etal. Python LEARNING
The montreal cognitive assessment, AMERICAN
Nasreddine 10.1111/j.1532-
6 MoCA:A brief screening tool for mild GERIATRICS 146 2005 Article
ZS et al. 5415.2005.53221.x
cognitive impairment SOCIETY
Machine learning framework for early
Moradi E 10.1016/j.
7 MRI-based Alzheimer’s conversion NEUROIMAGE 117 2015 Article
etal. neuroimage.2014.10.002
prediction in MCI subjects
Multimodal classification of
Zhang DQ 10.1016/j.
8 Alzheimer’s disease and mild cognitive NEUROIMAGE 116 2011 Article
etal. neuroimage.2011.01.008
impairment
Clinical diagnosis of Alzheimer’s
disease: report of the NINCDS-
Mckhann G ADRDA Work Group under the
9 NEUROLOGY 115 1984 Article 10.1212/wnl.34.7.939
etal. auspices of Department of Health and
Human Services Task Force on
Alzheimer’s Disease
Breiman L MACHINE
10 Random forests 112 2001 Article 10.1023/a:1010933404324
etal. LEARNING

of the brain and provide a more scientific basis for the diagnosis and In conclusion, this study analyzes the literature on the topics of

treatment of MCL

Innovation driven by AI technology: The continuous innovation
of Al technology will bring new opportunities for the application of
machine learning in MCI. In the future, more advanced deep learning
algorithms, such as models based on transformer architecture, may
be widely used in the study of MCI. These algorithms are able to better
handle complex multimodal data, mine deep features in the data, and
further improve the performance of disease prediction and diagnosis.
Research progress in Al technology in interpreting model results will
help to solve the problem of interpretability of machine learning
models, enhance the trust of doctors and patients in model prediction
results, and promote the widespread application of machine learning
in clinical practice.
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“machine learning” and “mild cognitive impairment” published over
the past 10 years, mainly using bibliometric methods, and identifies
countries, institutions, authors and journals that have made significant
contributions to the field during this period. By analyzing the data in
the research and presenting them in a visual way, we can better
understand the role and status of different countries, institutions,
authors and journals in scientific research cooperation, as well as the
geographical distribution and connection intensity of scientific
research cooperation from the macro, meso and micro perspectives
based on the global scientific research cooperation network. This is of
great significance to the formulation of scientific research cooperation
strategies and the promotion of international scientific research
exchanges. At present, the research in this field mainly focuses on
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feature extraction with the use of various machine learning algorithms
to explore the prediction of MCI, automated monitoring of MCI,
continuous evaluation and remote monitoring of cognitive function
in MCI individuals, and the combination of interdisciplinary data
integration with personalized medicine. Despite these advantages,
potential challenges such as the interpretability of models and the
need for high-quality training data are also questions worth
pondering. Although the challenges are there, we believe that with our
joint efforts, machine learning promises to create a bright future for
people with MCL

5 Limitations

Compared with traditional reviews, bibliometric-based analysis
provides a broader perspective on the focus and developmental trends
of machine learning in the MCI research field of MCI. But the study
also has its limitations. To start with, this study only included literature
from the WoSCC database, excluding data from other databases (e.g.,
PubMed and Scopus, etc.). Subsequently, only English literature was
included, and papers in other languages failed to be included.
Following the second point, due to the continuous updating of Wo
SCC, the retrieval results of this study may not reflect the most recent
literature. For the above reasons, there may be some degree of missing
and biased data.

Author contributions

HL: Data curation, Formal analysis, Software, Validation,
Visualization, Writing - original draft, Writing - review & editing.
QH: Data curation, Formal analysis, Software, Validation,
Visualization, Writing - original draft, Writing - review & editing. FL:
Validation, Writing - review & editing. XL: Conceptualization, Formal
Methodology,
Validation, Writing - original draft, Writing - review & editing. RD:

analysis, Project administration, Supervision,

References

1. Mian M, Tahiri J, Eldin R, Altabaa M, Sehar U, Reddy PH. Overlooked cases of mild
cognitive impairment: implications to early Alzheimer’s disease. Ageing Res Rev. (2024)
98:102335. doi: 10.1016/j.arr.2024.102335

2. Rajan KB, Weuve J, Barnes LL, McAninch EA, Wilson RS, Evans DA. Population
estimate of people with clinical Alzheimer’s disease and mild cognitive impairment in
the United States (2020-2060). Alzheimers Dement. (2021) 17:1966-75. doi:
10.1002/alz.12362

3. Liu LY, Lu Y, Shen L, Li CB, Yu JT, Yuan CR, et al. Prevalence, risk and protective
factors for mild cognitive impairment in a population-based study of Singaporean
elderly. J Psychiatr Res. (2022) 145:111-7. doi: 10.1016/j.jpsychires.2021.11.041

4. Ribeiro FS, Teixeira-Santos AC, Leist AK. The prevalence of mild cognitive
impairment in Latin America and the Caribbean: a systematic review and meta-analysis.
Aging Ment Health. (2022) 26:1710-20.

5. Jia J, Wei C, Chen S, Li E, Tang Y, Qin W, et al. The cost of Alzheimer’s disease in
China and re-estimation of costs worldwide. Alzheimers Dement. (2018) 14:483-91. doi:
10.1016/j.jalz.2017.12.006

6. Goecks J, Jalili V, Heiser LM, Gray JW. How machine learning will transform
biomedicine. Cell. (2020) 181:92-101. doi: 10.1016/j.cell.2020.03.022

7. Guo T, Li X. Machine learning for predicting phenotype from genotype and
environment. Curr Opin Biotechnol. (2023) 79:102853. doi: 10.1016/j.copbio.2022.102853

8. Zhou Y, Han W, Yao X, Xue JJ, Li Z, Li Y. Developing a machine learning model for
detecting depression, anxiety, and apathy in older adults with mild cognitive impairment

Frontiers in Neurology

17

10.3389/fneur.2025.1587441

Conceptualization, Formal analysis, Methodology,

administration, Supervision, Validation, Writing - original draft,

Project

Writing - review & editing.

Funding

The author(s) declare that financial support was received for the
research and/or publication of this article. This research was funded
by the Science and Technology Program of Guizhou Province (grant
no. CXTD (2023) 028), and the Science and Technology Program of
The Guizhou Provincial
gzwkij2024-283).

Health Commission (grant no.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Gen Al was used in the creation of
this manuscript.

Publisher’'s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

using speech and facial expressions: a cross-sectional observational study. Int ] Nurs
Stud. (2023) 146:104562. doi: 10.1016/j.ijnurstu.2023.104562

9. Watanabe Y, Miyazaki Y, Hata M, Fukuma R, Aoki Y, Kazui H, et al. A deep learning
model for the detection of various dementia and MCI pathologies based on resting-state
electroencephalography data: a retrospective multicentre study. Neural Networks: Official
J Int Neural Network Society. (2024) 171:242-50. doi: 10.1016/j.neunet.2023.12.009

10. Wang Y, Liu S, Spiteri AG, Huynh ALH, Chu C, Masters CL, et al. Understanding
machine learning applications in dementia research and clinical practice: a review for
biomedical scientists and clinicians. Alzheimers Res Ther. (2024) 16:175. doi:
10.1186/513195-024-01540-6

11. Jannati A, Toro-Serey C, Gomes-Osman J, Banks R, Ciesla M, Showalter J, et al.
Digital clock and recall is superior to the Mini-mental state examination for the
detection of mild cognitive impairment and mild dementia. Alzheimers Res Ther. (2024)
16:2. doi: 10.1186/s13195-023-01367-7

12. Diogo VS, Ferreira HA, Prata D. Early diagnosis of Alzheimer’s disease using
machine learning: a multi-diagnostic, generalizable approach. Alzheimers Res Ther.
(2022) 14:107. doi: 10.1186/s13195-022-01047-y

13. Carrarini C, Nardulli C, Titti L, Iodice F, Miraglia F Vecchio F et al
Neuropsychological and electrophysiological measurements for diagnosis and
prediction of dementia: a review on machine learning approach. Ageing Res Rev. (2024)
100:102417. doi: 10.1016/j.arr.2024.102417

14. Yang Z, Hotterbeex P, Marent PJ, Cerin E, Thomis M, van Uffelen J. Physical
activity, sedentary behaviour, and cognitive function among older adults: a bibliometric

frontiersin.org


https://doi.org/10.3389/fneur.2025.1587441
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://doi.org/10.1016/j.arr.2024.102335
https://doi.org/10.1002/alz.12362
https://doi.org/10.1016/j.jpsychires.2021.11.041
https://doi.org/10.1016/j.jalz.2017.12.006
https://doi.org/10.1016/j.cell.2020.03.022
https://doi.org/10.1016/j.copbio.2022.102853
https://doi.org/10.1016/j.ijnurstu.2023.104562
https://doi.org/10.1016/j.neunet.2023.12.009
https://doi.org/10.1186/s13195-024-01540-6
https://doi.org/10.1186/s13195-023-01367-7
https://doi.org/10.1186/s13195-022-01047-y
https://doi.org/10.1016/j.arr.2024.102417

Liu et al.

analysis from 2004 to 2024. Ageing Res Rev. (2024) 97:102283. doi:

10.1016/j.arr.2024.102283

15. Okubo Y. Bibliometric indicators and analysis of research systems: Methods and
Examples: Vol. 1997/01, 1997/01[R/OL]. (1997). Available online at: https://www.oecd.
org/en/publications/bibliometric-indicators-and-analysis-of-research-
systems_208277770603.html. (Accessed January 20, 2025).

16. de Winter JCF, Zadpoor AA, Dodou D. The expansion of Google scholar versus
web of science: a longitudinal study. Scientometrics. (2014) 98:1547-65. doi:
10.1007/s11192-013-1089-2

17. Chen C. Searching for intellectual turning points: progressive knowledge domain
visualization. Proc Natl Acad Sci USA. (2004) 101:5303-10. doi: 10.1073/pnas.0307513100

18.van Eck NJ, Waltman L. Software survey: VOSviewer, a computer program for
bibliometric mapping. Scientometrics. (2010) 84:523-38. doi: 10.1007/s11192-009-0146-3

19. Noubiap JJ, Millenaar D, Ojji D, Wafford QE, Ukena C, Bohm M, et al. Fifty years
of global cardiovascular research in Africa: a Scientometric analysis, 1971 to 2021. J
American Heart Association: Cardiovascular Cerebrovascular Dis. (2023) 12:027670.
doi: 10.1161/JAHA.122.027670

20. Angori L, Didimo W, Montecchiani F, Pagliuca D, Tappini A. Hybrid graph
visualizations with chordlink: algorithms, experiments, and applications [EB/OL].
(2025). Available online at: https://ieeexplore.ieee.pubapi.xyz/document/9165928
(Accessed January 15, 2025).

21. Amrapala A, Sabé M, Solmi M, Maes M. Neuropsychiatric disturbances in mild
cognitive impairment: a scientometric analysis. Ageing Res Rev. (2023) 92:102129. doi:
10.1016/j.arr.2023.102129

22. Zhang X, Yi K, Xu JG, Wang WX, Liu CE, He XL, et al. Application of three-
dimensional printing in cardiovascular diseases: a bibliometric analysis. Int J Surg
(London, England). (2023) 110:1068-78. doi: 10.1097/JS9.0000000000000868

23. Chen C, Chinchilla-Rodriguez Z, Zhang Y. An overview of Frontiers in research
metrics and analytics. Front Res Metrics Analytics. (2024) 9:1420385. doi:
10.3389/frma.2024.1420385

24.Chen C, Song M. Visualizing a field of research: a methodology of systematic
scientometric reviews. PLoS One. (2019) 14:€0223994. doi:
10.1371/journal.pone.0223994

25. Sabe M, Pillinger T, Kaiser S, Chen C, Taipale H, Tanskanen A, et al. Half a century
of research on antipsychotics and schizophrenia: a scientometric study of hotspots,
nodes, bursts, and trends. Neurosci Biobehav Rev. (2022) 136:104608. doi:
10.1016/j.neubiorev.2022.104608

26. Cortese S, Sabé M, Chen C, Perroud N, Solmi M. Half a century of research on
attention-deficit/hyperactivity disorder: a scientometric study. Neurosci Biobehav Rev.
(2022) 140:104769. doi: 10.1016/j.neubiorev.2022.104769

27. Ganjavi C, Eppler MB, Pekcan A, Biedermann B, Abreu A, Collins GS, et al.
Publishers” and journals’ instructions to authors on use of generative artificial
intelligence in academic and scientific publishing: bibliometric analysis. BM]J. (2024)
384:077192. doi: 10.1136/bmj-2023-077192

28. Hassan W, Duarte AE. Bibliometric analysis: a few suggestions. Curr Probl Cardiol.
(2024) 49:102640. doi: 10.1016/j.cpcardiol.2024.102640

29. Venable GT, Shepherd BA, Loftis CM, McClatchy SG, Roberts ML, Fillinger ME,
et al. Bradford’s law: identification of the core journals for neurosurgery and its
subspecialties. ] Neurosurg. (2016) 124:569-79. doi: 10.3171/2015.3.JNS15149

30.Liu X, Zhao S, Tan L, Tan Y, Wang Y, Ye Z, et al. Frontier and hot topics in
electrochemiluminescence sensing technology based on CiteSpace bibliometric analysis.
Biosens Bioelectron. (2022) 201:113932. doi: 10.1016/j.bios.2021.113932

31. Lyall DM, Kormilitzin A, Lancaster C, Sousa J, Petermann-Rocha F, Buckley C,
et al. Artificial intelligence for dementia-applied models and digital health. Alzheimers
Dement. (2023) 19:5872-84. doi: 10.1002/alz.13391

32. Ngiam KY, Khor IW. Big data and machine learning algorithms for health-care
delivery. Lancet Oncol. (2019) 20:€262-73. doi: 10.1016/S1470-2045(19)30149-4

33. Cumplido-Mayoral I, Garcia-Prat M, Operto G. Biological brain age prediction
using machine learning on structural neuroimaging data: multi-cohort validation
against biomarkers of Alzheimer’s disease and neurodegeneration stratified by sex. eLife.
(2023) 12:¢81067. doi: 10.7554/eLife.81067

34. Dohm-Hansen S, English JA, Lavelle A, Fitzsimons CP, Lucassen PJ, Nolan YM.
The “middle-aging” brain. Trends Neurosci. (2024) 47:259-72. doi:
10.1016/j.tins.2024.02.001

35. Hill NTM, Mowszowski L, Naismith SL, Chadwick VL, Valenzuela M, Lampit A.
Computerized cognitive training in older adults with mild cognitive impairment or
dementia: a systematic review and Meta-analysis. Am J Psychiatry. (2017) 174:329-40.
doi: 10.1176/appi.ajp.2016.16030360

Frontiers in Neurology

18

10.3389/fneur.2025.1587441

36. Gauthier S, Reisberg B, Zaudig M, Petersen RC, Ritchie K, Broich K, et al. Mild
cognitive impairment. Lancet (London, England). (2006) 367:1262-70. doi:
10.1016/S0140-6736(06)68542-5

37. Alsuhaibani M, Dodge HH, Mahoor MH. Mild cognitive impairment detection
from facial video interviews by applying spatial-to-temporal attention module. Expert
Syst Appl. (2024) 252:124185. doi: 10.1016/j.eswa.2024.124185

38. Folstein MF, Folstein SE, McHugh PR. “Mini-mental state”. A practical method
for grading the cognitive state of patients for the clinician. J Psychiatr Res. (1975)
12:189-98.

39.Liu Y, Chen C, Zhou Y, Zhang N, Liu S. Twenty years of research on borderline
personality disorder: a scientometric analysis of hotspots, bursts, and research trends.
Front Psychol. (2024) 15:1361535. doi: 10.3389/fpsyt.2024.1361535

40. Sabé M, Chen C, El-Hage W. Half a century of research on posttraumatic stress
disorder: a Scientometric analysis. Curr Neuropharmacol. (2023) 22:736-48. doi:
10.2174/1570159X22666230927143106

41. Oh K, Chung YC, Kim KW, Kim WS, Oh IS. Classification and visualization of
Alzheimer’s disease using volumetric convolutional neural network and transfer
learning. Sci Rep. (2019) 9:18150. doi: 10.1038/s41598-019-54548-6

42.Spasov S, Passamonti L, Duggento A, Lio P, Toschi NAlzheimer's Disease
Neuroimaging Initiative. A parameter-efficient deep learning approach to predict
conversion from mild cognitive impairment to Alzheimer’s disease. NeuroImage. (2019)
189:276-87. doi: 10.1016/j.neuroimage.2019.01.031

43. Association A. 2018 Alzheimer’s disease facts and figures. Alzheimers Dement.
(2018) 14:367-429. doi: 10.1016/j.jalz.2018.02.001

44. Solmi M, Chen C, Daure C, Buot A, Ljuslin M, Verroust V, et al. A century of
research on psychedelics: a scientometric analysis on trends and knowledge maps of
hallucinogens,  entactogens, entheogens and  dissociative drugs. Eur
Neuropsychopharmacol. (2022) 64:44-60. doi: 10.1016/j.euroneuro.2022.09.004

45. El-Sappagh S, Alonso JM, Islam SMR. A multilayer multimodal detection and
prediction model based on explainable artificial intelligence for Alzheimer’s disease. Sci
Rep. (2021) 11:2660. doi: 10.1038/s41598-021-82098-3

46. Brain Informatics. Brain MRI analysis for Alzheimer’s disease diagnosis using an
ensemble system of deep convolutional neural networks [EB/OL]. (2025). Available online
at: https://braininformatics.springeropen.com/articles/10.1186/s40708-018-0080-3
(Accessed January 17, 2025).

47.Luo M, He Z, Cui H, Ward P, Chen YPP. Dual attention based fusion network for
MCI conversion prediction. Comput Biol Med. (2024) 182:109039. doi:
10.1016/j.compbiomed.2024.109039

48. Poor FE, Dodge HH, Mahoor MH. A multimodal cross-transformer-based model
to predict mild cognitive impairment using speech, language and vision. Comput Biol
Med. (2024) 182:109199. doi: 10.1016/j.compbiomed.2024.109199

49. Garcia-Gutiérrez F, Alegret M, Marquié¢ M, Muiloz N, Ortega G, Cano A, et al.
Unveiling the sound of the cognitive status: machine learning-based speech analysis in
the Alzheimers disease spectrum. Alzheimers Res Ther. (2024) 16:26. doi:
10.1186/s13195-024-01394-y

50. Kang MK, Hong KS, Yang D, Kim HK. Multi-scale neural networks classification
of mild cognitive impairment using functional near-infrared spectroscopy. Biocybernetics
Biomed Eng. (2025) 45:11-22. doi: 10.1016/j.bbe.2024.12.001

51. Movahed RA, Rezaeian M. Automatic diagnosis of mild cognitive impairment
based on spectral, functional connectivity, and nonlinear EEG-based features. Comput
Math Methods Med. (2022) 2022:1-17. doi: 10.1155/2022/2014001

52. Amini S, Hao B, Zhang L, Song M, Gupta A, Karjadi C, et al. Automated detection
of mild cognitive impairment and dementia from voice recordings: a natural language
processing approach. Alzheimers Dement. (2023) 19:946-55. doi: 10.1002/alz.12721

53.Fei Z, Yang E, Yu L, Li X, Zhou H, Zhou W. A novel deep neural network-based
emotion analysis system for automatic detection of mild cognitive impairment in the
elderly. Neurocomputing. (2022) 468:306-16. doi: 10.1016/j.neucom.2021.10.038

54. Okunishi T, Zheng C, Bouazizi M, Ohtsuki T, Kitazawa M, Horigome T, et al.
Dementia and MCI detection based on comprehensive facial expression analysis from
videos during conversation. IEEE ] Biomed Health Inform. (2025) 29:1-12. doi:
10.1109/JBHI.2025.3526553

55. Rykov YG, Patterson MD, Gangwar BA, Jabar SB, Leonardo J, Ng KP, et al.
Predicting cognitive scores from wearable-based digital physiological features using
machine learning: data from a clinical trial in mild cognitive impairment. BMC Med.
(2024) 22:36. doi: 10.1186/s12916-024-03252-y

56. Basta M, John Simos N, Zioga M, Zaganas I, Panagiotakis S, Lionis C, et al.
Personalized screening and risk profiles for mild cognitive impairment via a machine
learning framework: implications for general practice. Int ] Med Inform. (2023)
170:104966. doi: 10.1016/j.ijmedinf.2022.104966

frontiersin.org


https://doi.org/10.3389/fneur.2025.1587441
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://doi.org/10.1016/j.arr.2024.102283
https://www.oecd.org/en/publications/bibliometric-indicators-and-analysis-of-research-systems_208277770603.html
https://www.oecd.org/en/publications/bibliometric-indicators-and-analysis-of-research-systems_208277770603.html
https://www.oecd.org/en/publications/bibliometric-indicators-and-analysis-of-research-systems_208277770603.html
https://doi.org/10.1007/s11192-013-1089-2
https://doi.org/10.1073/pnas.0307513100
https://doi.org/10.1007/s11192-009-0146-3
https://doi.org/10.1161/JAHA.122.027670
https://ieeexplore.ieee.pubapi.xyz/document/9165928
https://doi.org/10.1016/j.arr.2023.102129
https://doi.org/10.1097/JS9.0000000000000868
https://doi.org/10.3389/frma.2024.1420385
https://doi.org/10.1371/journal.pone.0223994
https://doi.org/10.1016/j.neubiorev.2022.104608
https://doi.org/10.1016/j.neubiorev.2022.104769
https://doi.org/10.1136/bmj-2023-077192
https://doi.org/10.1016/j.cpcardiol.2024.102640
https://doi.org/10.3171/2015.3.JNS15149
https://doi.org/10.1016/j.bios.2021.113932
https://doi.org/10.1002/alz.13391
https://doi.org/10.1016/S1470-2045(19)30149-4
https://doi.org/10.7554/eLife.81067
https://doi.org/10.1016/j.tins.2024.02.001
https://doi.org/10.1176/appi.ajp.2016.16030360
https://doi.org/10.1016/S0140-6736(06)68542-5
https://doi.org/10.1016/j.eswa.2024.124185
https://doi.org/10.3389/fpsyt.2024.1361535
https://doi.org/10.2174/1570159X22666230927143106
https://doi.org/10.1038/s41598-019-54548-6
https://doi.org/10.1016/j.neuroimage.2019.01.031
https://doi.org/10.1016/j.jalz.2018.02.001
https://doi.org/10.1016/j.euroneuro.2022.09.004
https://doi.org/10.1038/s41598-021-82098-3
https://braininformatics.springeropen.com/articles/10.1186/s40708-018-0080-3
https://doi.org/10.1016/j.compbiomed.2024.109039
https://doi.org/10.1016/j.compbiomed.2024.109199
https://doi.org/10.1186/s13195-024-01394-y
https://doi.org/10.1016/j.bbe.2024.12.001
https://doi.org/10.1155/2022/2014001
https://doi.org/10.1002/alz.12721
https://doi.org/10.1016/j.neucom.2021.10.038
https://doi.org/10.1109/JBHI.2025.3526553
https://doi.org/10.1186/s12916-024-03252-y
https://doi.org/10.1016/j.ijmedinf.2022.104966

	Machine learning applied to mild cognitive impairment: bibliometric and visual analysis from 2015 to 2024
	1 Introduction
	2 Materials and methods
	2.1 Data sources and collection
	2.2 Data analysis and visualization
	2.3 Research ethics

	3 Results
	3.1 Global overview
	3.2 Analysis of annual publication and citation trends
	3.3 Distributions of countries/regions
	3.4 Distributions of institutions
	3.5 Distribution of authors
	3.6 Distribution of journals
	3.7 Keyword analysis
	3.8 Highly cited reference analysis

	4 Discussion
	4.1 General information
	4.2 Research hotspots
	4.3 Feature trends

	5 Limitations

	References

