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Abstract

Background: Currently, artificial intelligence (AI) has been widely used for the prediction, diagnosis, evaluation and rehabili-
tation of stroke. However, the quantitative and qualitative description of this field is still lacking.

Objective: This study aimed to summarize and elucidate the research status and changes in hotspots on the application of AI
in stroke over the past 20 years through bibliometric analysis.

Materials and Methods: Publications on the application of AI in stroke in the past two decades were retrieved from the Web
of Science Core Collection. Microsoft Excel was used to analyze the annual publication volume. The cooperation network map
among countries/regions was generated on an online platform (https://bibliometric.com/). CiteSpace was used to visualize
the co-occurrence of institutions and analyze the timeline view of references and burst keywords. The network visualization
map of keywords co-occurrence was generated by VOSviewer.

Results: A total of 4437 publications were included. The annual number of published documents shows an upwards trend. The
USA published the most documents and has the top 3 most productive institutions. Journal of Neuroengineering and Rehabilitation
and Stroke are the journals with the most publications and citations, respectively. The keywords co-occurrence network classified
the keywords into four themes, that is "rehabilitation," "machine learning," "recovery" and "upper limb function." The top 3 key-
words with the strongest burst strength were "arm," "upper limb" and "therapy." The most recent keywords that burst after 2020
and last until 2023 included "scores," "machine learning," "natural language processing" and "atrial fibrillation."

Conclusion: The USA shows a leading position in this field. At present and in the next few years, research in this field may
focus on the prediction/rapid diagnosis of potential stroke patients by using machine learning, deep learning and natural
language processing.
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Introduction
Stroke is an acute cerebrovascular disease that causes brain
tissue damage due to the sudden vascular obstruction or the
rupture of blood vessels. It characterized by high morbidity
and mortality, and can be categorized as ischemic and hem-
orrhagic stroke.1,2 Both types of stroke can cause neuro-
logical deficits, such as hemiplegia, semisensation loss,
aphasia and visual disorders, due to damage to nerve
tissue.3 Stroke has become the second leading cause of
death and the second leading cause of disability-adjusted
life-years lost worldwide.4 The corresponding burden has

increased significantly globally in the past three decades.5

Research has shown that predicting and preventing stroke
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before stroke onset can reduce its incidence.6 Early diagno-
sis, assessment and rehabilitation may improve the quality
of life of stroke patients, thereby reducing the related
social burden.7,8

Artificial intelligence (AI) refers to simulate and extend
human intelligence through artificial machines. It encom-
passes a wide range of technologies, such as machine learning
(ML), natural language processing (NLP), robotics and deep
learning (DL).9 AI has developed rapidly in the past few
decades and is increasingly used in medicine.10 For stroke,
DL can measure the bleeding volume of hemorrhagic stroke
and automatically assess the Alberta Stroke Program Early
computed tomography (CT) score for ischemic stroke from
CT images.11,12 ML enables comprehensive analysis of a
wide range of datasets to help identify the subtypes and risk
stratifications of stroke.13 Rehabilitation robots can assist in
gait training for hemiplegic patients.14

There have been many studies on the application of AI in
stroke, and many scholars have provided excellent reviews
of the current state of this field.15,16 They focus on depicting
the latest research advancements and the present scenario but
do not analyze countries, institutions, or journals, let alone
hotspot changes. Bibliometrics is a technique for the quanti-
tative analysis of countries, institutions, authors, journals,
keywords and references and is therefore capable of summar-
izing changes in research focus and hotspots in a specific
field.17 This study aimed to use bibliometric methods to
analyze publications related to the application of AI in
stroke research to summarize the achievements, explore
changes in research hotspots over time and provide a reliable
reference for future studies.

Materials and methods

Data collection and retrieval strategy

Publications related to AI in stroke published between 2004
and 2023 were retrieved from the Web of Science Core
Collection (WoSCC) database, which is considered a para-
mount data source for bibliometric analysis,18 on October 26,
2024. The search formula was as follows: TS= (("stroke"
OR "ischemic stroke" OR "hemorrhagic stroke" OR "cerebral
infarction" OR "transient ischemic attack") AND ("artificial
intelligence" OR "machine intelligence" OR "robot*" OR
"robot technology" OR "assistant robot" OR "robot-assisted"
OR "computational intelligence" OR "computer reasoning"
OR "Computer aided system" OR "Computer aided diagnosis"
OR "deep learning" OR "computer vision system" OR "senti-
ment analysis" OR "machine learning" OR "radiomics" OR
"data learning" OR "expert* system*"OR "natural language
processing" OR "support vector machine*" OR "decision
tree*" OR "deep learning" OR "Bayesian network*" OR "intel-
ligent learning" OR "feature*learning" OR "feature* extrac-
tion" OR "feature*selection" OR "image* segmentation" OR
"supervised learning" OR "semantic segmentation")) AND

FPY= (2004–2023). The first section of the formula comprises
stroke and its multiple subtypes, the second section contains AI
and related technologies, and the third section is the time frame
of the publications.

The inclusion criteria were as follows. (a) Relevant arti-
cles published and collected by WoSCC. (b) Publication
types were article. (c) Publication years between 2004
and 2023. The exclusion criteria were as follows. (a) The
language of the publications was not English. (b) The
research areas of the publications were not related to
the application of AI in stroke. All the inclusion and exclu-
sion steps were based on the screening function of the
WOS website.

A total of 11,997 publications were retrieved from the
WoSCC database. 7160 articles met the inclusion criteria.
After excluding the publications with languages other than
English (n= 42), and mismatch research areas (n= 2681)
(Figure 1). A total of 4437 publications were ultimately
included. The ‘full records and cited reference’ of the publica-
tions were downloaded in plain text format from the database.
Patients and the public were not (or will not) be involved in
this study. No medical institutions or patients were included,
and thus ethical approval or informed consent was not
applicable.

Analysis and visualization tools

Bibliometric analysis and data visualization in this study were
performed using Microsoft Excel 2021, CiteSpace (Version
6.4.R1), VOSviewer (version 1.6.20), an online platform
(https://bibliometric.com/) and R-package "Bibliometrix".
Excel 2021 was used to analyze the annual and cumulative
publications. The Lotka’s law and Bradford’s law were used
to analyze the productivity of the authors and journals via
"Bibliometrix" package. A map of the collaboration networks
among countries/regions was constructed on the online plat-
form.19 CiteSpace was used to construct an institutional
co-occurrence map, a timeline view of references and burst
keywords.20,21 The network visualization map of keywords
co-occurrence was generated by VOSviewer. Before conduct-
ing the keyword analysis, keywords with similar meanings
were unified as a keyword. For example, "acute-ischemic
stroke" and "acute ischemic stroke" were unified as "acute
ischemic stroke," "algorithm" and "algorithms" unified as
"algorithm."

Results

Annual publication analysis

A total of 4437 related publications were ultimately
included. The cumulative number of publications increased
from 16 to 4437 over the past 20 years (Figure 2). The
annual publications show an overall upward trend, and
there is a sharp growth trend after 2020.
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Country, institution and author analysis

A total of 5269 institutions from 84 countries/regions partici-
pated in this field. Table 1 shows the top 10 countries/
regions, institutions and authors by publication count. The
United States of America (USA) had the most publications
(n=1378) and citations (n=52,704), followed by China
(n= 1,096) and Italy (n=400). Figure 3(a) shows the coopera-
tive relationships between countries/regions. The line between
two nodes represents a cooperative relationship, and the thick-
ness of the connection line represents the strength of cooper-
ation. The USA, Germany, Switzerland, Spain and China had
relatively close cooperation with other countries/regions.
Among the institutions, the University of California System
had the largest number of publications (n=158), followed by
Harvard University (n=155) and Northwestern University
(n=125). All of them come from the USA. Figure 3(b)
shows the co-occurrence network map among institutions.

A total of 21,498 authors participated in the included arti-
cles, of which 386 authors had published no fewer than 6 arti-
cles. The top 3 authors in terms of publications were Krebs
Hermano Igo from the USA (n=66), Dukelow Sean P (n=
53) and Scott Stephen H from Canada (n=42). Krebs
Hermano Igo also has the highest H-index among them.
Table 2 displays the stratification of authors based on the

productivity index grouping based on Lotka’s law. Authors
who have published only one paper make up the largest
group. Large producers, defined as those who have published
over 10 publications, represent just 1.08% of the group.

Funding analysis

The funding information comes from the WOS database. A
total of 200 funding agencies have supported the publications
in this field. The top 10 funding agencies are as follows,
United States Department of Health Human Services (491),
National Institutes of Health (USA) (474), National Natural
Science Foundation of China (402), European Union (123),
Ministry of Education Culture Sports Science and
Technology Japan Mext (92), Canadian Institutes of Health
Research (90), Japan Society for The Promotion of Science
(89), National Science Foundation (USA) (89), National
Institute of Neurological Disorders Stroke (USA) (86) and
UK Research Innovation (85).

Journal analysis

A total of 726 journals have published articles on the appli-
cation of AI in stroke. The study evaluated the algebraic
representation of Bradford’s law in 726 journals grouped

Figure 1. Flow chart of the study.
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into three zones. Table 3 presents data on the distribution of
journals, along with the corresponding number of publica-
tions and Bradford’s multipliers in three zones. The journals

in the three zones published approximately 1/3 of the arti-
cles, respectively. The core journals in Zone 1 and the top
journals by citation are listed in Table 4. The Journal of

Figure 2. Trend of annual publications on the application of artificial intelligence in stroke.

Table 1. Top 10 productive countries, institutions and authors.

Rank

Country/region Institution Author

Content Document Citation Content Document Content Document Country H-index

1 USA 1378 52,704 University Of California
System

158 Krebs, H 66 USA 36

2 China 1096 14,040 Harvard University 155 Dukelow, S 53 Canada 23

3 Italy 400 13,637 Northwestern University 125 Scott, SH 42 Canada 21

4 England 385 12,529 Swiss Federal Institutes of
Technology Domain

107 Riener, R 32 Switzerland 22

5 Germany 358 13,523 University of Calgary 107 Hogan, N 30 USA 25

6 South Korea 311 6166 Massachusetts Institute of
Technology (MIT)

105 Tong, RK 29 China 21

7 Canada 295 7980 Harvard Medical School 102 Alireza, G 28 Germany 21

8 Japan 232 4483 University of Texas System 86 Reinkensmeyer,
DJ

27 USA 22

9 Switzerland 207 7692 Shirley Ryan Abilitylab 82 Wu, CY 26 China 17

10 Netherlands 167 6565 University of London 79 Lin, KC 26 China 17
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Neuroengineering and Rehabilitation published the most
publications (n= 280), followed by IEEE Transactions on
Neural Systems and Rehabilitation Engineering (n= 232)
and Frontiers in Neurology (n= 185). The most cited
journal was Stroke (n= 10,312).

Keyword analysis

The frequencyandburst analysis of keywords canhelp research-
ers identify research hotspots and emerging trends in a certain
knowledge field.22 A total of 12,120 keywords were found in
this study, and the top 20 keywords in terms of occurrence fre-
quency are shown in Table 5. Except for “stroke,” the most fre-
quent keywords were "rehabilitation" (n=1021), "recovery"
(n=684), "robot" (n=629), "machine learning" (n=578) and
"upper limb" (n=502). The network visualization map of key-
words co-occurrence (Figure 4) can be summarized into four
categories, each representing a research theme. The research
themes, in order of frequency, are "rehabilitation," "machine
learning," "recovery" and "upper limb function." Figure 5
shows the top keywords with the strongest citation bursts. The

top 3 keywords with the strongest burst strength were "arm,"
"upper limb" and "therapy." The most recent keyword bursts,
including "scores," "machine learning," "NLP" and "atrialfibril-
lation (AF)," occurred in 2020/2021 and had last until 2023.

Reference analysis

Figure 6 shows the timeline view of the reference citation
clusters. The timeline view of reference and keyword
burst analysis can effectively describe the transition of
research hotspots and emerging trends in a specific field
within a given timeframe.23 It can be seen from the timeline
view that the most cited themes of the application of AI in
stroke mainly include controlled trial (#0), deep learning
(#1), active participation (#2), acute ischemic stroke
(#3), robotic therapy (#4), chronic stroke (#5), sub-acute
stroke patient (#6), multi-joint arm exoskeletons (#7), post-
stroke hemiparesis (#8) and using pre-trained CNN model
(#9).

According to Figures 5 and 6, research on the application
of AI in stroke research can be roughly divided into three
periods. The first period was from 2004 to 2011, and the
core keywords included "hemiparesis," "motor control,"

Table 2. Author dispersion according to productivity level
calculated by Lotka’s law.

No. of authors %

PI≥ 1 (10 or more articles) 210 1.08

0 < PI < 1 (2–9 articles) 4724 24.43

PI= 0 (1 article) 14,404 74.49

Total 19,338 100

PI, participation index.

Table 3. Distribution of journals in Bradford’s zones.

Zone
No. of
Journals

No. of
publications

Bradford
Multiplier

1 13 1485（33.47%） 1

2 72 1496（33.72%） 5.54

3 641 1456（32.81%） 8.90

Figure 3. Cooperative map. (a) Co-occurrence of countries/regions, (b) Co-occurrence of institutions.
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"upper limb," "inducedmovement therapy," "robotic therapy,"
"body weight support." The second period was from 2012 to
2019, and the core keywords included "gait," "walking,"
"brain computer interface (BCI)," "stimulation" and "exoskel-
eton." The third period was from 2020 to 2023, and the key-
words included "score," "machine learning," "deep learning,"
"natural language processing" and "AF."

Discussion
Wang et al. systematically analyzed 50 representing publi-
cations on AI-assisted acute stroke prevention and diagno-
sis over the past 25 years, and summarized the algorithms
applied to stroke segmentation, classification, risk predic-
tion.24 Our study investigated the application of AI in

whole clinical procedure of stroke based on the documents
published between 2004 and 2023. This study focuses on
various application scenarios of different AI technology
in stroke over different time periods. The results suggested
that the number of annual publications had increased sig-
nificantly in recent years, which showed that this field
was receiving increasing attention. The USA is the
leading country in this field with the most publications
and the most productive institutions. The network visualiza-
tion map of keywords co-occurrence classified the
keywords into four themes, that is "rehabilitation,"
"machine learning," "recovery" and "upper limb function."
Moreover, research in this field can be divided into three
periods. The first period (2004–2011) focused on the
exploration of primary AI technologies such as robotic

Table 4. The core journals and the most cited journals.

Rank

Publications Citations

Journal Count JCR
IF
(2023) Journal Count JCR

IF
(2023)

1 Journal of Neuroengineering and
Rehabilitation

280 Q1 5.2002 Stroke 10,312 Q1 7.8001

2 IEEE Transactions on Neural Systems
and Rehabilitation Engineering

232 Q2 4.8003 Neurorehabilitation and Neural Repair 4610 Q1 3.7001

3 Frontiers in Neurology 185 Q2 2.7001 Archives of Physical Medicine and
Rehabilitation

4269 Q1 3.5999

4 Scientific Reports 123 Q1 3.8001 Journal of Neuroengineering and
Rehabilitation

3817 Q1 5.2002

5 PLoS One 105 Q1 2.8997 Neuroimage 2500 Q1 4.7003

6 Frontiers in Neuroscience 95 Q2 3.1999 IEEE Transactions on Neural Systems
and Rehabilitation Engineering

2343 Q2 4.8003

7 Stroke 92 Q1 7.8001 New England Journal of Medicine 2189 Q1 96.1978

8 Neurorehabilitation and Neural Repair 90 Q1 3.7001 Neurology 2014 Q1 7.7002

9 Journal of Stroke & Cerebrovascular
Diseases

69 Q3 1.9999 Plos One 2003 Q1 2.8997

10 Neurorehabilitation 60 Q3 1.7001 Circulation 1831 Q1 35.5010

11 Biomedical Signal Processing and
Control

56 Q1 4.9000 Journal of Neurophysiology 1801 Q3 2.1001

12 Archives of Physical Medicine and
Rehabilitation

49 Q1 3.5999 Lancet 1747 Q1 98.4000

13 IEEE Transactions on Biomedical
Engineering

49 Q2 4.3997 Brain 1728 Q1 10.6002
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therapy for assisting in the rehabilitation of patients with
impaired motor function (mainly upper limbs) after
stroke. In the second period (2012–2019), in addition to
continuing the in-depth research on the contents of the

first period, the researchers began to explore the use of exo-
skeleton and BCI to assist stroke patients to recover motor
functions (especially lower extremity). The third period
(2020–2023) focused on exploring the feasibility of AI

Figure 4. Keywords co-occurrence network.

Table 5. Top 20 keywords in terms of the frequency of occurrence.

Rank Keywords Occurrences Rank Keywords Occurrences

1 stroke 2148 11 arm 258

2 rehabilitation 1021 12 risk 255

3 recovery 684 13 gait 252

4 robot 629 14 performance 240

5 machine learning 578 15 classification 238

6 upper limb 502 16 walking 236

7 therapy 443 17 deep learning 233

8 movement 378 18 acute ischemic stroke 229

9 ischemic stroke 330 19 impairment 220

10 reliability 298 20 predict 208

Peng et al. 7



technology, such as DL, ML and NLP in assisting in deep
evaluation such as medical imaging diagnosis, scoring and
outcome prediction of stroke.

Except for China, all the countries in the top 10 are
developed countries. Even though China ranks second in
terms of the number of publications, it ranks only fifth in
terms of citations. Seven of the top 10 productive

institutions come from the USA, with the other three
from Switzerland, Canada and the United Kingdom.
Among the top 10 authors, three were from the USA,
three were from China, and two were from Canada.
Developed countries were in a leading position in this
field, and this phenomenon may be caused by the following
reasons. On the one hand, developed countries, especially

Figure 5. Top 25 keywords with strongest citation bursts between 2004 and 2023. The keywords burst periods are marked with red lines.
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the USA, which has a great advantage in medicine and
AI-related technologies, have a higher level of technology
and medical care. On the other hand, for economic reasons,
scholars from developing countries receive less research
funding than those from developed countries do. Funding
agencies of USA, represented by United States
Department of Health Human Services, supported more
than 1000 publications, maintaining its’ leading position.
The National Natural Science Foundation of China
funded 402 publications, contributing to the second-
highest number of publications. This may be the reason
why China is the only developing country in the top 10 pro-
ductive countries. The European Union ranks fourth in the
amount of research funded, and this, combined with
funding from national funding agencies, results in a gener-
ally high national influence.

The identification of trends in research priorities, so
called hotspots, in given field, thus enabling scientists to
identify subsequent promising directions is a crucial
element of bibliometrics. The network visualization map
of keywords co-occurrence classified the keywords into
four research themes. The most prolific theme is the
research on the rehabilitation of stroke patients based on
robot-assisted gait training and exoskeleton. The second
theme includes the risk prediction of stroke in the context
of AF and other cardiovascular diseases based on ML and
DL, as well as stroke detection, diagnosis and prognosis
prediction. The third theme is the use of AI combined
BCI to realize the communication between machine and
human brain, and replace the function of damaged nerves
to some extent. The fourth theme is to restore the shoulder
and upper limb motor function to improve the quality of
life. And the research in this filed can be classified into

three periods through keyword bursts and reference
analyses.

Period I (2004–2011)

The keywords in the first period included "hemiparesis,"
"motor control," "upper limb," "induced movement therapy,"
"robotic therapy," "body weight support." The most
common and widely recognized deficits caused by stroke are
motor impairments, including hemiplegia, muscle weakness,
intensified reflexes, reflexes and loss of coordination or
apraxia.25 Restoring motor function, such as upper limb
motor function, is an important part of poststroke recovery,
which can greatly improve the quality of life and reduce the
economic burden of patients. Twowidely practiced treatments
for improving upper limb motor function are constraint-
induced movement therapy and motor relearning programs.26

However, these high-intensity and task-specific stroke recov-
ery therapies generally rely on a therapist’s intensive care
over a long period of time. Rehabilitation robots combined
with AI technology have greatly improved the situation. In
the initial stage, AI-related technologies have not been fully
developed, the robot can only receive mechanical assistance
instructions to help the affected limb carry out repeated fixed
movements and make simple records, and the adaptability
and safety are not guaranteed.27With the development of AI,
AI-based rehabilitation robotics can also accurately detect
and record the movement progress of patients, and provide
feedback to patients in the target movement, and both adapt-
ability and safety have been improved.28 Currently, robot-
assisted therapy enables physical therapists to reduce thework-
load and provide patients with more repetitive and intensive
rehabilitation training.29

Figure 6. Reference timeline visualization map for the application of artificial intelligence in stroke. The cluster labels are generated
through cluster analysis, the references in the cluster are chronologically sorted by the year of publication, and the node size represents
the total number of citations of the references.
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Period II (2012–2019)

In the second period, the rehabilitation of AI in stroke patients
is still the focus. Notably, the first period focused mainly on
the rehabilitation of upper limb motor ability, and with the
progress of technology and the pursuit of a better standard
of living, lower limb motor rehabilitation for patients with
sequelae of stroke has gradually attracted increasing attention.
AI-based robot-assisted devices can optimize treadmill train-
ing in guiding patients to return to a normal physiological
gait and prevent incoordination among multiple therapists.30

The Lokomat proposed by Colombo et al., which combines
a robotic gait orthosis and a body weight-supported treadmill,
can guide patients’ legs to perform automated gait training
according to a preprogrammed gait pattern.31 To promote
the recovery of lower limb function, exoskeleton technology
products have also made progress. For example, advanced
AI technology is embedded in the exoskeleton, which predicts
the patient’s motion intention through ML algorithms, pro-
vides corresponding dynamic support, and promotes natural
movement patterns.21 By recording the patient’s exercise,
an adaptive and individualized rehabilitation program was
developed.33

BCI aims to build a direct connection pathway between
the human brain and external devices to enable the
exchange of information between the brain and an external
device. The principle of operation is that after the brain
signals acquisition, typically ECG signals, AI-driven the
signal processing and decoding, and translates the
decoded neural signals into commands for the external
device.34 Convolutional neural networks and recurrent
neural networks have been widely used in signal processing
and coding, and showed good performance.35 The combin-
ation of BCI and AI makes it possible for patients with
movement disorders such as sequelae after stroke to live
independently, and promotes the revolution of traditional
rehabilitation techniques.

Period III (2020–2023)

Different from the previous two periods, which mainly
focus on the treatment of stroke, studies in this period pay
more attention to the prevention, early diagnosis and
in-depth evaluation of stroke. ML, DL and NLP technolo-
gies that can automatically analyze data and images were
frequently mentioned.13 For stroke risk assessment, clinical
factors, genetic factors, serum markers and imaging can be
used as raw data for AI to predict the occurrence and pos-
sible prognosis of stroke. Jung et al. constructed a predic-
tion model using an attention-based deep neural network
based on demographics, health examination, and medical
history information, and obtained better performance for
the prediction of ischemic stroke in AF patients than trad-
itional CHA2DS2-VASc scores.36 Gregory et al. estab-
lished an ML model based on vascular ultrasound that

provides greater accuracy in stroke risk prediction than trad-
itional methods.37 Based on the imaging data, DL and ML
can evaluate stroke based on automatic or manual segmen-
tation. One study developed an automatic DL-based seg-
mentation method to detect the infarct volume in patients
with acute ischemic stroke from CT scans.38 Cao et al. pro-
posed deep asymmetry network to automatically obtain the
Alberta Stroke Program Early CT Score from CT imaging,
and verified that the resulting score was highly correlated
with patient prognosis.39 Some studies have demonstrated
that ML models based on clinical and radiological factors
can predict the short-term functional outcome of hemorrhagic
stroke patients and the long-term prognosis of ischemic stroke
patients.40,41 In short, CNN-based DL algorithms, ML includ-
ing logistic regression, random forests and other algorithms
can accelerate the prediction and assessment of stroke and
provide more objective quantitative indicators.

NLP is another major AI processing technology based
on the ML/DL algorithm. It can extract information from
unstructured data (such as routine medical records and
imaging report text) to form structured data in a unified
format.42 Such structured data list each important aspect
of the disease in a separate entry (such as the presence/
absence of lymph node metastasis in lung cancer),
provide clearer information for the disease management.
The commonly used algorithms in NLP include ML algo-
rithms such as the bag of words, term frequency-inverse docu-
ment frequency, hidden Markov model, as well as DL
algorithms such as recurrent neural network and long short-
term memory network. Studies have suggested that NLP can
be used to determine the acuity and location of ischemic
stroke from radiologists’ reports.43 Sung et al. used NLP to
extract medical concepts from the eligibility criteria for intra-
venous thrombolysis to assist in determining the feasibility of
intravenous thrombolytic therapy in acute ischemic stroke
patients.44 Some researchers have also explored the feasibility
of using DL-NLP to predict transient ischemic attack and
stroke events.45,46 In general, structured data extracted
through NLP can shorten the time to clinical decision
making due to its professional and clear presentation.

Our study has several limitations. First, the publications
were retrieved from the WoSCC. Although it contains com-
prehensive literature data, there are still some excellent pub-
lications not included in it. Second, only the articles in
English were included, and publications in other languages
and types were not analyzed. Third, keywords or references
are required to be frequently cited so that their related topics
can be identified during the analysis. As a result, bibliomet-
ric analyses may have difficulty identifying topics that are
have few articles but are emerging directions.

Conclusion
In this bibliometric analysis study, we delineated the trajec-
tory of research on AI in stroke in the past 20 years. From
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2004 to 2011, the research mainly focused on AI-driven
robotic rehabilitation therapy, especially the rehabilitation
of upper limb motor function. From 2012 to 2019, robot-
assisted functional rehabilitation of lower limbs in stroke
patients has gradually attracted attention, and the combin-
ation of AI and BCI has become a hot topic. Since 2020,
the focus of researches has gradually shifted to the predic-
tion, diagnosis and prognosis assessment of stroke,
hoping to promote health through intervention of high-risk
patients.

To sum up, the application of AI-based robot-assisted
rehabilitation and automatic diagnosis/scoring of stroke
has been mature, but the following problems need to be
further solved. (a) Although BCI combined with AI has
obtained considerable results in scientific research, the algo-
rithmic framework constructed on the basics of the research
group may be unavailable in applying to the remaining
individuals, feedback mechanisms and adaptive learning
algorithms, such as closed-loop neurofeedback systems
are needed to be improved. (b) Previous studies have sug-
gested the feasibility of AI in stroke risk prediction,
but automated platforms predict individuals’ risk of acute
stroke based on clinical metrics, such as imaging, arterial
plaque, and hypertension, to guide clinical interventions,
have yet to be seen. Tools that can be accurately applied
to clinical settings need to be further investigated and
promoted.
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ML machine learning
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DL deep learning
CT computed tomography
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USA United States of America
AF atrial fibrillation
BCI brain computer interface
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