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Abstract

Background: Artificial intelligence (AI) has emerged as a transformative tool in medicine,
leveraging rapid analysis of large datasets to accelerate diagnosis, enhance clinical decision-
making, and improve clinical workflows. This is highly relevant in stroke care given the
time-sensitive nature of the disease process. This review evaluates the current landscape
of evidence-based medicine utilizing Al in stroke, with emphasis on its use in phases of
clinical care across the stroke continuum, including pre-hospital, acute, and recovery phases.
This offers a comprehensive understanding of the current state of Al in both practice and
literature. Methods: A review of major databases was conducted, identifying peer-reviewed
literature evaluating the use of Al and its level of evidence across the stroke continuum.
Given the heterogeneity of study designs, interventions, and outcome metrics spanning
multiple disciplines, findings were synthesized narratively. Results: Across all phases of
care, there remain no randomized controlled trials (RCTs) evaluating patient-level outcome
data using Al (Level A). In the pre-hospital phase of care, Al has been used to identify stroke
symptoms and assist EMS routing/training but presently remains limited to research. Al is
most studied in the acute phase of care, representing the only phase to achieve commercial
application in imaging detection and telestroke assistance, supported by non-randomized
evidence (Level B-NR). In the recovery phase, Al may enhance wearable technologies,
tele-rehabilitation, and robotics/brain—computer interfaces, with early RCTs (Level B-R)
supporting the latter two, representing the strongest evidence for Al in stroke care to date.
Conclusions: Despite the potential for Al to transform all phases of care across the stroke
continuum, major challenges remain, including transparency, generalizability, equity, and
the need for externally validated clinical studies.
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, , starts with primary prevention through risk factor modification and public education [2].
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of these time-sensitive treatments becomes more difficult across geographically and socioe-
conomically diverse healthcare systems spanning urban, suburban, and rural regions, with
uneven access to medical resources and advanced therapies [9,10].

Artificial intelligence has become increasingly integrated in healthcare, with strong
appeal to stroke applications given the need for rapid diagnosis and treatment [11-14]. Ar-
tificial intelligence, an umbrella term incorporating machine learning, neural networks, and
deep learning, may accelerate the diagnosis and treatment through interpreting and stan-
dardizing imaging, optimizing triage and transfer workflows, and risk stratification with
predictive analytics, thereby narrowing geographic and socioeconomic inequalities [15-19].
Conceptually, machine learning is a broad field where computers use data models to learn
patterns from human-constructed datasets. When connected, they create neural networks
that consist of layers of data with increasing volume and complexity [20]. Deep learning
models further connect neural networks into multiple layers, creating datasets so large and
complex, with exponentially increasing computational power, that computers recognize
patterns independent of human input or identification [20]. The choice of computational
models becomes contingent on the complexity of the study question [20]. The presence of
intracranial hemorrhage on non-contrast computer tomography might be identified with
machine learning models while predictive analytics for stroke outcome and recurrence
might require more complex deep learning models [21-26].

The existing literature evaluates Al used for stroke, categorized by specific applications
including diagnostic imaging/interpretation, predictive analytics, workflow optimizations,
and rehabilitation domains. This covers a broad array of topics whose audience spans
multiple disciplines that participate directly or indirectly in the care of stroke patients,
ranging from clinicians, to researchers, to engineers, to government-sponsored and private
industry. This creates a piecemeal understanding of Al in stroke, weighted heavily to
technical data and computational application, rather than a more general perspective of its
clinical application and body of evidence. This review evaluates the current landscape of
evidence-based medicine by organizing Al used in stroke care into clinical phases across
the stroke continuum, including pre-hospital, acute, and recovery phases. By evaluating the
literature according to clinical phase rather than application function, we hope to achieve a
more global understanding of Al’s current implementation and remaining gaps in evidence.

2. Methodology

We conducted a narrative literature review of peer-reviewed published research

o

from 2015 to 2025. Search terms included “artificial intelligence,” “machine learn-
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ing,” “deep learning,” “neural network,” “stroke,” “community health systems,” “rural,”
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“telemedicine,” “telestroke,” “pre-hospital,” “stroke recovery,” and “stroke rehabilitation.”
Databases including PubMed, Ovid Medline, Embase, and Scopus were searched using
“or” as a Boolean operator restricted to title field and abstract, while using medical subject
headings and synonym expansion. Inclusion criteria were peer-reviewed articles identified
through the search strategy, including systematic, scoping, and narrative reviews; meta-
analyses; validation and device trials; expert opinion articles; and original research with
small sample sizes. Exclusion criteria included non-peer-reviewed papers, preprints, bench
science without clinical relevance, and conference abstracts without full papers. Study
selection was determined by agreement of the senior authors (GCS, MHN). Because the
studies included were heterogeneous in designs, interventions, and outcomes, spanning
multiple disciplines in a rapidly evolving, industry-dependent field, we used a narrative
synthesis to provide a global view of the literature, organizing evidence into phases of
clinical care across the stroke continuum with level of evidence according to the American

College of Cardiology /American Heart Association classification system [27]. Given this
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review is secondary research of publicly available literature without patient identifiers, it is
exempt from local institutional review board approval.

3. Results
3.1. Summary of Types of Existing Literature on Al Used for Stroke Care Across All Phases

The present body of literature evaluating Al for stroke is largely composed of retro-
spective studies evaluating proof-of-concept algorithms for imaging detecting, patient-level
triage, and predictive analytics [13,21-26,28-75]. This is followed by systematic, scoping,
and narrative literature reviews of Al’s specific application in stroke care [11,14-18,76-78].
There remains a paucity of prospective studies with no randomized control trials evaluating
patient-level outcomes [13,79]. Applying the American College of Cardiology/American
Heart Association level of evidence classification system, the body of existing literature is
largely composed of Level B-NR, and Level C studies with no Level A and few Level B-R
randomized controlled trails [27]. Please refer to Level of Evidence Tables 1-3, which are
categorized into phases of clinical care.

Table 1. Pre-hospital-phase level of evidence [27].

Ref # Author Date Study Design Topic Level of Evidence
[80] CeklicE, et al. 2022 Retrospective observational cohort study EMS routing optimization B-NR
[81] Rava RA, et al. 2021 Retrospective modeling study EMS routing optimization B-NR
[82] Ramos A, et al. 2021 Narrative review EMS stroke recognition C-EO
[83] Wasselius J, et al. 2021 Prospective diagnostic study EMS stoke recognition B-NR
[84] Scholz ML, et al. 2022 Retrospective modeling study EMS stroke recognition B-NR
[85] Van Stigt MN, et al. 2013 Prospective diagnostic study EMS stroke recognition B-NR
[86] Caceres JA, et al. 2013 Retrospective observational cohort study EMS stroke recognition B-NR
[87] Oostema JA, et al. 2018 Retrospective observational study EMS stroke recognition B-NR
[88] JiaJ, etal. 2017 Retrospective observational study EMS stroke recognition B-NR
[89] Pottle, J 2019 Narrative review EMS training C-EO
[12] Wollcott ZC, et al. 2024 Expert commentary EMS workflow optimization C-EO
[90] Bat-Erdine BO, et al. 2021 Narrative review Patient stroke recognition C-EO
[91] Kim HS, et al. 2015 Observational diagnostic accuracy study Patient stroke recognition C-LD
[92] Raychey RI, et al. 2023 Proof of concept study Patient stroke recognition C-LD

Table 2. Acute-phase level of evidence [27].
. . Level of
Ref # Author Year Study Design Topic E:i‘:iinoce
[93] Figurell ME, et al. 2023 Retrospective workflow implementation stud Workflow optimization B-NR
8 % p Y P
[94] Gunda B, et al. 2022 Retrospective workflow implementation stud Workflow optimization B-NR
% p Y P
[95] Field NC, et al. 2023 Retrospective workflow implementation stud Workflow optimization B-NR
% p Y P
[96] Devlin T, et al. 2024 Retrospective multicenter cohort stud Workflow optimization B-NR
P Y P
[97] Hassan AE, et al. 2022 Retrospective observational stud Workflow optimization B-NR
P Y P

[31] Herzog L, et al. 2023 Prospective prognostic model study Prognostication B-NR

[33] Zhang H, et al. 2024 Retrospective prognostic model study Prognostication B-NR

[34] Velagapudi L, et al. 2021 Retrospective prognostic model study Prognostication B-NR

[35] Wang X, et al. 2024 Retrospective prognostic model study Prognostication B-NR

[32] LiuY, etal. 2024 Retrospective predictive model study Prognostication B-NR

[28] van Os HJA, et al. 2018 Registry prognostic model study Prognostication B-NR

[29] Heo J, et al. 2019 Retrospective prognostic model study Prognostication B-NR

[30] Jung HS, et al. 2024 Prospective prognostic model study Prognostication B-NR

[11] Koska IO, et al. 2023 Narrative review Advanced imaging C-EO

interpretation
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Table 2. Cont.
. . Level of
Ref # Author Year Study Design Topic EviZlence
[32] Liu Y, etal. 2024 Narrative review Acl_vanced imaging C-EO
interpretation
[14] Chandrabhatla AS, 2023 Narrative review Advanced imaging C-FO
etal. interpretation
[64] Ryu WS, et al. 2024 Retrospective diagnostic model study AClixing;;ietigtli%gning B-NR
[66] Christiansen SD, et al. 2024 Retrospective diagnostic model study Aﬁ;?gf;iti;‘gg;ng B-NR
[79] Savage CH, et al 2024 Prospective observational diagnostic study Advanced imaging B-NR
interpretation
. . . . . Advanced imaging ~
[98] Olive-Gadea M, et al. 2020 Retrospective diagnostic imaging study interpretation B-NR
. . . . Advanced imagin,
[99] McLouth J, et al. 2021 Retrospective diagnostic imaging study interpretatiogn & B-NR
[100] Yahav-Dovrat A, et al. 2021 Retrospective diagnostic imaging study Acgﬁigf;;jetigiaognmg B-NR
[101] Schlossman J, et al. 2022 Retrospective diagnostic imaging study Aﬁ;?gf;itigﬁ)géng B-NR
. . - - . Advanced imaging .
[102] Luijten SPR, et al. 2022 Retrospective diagnostic imaging study interpretation B-NR
. . . . . Advanced imaging ~
[103] Cimflova P, et al. 2022 Retrospective diagnostic imaging study interpretation B-NR
. . . . Advanced imagin,
[104] Bathla G, et al. 2022 Retrospective diagnostic imaging study interpretatiogn & B-NR
: : Advanced imaging
[105] Adamou A, et al. 2023 Systematic review interpretation C-EO
[106] Wolff L, et al. 2021 Retrospective diagnostic imaging study Acg‘éigf;itigﬁ)géng B-NR
. . - . Advanced imagin,
[107] Lee 5], et al. 2024 Prospective diagnostic imaging study interpretatio% g B-NR
: : : Advanced imagin,
[108] Jiang B, et al. 2025 Systematic review interpretatiogn 8 C-EO
. . : . Advanced imagin,
[109] Alwood BT, et al. 2024 Multicenter retrospective diagnostic study interpretatiogn & B-NR
[15] Wang Z, et al. 2024 Systematic review General C-EO
[16] Melo S, et al. 2025 Scoping review General C-EO
[17] Heeralal VT, et al. 2025 Narrative review General C-EO
[18] Heo J. 2025 Scoping review General C-EO
[36] Colangelo G, et al. 2024 Retrospective predictive model study Predictive analytics B-NR
[37] Gao Y, etal. 2024 Retrospective predictive model study Predictive analytics B-NR
[38] Lip GYH, et al. 2024 Retrospective predictive model study Predictive analytics B-NR
[39] Vodencarevic A, et al. 2022 Retrospective predictive model study Predictive analytics B-NR
[40] HanL, et al. 2019 Retrospective predictive model study Predictive analytics B-NR
[41] Chen B, et al. 2022 Retrospective predictive model study Predictive analytics B-NR
ao (], et al. etrospective predictive model stu redictive analytics -
[42] Chao CJ 1 2022 R pective predicti del study Predicti lyti B-NR
$ inL, etal etrospective predictive model stu redictive analytics -
[43] LinL 1 2024 R pective predicti del study Predicti lyti B-NR
raki T, et al. etrospective predictive model stu redictive analytics -
[44] ArakiT, etal 2017 R pective predicti del study Predicti lyti B-NR
ai P, et al. etrospective predictive model stu redictive analytics -
[45] Bai D, etal 2020 R pective predicti del study Predicti lyti B-NR
ue SS, et al. etrospective predictive model stu redictive analytics -
[46] Sue SS 1 2023 R pective predicti del study Predicti lyti B-NR
en YF, et al. etrospective predictive model stu redictive analytics -
[21] Chen YF, et al 2023 R pective predicti del study Predicti lyti B-NR
2 abinstein ,etal. etrospective predictive model stu redictive analytics -
[63] Rabinstein AA 1 2021 R pective predicti del study Predicti lyti B-NR
[65] HeoJ, et al. 2023 Retrospective multisiirét;r diagnostic model Prognostication B-NR
[67] Li X, etal. 2020 Retrospective diagnostic model study Prognostication B-NR
[69] Lu X, etal. 2024 Retrospective diagnostic/prognostic model Prognostication B-NR

study
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Table 2. Cont.
Ref # Author Year Study Design Topic Level of
y g P Evidence

[70] Heo]J, etal. 2022 Retrospective prognostic model study Prognostication B-NR

[110] Al F, etal. 2020 Narrative review Telemedicine optimization C-EO

[111] Mohamed A, et al. 2023 Systematic review and meta-analysis Telemedicine optimization C-EO

Table 3. Recovery-phase level of evidence [27].
Ref # Author Year Study design Topic Level of Evidence
Vélez-Guerrero MA, . . Assistive
[112] ot al. 2021 Narrative review robotics/exoskeletons C-EO
[113] Varkuti B, et al. 2012 Prospective interventional cohort Braln—comc}l)xiecre;nterfacmg B-NR
[114] Cervera MA, et al. 2018 Meta analysis of RCTs Bram-comg(;tiecl;;nterfacmg C-EO
[115] Bundy DT, et al. 2017 Prospective interventional cohort study Bram-comgsvtieczgnterfacmg B-NR
[116] Mrachacz-Kersting N, 2016 Prospective interventional cohort study Brain-computer interfacing B-NR
etal. devices

[117] Senadheera I, et al. 2024 Scoping review General C-EO
[118] Buetefisch CM 2015 Narrative review General C-EO
[119] Dobkin A 2024 Scoping review General C-EO
[120] Choo Y], et al. 2022 Narrative review General C-EO
[121] Sale P, et al. 2018 Prospective observational study General B-NR
[122] Kim S, et al. 2025 Multicenter RCT Tele-rehabilitation B-R
[123] Liscano Y, et al. 2025 Systematic review and meta-analysis Tele-rehabilitation B-R
[124] Kim W, et al. 2016 Prospective obs:trt\lzéi}t,lonal validation Wearable sensor technology B-NR
[125] Shull PB, et al. 2019 Prospective sensor validation study Wearable sensor technology B-NR

3.2. Summary of Al Use in Pre-Hospital Phase of Care

Al is increasingly applied to pre-hospital workflows to minimize delays in the recog-
nition and treatment of acute ischemic stroke [76-78]. It has the potential to enhance the
recognition of symptomatology by the patient as well as enhancing paramedic evaluation
and triage in facilitating transfer to thrombectomy centers [82,126]. Al tools currently
being evaluated in this phase of care can be broadly categorized into stroke recognition
tools, Emergency Medical Services (EMS) tools, and novel strategies, all of which are in
early stages of evaluation rather than commercially available [12]. Stroke recognition
tools include wearable devices like watches, fitness bands, and rings to assess motor and
gait characteristics, as well as smart tablets/devices and televisions that incorporate Al
recognition of facial and speech patterns to identify stroke symptomatology [83,90-92,127].
EMS tools currently being evaluated use Al for (1) speech pattern recognition to assist EMS
dispatchers, (2) optimizing ground and air ambulance routing for more efficient activation,
and (3) enhancement of personnel training and competency [80,81,84,86-89,128]. Novel
strategies of noninvasive and portable versions of EEGs, TCDs, or headsets that study elec-
trical impedance of brain tissue remain at early stages of study, while telemedicine-enabled
ambulances using Al-assisted recognition software demonstrate potential to overcome
the limitations of scalability of mobile stroke units [85,129-131]. While such tools demon-
strate feasibility and promise in their application, more research is required to achieve
commercial availability.

3.3. Summary of Al Use in the Acute Phase of Care

The acute phase of care, defined as the index hospitalization for a stroke event en-
compassing emergency, perioperative, and postoperative care through discharge, is the
most extensively represented phase in the current Al stroke literature [11,14-18,77,78].
The progress made in this domain has resulted in several commercial platforms currently
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available on national and global scales, having achieved 510 (k) or full Food and Drug
Administration clearance, as of this paper [132-138]. These Al applications largely apply
to advanced stroke imaging acquisition, automation, and interpretation, which can be
customized to healthcare systems depending on stroke program infrastructure. These
include LVO detection on computer tomography angiography, computer tomography per-
fusion mapping, magnetic resonance imaging diffuse weight imaging analysis, automated
intracranial hemorrhage detection and classification, and Alberta Stroke Program Early
CT Score automation [14-17,77-79,98-108]. Because these tools promote faster diagnosis
by Al interpretation and imaging cue prioritization, they have the potential to streamline
workflows and reduce both medical and surgical treatment delays [93-95,109]. They also
have potential to improve emergency department stroke workflows and help bridge gaps
in specialty coverage in systems lacking neurology or neuroradiology [14-18,77,78,95].
This phase of care derives the most benefit from Al-supported telemedicine platforms that
allow remote neurologists to triage patients by immediate imaging interpretation, inde-
pendent of radiology workflows, thereby reducing time to medical and revascularization
treatment [94-97,110,111]. These platforms now incorporate physician communication
capabilities which show promise in improving stroke alert activation time, tele-neurology
activation time, and neurointerventional consultation times [96]. Lastly, this phase of care
has the highest concentration of Al use for predictive analytics in stroke care [18]. These
analytic tools have been used to assess functional outcomes after stroke [28-32], reperfusion
therapy outcomes [33-35], stroke etiology and risk recurrence [36—43,62-66], extracranial
carotid artery risk factors [21,44-46], and comorbidity complication outcomes including
pneumonia and acute kidney injury [67-70].

3.4. Summary of Al Use in the Recovery Phase of Care

There has been rapid increase in the body of literature describing the use of Al for
stroke rehabilitation over the last 10 years, with most studies being small, single-center and
pilot feasibility studies using robotic integrated Al [117,119]. Motor applications include
wearable sensors, Al-integrated robotics and exoskeletons that provide adaptive services,
and Al virtual reality environments that can be customized to offer patient specific recovery
experiences [112,117,119,121,124,125]. Neurocognitive applications include Al-driven apps
with personalized adaptive algorithms and natural language processing-based analyses for
speech, cognitive, and executive function training [120,122,123]. These tools, in combination
with Al-enabled wearable technology that provides real-time feedback and predictive ana-
lytics, can help facilitate remote tele-rehabilitation services [112,117,119,121,124,125,139-141].
Brain—computer interfaces represent a growing area of investigation in stroke care, translating
electrical, magnetic, or metabolic brain activity into control signals for external devices capable
of replacing, restoring, or supplementing neurological function. Their use may serve as an
adjunct to both motor rehabilitation and assistance in stroke patients for acute and chronic neu-
rological deficits [113-116,118]. In the current literature, Al use in tele-rehabilitation and brain—
computer interfaces represent the strongest evidence for Al in stroke care across clinical phases,
with multiple small randomized controlled trials achieving Level B-R evidence [114,122,123].
While such tools demonstrate feasibility and early benefit in their application, more research
is required to demonstrate benefit and achieve commercial availability.

4. Discussion

In the paradigm of therapy for LVOs, healthcare delivery required realignment to
rapidly identify stroke, followed by vessel recanalization using systemic and intra-arterial
therapies [3-8]. Al represents another realignment in healthcare delivery, offering accel-
erated diagnosis, predictive analytics, and treatment. These are synergistic with goals
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of time-dependent stroke workflows. By structuring the literature according to phases
of stroke care, our review provides a more holistic understanding of Al’s application in
clinical practice.

Existing reviews of Al in stroke care are narrowly focused, most often addressing
Al-assisted LVO detection or workflow augmentation to expedite revascularization, with
limited attention beyond the acute phase of stroke management [11,14-18,142]. This is
demonstrated by the larger body of evidence in the acute phase (Table 2), compared to the
pre-hospital (Table 1) or recovery phases (Table 3). Stroke care is a spectrum that encom-
passes a continuous, coordinated process beginning with primary prevention through risk
factor modification and public education, extending through long-term recovery and, when
appropriate, palliative care. Once stroke occurs, rapid pre-hospital recognition and triage
are critical to ensure timely transport to stroke centers capable of providing diagnostic and
revascularization therapies. The remaining acute care then becomes dedicated to etiologic
evaluation, prevention of early complications, and initiation of secondary prevention strate-
gies using antithrombic therapy for cardiovascular risk factor optimization. Rehabilitation
then becomes an integral component of care, transitioning from the acute to recovery
phase, emphasizing functional recovery through multidisciplinary therapy in addressing
intermediate and long-term needs. Organizing the literature by these phases, as illustrated
in Figure 1, offers a clearer, more clinically relevant view of current Al applications in
stroke care.

Current Uses of Al in Phases of Stroke Care

‘ \ )
Pre-Hospital h Recovery
Acute Phase
Phase Phase
J J /
r - a —
| | Stroke Recognition | | Advanced Imaging || Wearable Sensor
Tools for Patient Interpretation Technology
\ J \ J \ /
'S ™) 'S ™ — 3
Stroke Recognition || Workflow - Brain Computer
Tools for EMS Optimization Interfacing Devices
\ J \ J \
- -~ - -~ —
|| EMS Routing | | Prognostic/Predictive L Assistive
Optimization Analytics Robotics/Exoskeletons
\ J J J
P “ —eeeee
— EMS Training — Telemedicine L—  Tele-Rehabilitation
\ J \ J/

Figure 1. Current state of Al applications in phases of stroke care. Arrows indicate progression of
clinical care through the stroke continuum.

The acute phase of care is the most represented in the current body of literature,
with a concentration in imaging detection and interpretation, telemedicine and workflow
augmentation, and predictive analytics. Despite consisting of non-randomized, Level B
evidence (Level B-NR), to our knowledge, this is the only phase of care that has reached
commercial application and scalability. However, the pre-hospital and recovery phases of
care remain as important as the acute phase at the patient-level and should offer similar
potential for research, innovation, and industry-sponsored collaboration. This is supported
by several prospective RCTs that provide the strongest evidence to date for Al in the
recovery phase of care, specifically evaluating its use in tele-rehabilitation [122,123] and
brain—computer interfaces (Level B-R) [114].
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Despite its immense potential, substantial challenges with Al integration in stroke
care remain. Commercial availability of Al-enabled stroke tools in the acute phase of
care and widespread clinical adoption should not be interpreted as evidence of proven
patient-level benefit. Several platforms have achieved regulatory approval and become
integrated into clinical workflows; however, randomized controlled trials and Level A
evidence demonstrating improvement in functional outcomes or mortality remain lacking
and no governing society has incorporated Al into stroke guideline statements to date [143].
Accordingly, the current evidence primarily supports operational and workflow efficiencies
rather than definitive clinical efficacy. These are dependent on phase of care, local infras-
tructure, and institutional resources, thereby limiting broad standardization. Variability in
data quality, imaging protocols, and industry vendors can affect algorithm performance
and generalizability, particularly when tools are deployed outside of the environment
in which they were developed. This compounds concern regarding algorithm bias and
transparency [11,15,17,19]. There also remain ethical and regulatory questions about data
equity, ownership, and protection, which, in summation, hinders trust among end users
and results in hesitancy of clinician adoption [11,15,17,19]. Lastly, while Al's use can narrow
a geographic divide, care must be taken to prevent the widening of socioeconomic dispar-
ities in infrastructure involving availability of broadband or cloud computing resources,
availability of neurology, neuroradiology or neurointerventional specialties, availability of
telemedicine resources, availably of on-site information technology resources, and avail-
ability of electronic health record resources [10,144]. These components require significant
capital expenditure without dedicated reimbursement, thereby contributing to delay in
adoption by smaller or rural healthcare systems [10,144].

5. Limitations of This Review

This is a narrative synthesis rather than a full systematic review with defined search
strings and independent double screening. While this was chosen to accommodate a
broad scope of literature that spanned disciplines, topics, and outcomes, it can increase
susceptibility to selection bias and incomplete coverage of relevant studies. The absence of
formal risk-of-bias assessments, and reproducible methodology for the literature search,
study selection, and data extraction limits the ability to critically appraise the quality of
included studies, which is particularly important in Al research where heterogeneity in
datasets, algorithms, and validation methods can be common. These limitations reduce
transparency and make it difficult to draw robust conclusions about clinical effectiveness or
generalizability. While narrative reviews are valuable for providing conceptual overviews
and identifying emerging themes in a rapidly evolving field such as Al in stroke, they
offer weaker evidentiary support than systematic reviews when informing clinical practice
or policy decisions. Lastly, given the field’s rapidly evolving nature, driven in part by
industry-sponsored collaboration, new high-quality trials, registries, and proprietary data
continue to emerge, thereby creating an expiration date on a review discussing current state.

6. Conclusions

Spanning early symptom recognition by patients and EMS, rapid identification and
treatment of large vessel occlusions, and Al-supported tele-rehabilitation and robotics, Al
is positioned to impact all phases of stroke care. While key challenges remain regarding
transparency, generalizability, and external validation, Al will continue to play an important
role in healthcare realignment.

Author Contributions: Conceptualization: G.C.S. Methodology: G.C.S. Formal Analysis: G.C.S.,
N.M.C. and M.H.N. Data Curation: G.C.S., ].P.S., J.L.H., ].C.K. and D.E.K. Figures: G.C.S. and ]J.L.H.

https:/ /doi.org/10.3390 /brainscil6020173


https://doi.org/10.3390/brainsci16020173

Brain Sci. 2026, 16, 173 9of 16

Writing—First/Final Draft: G.C.S. Writing—Review /Editing: G.C.S.,, N.M.C,, ].PS,,J.L.H.,, D.EK,,
J.C.K. and M.H.N. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: As described in the Methodology Section, ethical review and
approval were waived for this study due to the secondary nature of literature reviews evaluating
publicly accessed articles without patient identifiers.

Informed Consent Statement: Not applicable.
Data Availability Statement: No new data were created or analyzed in this study.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

Al Artificial Intelligence

RCTs Randomized Controlled Trials
LVO  Large Vessel Occlusion

EMS  Emergency Medical Services
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