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Introduction

Following a stroke, spatial neglect (SN) typically presents 
as a severe neurocognitive impairment characterized by an 
inability to attend to or interact with stimuli in the space 
contralateral to the cerebral injury.1 It affects approximately 
30% to 38% of people with acute stroke, while its chronic 
phase prevalence remains uncertain due to inconsistent evi-
dence.2,3 SN is a clinically heterogeneous condition encom-
passing multiple overlapping behavioral subtypes, including 
peripersonal, extrapersonal, allocentric, motor, representa-
tional, and personal neglect. These may occur individually 
or in combination within the same individual.4 Nevertheless, 

neuropsychological and neuroimaging evidence support the 
presence of a homogeneous core deficit underlying these 
manifestations. This is characterized by a systematic bias of 
attention toward the ipsilesional side and reduced process-
ing of contralesional stimuli.5,6 The functional expression of 
this core deficit varies substantially across individuals, time 
course, and arousal levels,7 resulting in diverse and often 
persistent impairments that significantly impede functional 
recovery, prolong hospitalization, and reduce the likelihood 
of achieving independent living after discharge.8

Accurate identification of SN through behavioral signs 
is essential for clinical decision making and rehabilitation 
planning. However, no gold standard assessment method 
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exists in clinical practice.9-11 Current validated approaches 
include paper-and-pencil, behavioral, and comprehensive 
batteries.9 Paper-and-pencil tests (eg, line bisection, cancel-
lation, and figure copying) are widely used for their sim-
plicity and low cost.12 Nevertheless, they show poor 
sensitivity to mild or subtype-specific neglect and are 
affected by ceiling effects.12 Behavioral tests, such as the 
Kessler Foundation Neglect Assessment Process, involve 
structured observation of daily activities (eg, dressing, eat-
ing, and navigation) to improve diagnostic accuracy.12,13 
However, the time-consuming nature and the requirement 
for professional training limit their clinical feasibility.13 The 
Behavioral Inattention Test (BIT),14 recommended by inter-
national guidelines,15 integrates paper-and-pencil subtests 
with simulated daily tasks (eg, menu reading and telephone 
dialing) to balance diagnostic accuracy and clinical feasibil-
ity. Despite this integrative design, it remains insensitive to 
specific neglect subtypes, and its simulated tasks may not 
adequately reflect real-world performance.

Compared with assessment methods, SN rehabilitation 
methods remain less standardized.10 Methods show consid-
erable variability in intervention types, treatment frequency, 
follow-up duration, and outcome measures.16,17 Non-
invasive rehabilitation approaches typically include visual 
scanning training,18 prism adaptation,19 visuomotor feed-
back training,20 and mirror therapy.21 Although these inter-
ventions often yield short-term improvements, Longley 
et al22 reported that the certainty of evidence remains low, 
and translation to real-world functional recovery is limited. 
Moreover, these approaches require therapist supervision, 
and their repetitive and monotonous nature may reduce 
engagement and adherence in people with SN.23,24

With advances in technology, augmented reality (AR) 
and artificial intelligence (AI) offer potential opportunities 
for developing more automated, ecologically valid, and 
engaging SN assessment and rehabilitation methods. AR 
overlays virtual objects onto the real world in real time, 
enabling safe, controlled, and repeatable rehabilitation 
within real physical environments.25 Mixed reality (MR) 
extends this concept by spatially anchoring virtual content 

and managing depth and occlusion through scene-aware 
behaviors, providing a more immersive and interactive 
experience.26 As AR and MR are often used interchange-
ably in practice, this review collectively refers to them as 
AR. Existing reviews have reported positive effects of AR 
interventions on upper and lower limb recovery after stroke, 
suggesting that AR interventions may facilitate better trans-
fer of training to daily activities.27,28

AI, particularly machine learning (ML) and deep learn-
ing (DL), can analyze complex behavioral and neurophysi-
ological data to support more accurate assessment and 
personalized rehabilitation,29 thereby supporting clinicians 
in decision-making and potentially reducing manual work-
load. Recent reviews have emphasized its potential in acute 
and post-stroke rehabilitation.30,31 Moreover, a review has 
shown that integrating AI with virtual reality (VR)/AR 
technologies can further improve the adaptability and effi-
cacy of remote rehabilitation.32

To our knowledge, no systematic review has evaluated 
AR, AI, or their integration in the assessment or rehabilita-
tion of SN. Given the persistent challenges in SN assess-
ment or rehabilitation, synthesizing existing AR and AI 
studies can help clarify their applicability and provide cli-
nicians with more personalized, automated, and ecologi-
cally valid alternatives or complementary tools. Therefore, 
this review aims to synthesize current evidence on how 
AR and AI technologies have been applied to SN, evaluat-
ing their feasibility, effectiveness, degree of personaliza-
tion, and ecological validity. In addition, we identify 
methodological limitations and outline future directions 
for integrating AR and AI to advance SN assessment and 
rehabilitation.

Methods

Protocol and Registration

The systematic review was performed in accordance with 
the Preferred Reporting Items for Systematic Reviews and 
Meta-Analysis (PRISMA) 2020 guidelines.33 The study 
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was registered with the International Prospective Registry 
of Systematic Reviews: CRD420251115777.

Data Sources and Search Strategy

To identify AR and AI studies in the assessment and reha-
bilitation of SN, we searched the following scientific data-
bases: PubMed, Scopus, CINAHL, Web of Science, Embase, 
IEEE Xplore, and the ACM Digital Library. The search was 
on 12 August 2025. We used both controlled vocabulary (eg, 
Medical Subject Headings (MeSH)  and terms) and free-text 
keywords, structured around 3 core concepts: (1) SN, (2) 
technology-based interventions, and (3) clinical relevance. 
Boolean operators (AND/OR) and truncation symbols were 
used to enhance search comprehensiveness. The full search 
strings used for each database are provided in the 
Supplemental Appendix 1.

Titles, abstracts, and full texts were independently 
screened by 2 reviewers (SL) and (GMK) to identify AR 
and/or AI studies in SN assessment or rehabilitation. Any 
discrepancies were resolved through discussion or, when 
necessary, by consultation with a third reviewer (AW). We 
also tracked citations and searched relevant conference pro-
ceedings to ensure comprehensive coverage.

Eligibility Criteria

We applied the Participants, Interventions, Comparisons, 
Outcomes, and Study designs framework to formulate the 
inclusion and exclusion criteria.

Participants.  We included studies with adults clinically 
diagnosed with SN after stroke, regardless of chronicity or 
lesion severity. Studies comparing adults with SN with 
healthy controls were also eligible, while those involving 
only healthy participants or people with stroke without SN 
were excluded.

Interventions.  We included studies that employed AR tech-
nologies, comprising AR-capable hardware (eg, head-
mounted displays or handheld devices) and associated 
software applications, as part of the intervention or assess-
ment design. Studies that employed AI technologies (eg, 
ML, DL, large language models, or neural networks) in the 
assessment or rehabilitation process design were also 
included, regardless of the hardware platform used. We 
excluded studies that did not incorporate either AR or AI 
technologies in the SN assessment or rehabilitation process, 
such as those only involving VR, robotic devices, or other 
unrelated digital interventions.

Comparisons.  We included studies comparing AR and/or AI 
assessments with conventional paper-and-pencil and/or behav-
ioral tests, and those evaluating pre–post outcomes 

or comparing AR and/or AI rehabilitation with standard thera-
pist-led interventions (eg, visual scanning training, limb acti-
vation, prism adaptation, and task-specific exercises).

Outcomes.  For assessment studies, outcomes included diag-
nostic performance (sensitivity, specificity, and AUC) com-
pared with conventional methods. For rehabilitation studies, 
the primary outcome was the change in SN severity from 
baseline to post-intervention (and follow-up, if available), 
measured by clinically validated scales, neurophysiological 
outcomes, or standard paper-and-pencil tests. Additional 
outcomes included changes in functional performance (eg, 
Barthel Index and Functional Independence Measure) and 
usability or acceptability measures (eg, System Usability 
Scale, Simulator Sickness Questionnaire, task completion 
rate, and adverse events).

We also evaluated the degree of personalization and eco-
logical validity in AR and/or AI assessment and rehabilitation 
methods. As no standardized metric exists for personaliza-
tion, we applied the taxonomy of Figueiredo et al34 to classify 
studies across 5 dimensions: rule-based systems, biofeed-
back, behavioral tracking, context-awareness, and intelligent 
monitoring. Based on this framework, personalization was 
categorized as low (behavioral monitoring or rule-based 
adjustments), moderate (multiple adaptive components such 
as behavioral tracking with biofeedback or context-aware-
ness), or high (intelligent monitoring, eg, individualized 
modeling or adaptive decision-making). Ecological validity, 
defined as the extent to which experimental paradigms reflect 
real-world performance contexts, was assessed using the 
Ecological Validity Assessment Tool.35 This tool evaluates 
how closely assessment and rehabilitation approaches align 
with real-world conditions across the environment, stimulus, 
response, body, and mind dimensions.35

Study Designs.  We included both randomized controlled tri-
als (RCTs) and non-RCT (non-RCTs) published on or after 
1 January 2000 to capture studies conducted during the 
development of modern AR and AI systems.

Data Extraction

Two reviewers (SL and GMK) performed data extraction 
independently. Any disagreements were settled by discus-
sion or, where required, decided by a third reviewer (AW). 
Extracted items included: bibliographic and study design 
information (title, authors, year, country, study design, and 
objectives); sample and stroke characteristics (sample size, 
controls if applicable, age, sex, recruitment/representative-
ness, time since stroke/stroke phase, lesion laterality, and 
anatomical site, baseline severity such as National Institutes 
of Health Stroke Scale [NIHSS]/modified Rankin Scale 
[mRS]); the tests and reference standards used to classify 
SN and their thresholds (and how diagnostic accuracy was 
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defined, eg, sensitivity/specificity/AUC); intervention 
details (design, dose, and comparator content), outcomes 
and assessment timepoints (baseline, immediate post-inter-
vention, and follow-up); AR/AI technical details and vali-
dation strategies (device/platform, data modalities, model 
type, and cross-validation/external validation); usability/
implementation metrics (setup/training time, assessment 
duration, System Usability Scale [SUS], Simulator Sickness 
Questionnaire [SSQ], or other user experience [UX] mea-
sures, adverse events); personalization-related features (eg, 
rule-based systems, biofeedback, behavioral tracking, con-
text-awareness, and intelligent monitoring) and ecological 
validity dimensions (environment, stimulus, response, 
body, and mind); and the main findings and conclusions.

Risk of Bias (RoB) Assessment and Certainty of 
Evidence

The RoB of the included studies was assessed using design-
specific tools appropriate to each study type. RCTs were 
evaluated using the Cochrane RoB-2) tool,36 while non-
randomized intervention studies were assessed using the 
RoB in Non-randomized Studies of Interventions tool.7 
Single-case experimental designs were appraised using the 
Single Case Design RoB tool.37 Diagnostic studies were 
evaluated using the Quality Assessment of Diagnostic 
Accuracy Studies-2 (QUADAS-2) framework.38 RoB judg-
ments were assigned according to the guidance of each 
respective tool.

The certainty of evidence across key outcome domains 
was evaluated using a narrative adaptation of the Grading 
of Recommendations Assessment, Development and 
Evaluation (GRADE) framework.39 Certainty ratings 
started as high for RCTs and low for non-RCTs, with 
upgrading permitted only in exceptional cases. Certainty 
was rated down across the 5 GRADE domains (RoB, 
inconsistency, indirectness, imprecision, and publication 
bias). Because of heterogeneity and limited quantitative 
data, a narrative synthesis was conducted, providing a sin-
gle outcome-level certainty rating per outcome (high, mod-
erate, low, or very low) with explicit reasons for each 
downgrade or upgrade. Two reviewers (SL and GMK) 
independently assessed study quality and RoB, resolving 
disagreements through consensus or, when necessary, adju-
dication by a third reviewer (AW).

Data Synthesis

Due to the substantial heterogeneity in the study designs, 
AR devices, AI algorithms, outcome measures, and report-
ing formats of the included studies, a quantitative meta-
analysis was not feasible. Instead, we conducted a 

structured narrative synthesis following the PRISMA 
2020 guidelines.33

Results

Search Process

The initial search identified 268 articles. After removing 96 
duplicates and excluding 140 records based on title and 
abstract screening, 32 articles were retrieved for full-text 
review. In total, 15 studies met the inclusion criteria.40-54 
Among the included studies, 11 studies focused on SN 
assessment, including 8 AI studies,47-54 1 AR study,46 and 2 
studies integrating both AR and AI technologies.40,42 The 
remaining 4 studies are all AR SN rehabilitation studies.41,43-45 
The PRISMA 2020 flow diagram is presented in Figure 1.

Characteristics of Included Studies and 
Participants

Between 2020 and 2024, 15 studies were conducted in 
Germany (n = 5), the United States (n = 3), 1 each from the 
United Kingdom, Belgium, Italy, Switzerland/France (col-
laboration), the Republic of Korea, Japan, and the 
Netherlands. Eight studies adopted cross-sectional diagnos-
tic or case–control designs,47-54 while 5 were feasibility or 
pilot investigations, including a single-case design and a 
design-oriented pilot study.40-43,45 The remaining 2 studies 
comprised 1 RCT44 and 1 cross-sectional diagnostic accu-
racy study.46

As summarized in Table 1, the included AR studies 
involved 67 participants with SN, 6 stroke participants 
without SN, and 45 healthy controls, and the AI studies 
included 149 participants with SN, 234 stroke participants 
without SN, and 66 healthy controls. Across both groups, 
the mean age of participants with SN typically ranged from 
the late 50s to early 60s (overall mean ≈ 61 years), with a 
male predominance (approximately 65%-70%). Most peo-
ple with SN were in the subacute phase (7 days-3 months 
after stroke), whereas non-neglect stroke controls were pre-
dominantly chronic (>6 months). Right-hemisphere lesions 
were most frequent among participants with SN, and both 
ischemic and hemorrhagic strokes were represented, 
although etiology and lesion lateralization were inconsis-
tently reported. Detailed lesion mapping was rare, except in 
the studies by Stammler et al.43,44,46

Sampling was predominantly convenience-based from sin-
gle-center rehabilitation facilities or institutional databases, 
with consecutive recruitment reported only in a minority of 
studies.44,53 Diagnostic criteria for SN varied widely across 
studies, including the Behavioral Inattention Test–Conventional 
(BIT-C) in AR-based EEG-guided neglect detection system 
(AREEN) and electroencephalography (EEG) studies,40,42,50 
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tablet-based cutoffs for center-of-cancellation or egocentric 
weighting bias,43,44,46 the Catherine Bergego Scale (CBS) or 
prior neuropsychological tests,45,51 and composite paper-and-
pencil batteries such as line bisection, star cancellation, and 
visual scanning tasks.48,52-54 Stroke severity measures (eg, 
NIHSS and mRS) were reported only in Stammler’s RCT.44

Assessment Applications

AR Assessment Applications.  As shown in Table 2, the Free 
Exploration Test (FET) developed by Stammler et al46 on a 

tablet-based AR platform (iPad) was the only AR assess-
ment application identified. Participants freely explored a 
visual environment without explicit cues in this task, and 
their exploration trajectories were quantified. With an aver-
age testing time of approximately 3 minutes, the mean hori-
zontal exploration-bias angle effectively discriminated 
participants with SN from controls, demonstrating strong 
diagnostic validity (AUC = 0.89; sensitivity = 0.85; and 
specificity = 1.00). The FET also showed moderate correla-
tions with conventional paper-and-pencil tests (Letter Can-
cellation: r = .56; Bells Test: r = .49).

Figure 1.  Preferred Reporting Items for Systematic Reviews and Meta-Analyses 2020 flow diagram.
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AI Assessment Applications.  Tables 2 and 3 show that all AI 
studies aimed to detect or quantify SN across diverse AI 
models and hardware platforms. The applied models 
included linear/logistic regression,47 support vector 
machines (SVMs),51-54 tree-based ensembles (eg, Random 
Forest and Classification and Regression Tree),49,54 EEG-
specific convolutional neural networks (EEGNet),50 and 
probabilistic Gaussian processes with active learning.48 
Data sources ranged from digital pen-tablet or touchscreen 
tasks,47,53 EEG,50 and immersive VR environments,48,51,54 to 
eye-tracking,54 and clinical-record pipelines.49 Only Liang 
et  al47 reported the assessment duration under 3 minutes, 
while no studies described the setup time.

Performance across classification tasks was generally 
strong. EEG-based models achieved high performance in 
classifying SN from non-SN EEG signals, with an accuracy 
of around 89.7% and a sensitivity of 87%, indicating infor-
mative contributions from parietal and frontal electrodes.52 
Tablet-based and digital task models demonstrated strong 
correspondence with standard paper tests, yielding 88% to 
98% balanced accuracy within <10-minute assess-
ments.47,53 VR and eye-tracking–based systems achieved 
AUCs exceeding 0.80 and accuracies >83%,48,51,52,54 show-
ing good alignment with clinical measures and reliable 
short-term retest performance. Clinical and multimodal 
data models reached the highest AUC (0.95) and specificity 
(1.00) using Random Forests and Gradient Boosting on 
conventional clinical scores.49 Validation across studies 
relied mainly on internal cross-validation; only 1 study 

reported a test–retest reliability, and no external or prospec-
tive validations were reported.48

AI and AR Assessment Applications.  Mak et  al40 introduced 
AREEN, an AR paradigm using a head-mounted display 
(HoloLens) and the Starry Night visual search task. The 
system integrated behavioral clicker responses and EEG 
recordings, which were analyzed using regularized discrim-
inant analysis and kernel density estimation to classify 
neglect (AUC = 0.83) and predict response speed 
(AUC = 0.76). Importantly, AREEN generated individual-
ized neglect-field heatmaps that correlated strongly with 
conventional paper-based measures (BIT-C, r = .81). Build-
ing on this framework, Kocanaogullari et al42 implemented 
subject-specific fine-tuning of convolutional neural net-
works (EEGNet), substantially improving per-subject clas-
sification accuracy (eg, <20% → >80%) within minutes of 
calibration, as shown in Table 2 and 3. However, neither 
study reported the duration of task setup or testing.

Rehabilitation Applications

Four AR rehabilitation studies were identified, as shown in 
Table 2. Stammler et al43 evaluated the Negami tablet-based 
AR app. In a feasibility study, participants with SN were 
trained by holding an iPad in one hand and turning their head 
and trunk to search for a virtual bird in a physical environment. 
Training lasted 2 weeks (5 sessions per week, ~25 minutes/ses-
sion). High usability (SUS >80) with minimal cybersickness 

Table 2.  Characteristics and Key Findings of the Included AR Rehabilitation and Assessment Studies.

Study Device/platform Task paradigm Feedback modality
Duration/
frequency Key outcomes

Mak et al40 HoloLens 
1 + EEG + MATLAB

AR “Starry Night” 
search with clicker

None (assessment) Two sessions AUC ≈ 0.83; r = .81 with 
BIT-C; neglect map 
visualized.

Takazawa 
et al41

HoloLens 2 + Unity Object search with 
walking

Audio chime + visual 
ball + feedback

20 min 
daily × 2 weeks

CBS improved (12→6); gaze-
left ↑ from 40 to 75%.

Kocanaogullari 
et al42

HoloLens 1 + EEG 
(16 ch)

AR “Starry Night” 
visual search with 
EEG classification

None (assessment) Single session 
(~1-2 min fine-
tuning)

Accuracy improved from 
18.7% to 81.6%; no AEs.

Stammler 
et al43

iPad Pro + ARKit “Follow bird” and 
“Find bird” tasks

Visual + auditory cues 20-25 min × 5/
wk × 2 wks

High usability (SUS 4.3/5); 
no AEs.

Stammler 
et al44

iPad Pro + Negami 
app

AR bird tasks vs. visual 
scanning training

Adaptive 
visual + auditory 
cues

25 min × 5/
wk × 2 wks

Negami > standard on 3/5 
tests; effects sustained at 
1-2 mo.

Bakker et al45 HoloLens 1 Virtual museum 
search task

Audio prompts from 
neglected side

Single session Improved scanning and 
mobility; qualitative 
feedback.

Stammler 
et al46

iPad Pro + ARKit Free exploration test None (assessment) Single 3 min 
session

AUC 0.89; sensitivity 0.85; 
specificity 1.00; no AEs.

Abbreviations: BIT-C: behavioral inattention test–conventional; VST: visual scanning training; AUC: area under the receiver operating characteristic 
curve; SUS: System Usability Scale; SSQ: Simulator Sickness Questionnaire; AEs: adverse events; NS: not significant.



8	

T
ab

le
 3

. 
C

ha
ra

ct
er

is
tic

s 
an

d 
K

ey
 F

in
di

ng
s 

of
 t

he
 In

cl
ud

ed
 A

I A
ss

es
sm

en
t 

St
ud

ie
s.

St
ud

y
M

od
el

/t
ec

hn
ol

og
y

In
pu

t 
fe

at
ur

es
V

al
id

at
io

n
H

ar
dw

ar
e/

pl
at

fo
rm

K
ey

 o
ut

co
m

es

M
ak

 e
t 

al
40

A
R

–E
EG

; L
og

is
tic

 
R

eg
re

ss
io

n,
 

R
D

A
–K

D
E

EE
G

 b
an

dp
ow

er
 a

nd
 

C
SP

 fe
at

ur
es

10
-f

ol
d 

C
V

; 1
0 

pt
s ×

 2
 

se
ss

io
ns

H
ol

oL
en

s +
 1

6-
ch

 
EE

G
SN

 d
et

ec
tio

n 
A

U
C

 =
 0

.8
3;

 E
EG

 in
di

ce
s 

co
rr

el
at

ed
 w

ith
 B

IT
-C

 (
r =

 .8
1)

.

K
oc

an
ao

gu
lla

ri
 e

t 
al

41
EE

G
N

et
 C

N
N

 
(f

in
e-

tu
ne

d 
pe

r 
su

bj
ec

t)

70
0 

m
s 

EE
G

 e
po

ch
s 

(1
4 

ch
, 2

-6
0 

H
z)

Su
bj

ec
t-

w
is

e 
tr

an
sf

er
A

R
EE

N
 A

R
 

ta
sk

 +
 E

EG
A

cc
ur

ac
y 
↑ 

fr
om

 6
%

 t
o 

64
%
→

65
%

 t
o 

99
%

 a
ft

er
 fi

ne
-t

un
in

g 
(<

2 
m

in
).

Li
an

g 
et

 a
l47

Ba
ye

si
an

 li
ne

ar
 

re
gr

es
si

on
Pe

n-
ta

bl
et

 k
in

em
at

ic
s 

(c
an

ce
lla

tio
n 

an
d 

dr
aw

in
g)

T
ra

in
/t

es
t 

sp
lit

 
(3

3 
+

 1
10
→

19
 +

 2
7)

W
A

C
O

M
 t

ab
le

t
A

cc
ur

ac
y ≈

 9
2.

5%
; 

as
se

ss
m

en
t <

 1
0 

m
in

; s
tr

on
g 

ag
re

em
en

t 
w

ith
 B

IT
.

D
e 

Bo
i e

t 
al

48
G

au
ss

ia
n 

Pr
oc

es
s 

R
eg

re
ss

io
n

Ey
e/

he
ad

 a
ng

le
s,

 s
pa

tia
l 

as
ym

m
et

ry
 m

et
ri

cs
In

de
pe

nd
en

t 
gr

ou
ps

; 
te

st
–r

et
es

t
Pi

co
 N

eo
 2

 E
ye

 V
R

A
U

C
 >

 0
.8

0;
 r

el
ia

bl
e 

re
te

st
; V

R
 m

or
e 

se
ns

iti
ve

 t
ha

n 
pa

pe
r-

ba
se

d 
te

st
s.

D
on

is
i e

t 
al

49
R

F,
 G

B,
 A

da
Bo

os
t 

(c
lin

ic
al

 d
at

a)
M

oC
A

, F
IM

, B
I, 

le
si

on
 

si
te

10
-f

ol
d 

C
V

 (
N

 =
 3

5)
K

N
IM

E 
so

ft
w

ar
e

R
F:

 A
cc

 =
 0

.9
2,

 S
en

s =
 0

.8
3,

 S
pe

c =
 1

.0
0;

 
le

si
on

 s
ite

 m
os

t 
pr

ed
ic

tiv
e.

K
oc

an
ao

gu
lla

ri
 e

t 
al

50
EE

G
N

et
 C

N
N

70
0 

m
s 

EE
G

 (
16

 c
h,

 
2-

62
 H

z)
10

-f
ol

d 
C

V
A

R
EE

N
 s

cr
ee

n 
ta

sk
A

cc
 ≈

 8
9.

7%
; S

en
s ≈

 8
7%

; k
ey

 s
ite

s 
C

z,
 

P1
, F

3 
in

fo
rm

at
iv

e.
K

im
 e

t 
al

51
SV

M
 o

n 
V

R
 F

O
PR

 
ta

sk
Fi

xe
d/

fr
ee

-h
ea

d 
R

T
 a

nd
 

ac
cu

ra
cy

5-
fo

ld
 C

V
 (

su
bj

ec
t-

w
is

e)
O

cu
lu

s 
R

ift
 D

K
1 

V
R

A
cc

 ≥
 8

3%
; s

tr
on

g 
ag

re
em

en
t 

w
ith

 
LB

T
, S

C
T

, C
BS

.
Fr

an
ce

sc
hi

el
lo

 e
t 

al
52

1D
/2

D
 C

N
N

, 
SV

M
, R

F 
(A

I g
az

e 
m

od
el

s)

Ey
e-

tr
ac

ki
ng

 
tr

aj
ec

to
ri

es
 (

30
0 

H
z)

5-
fo

ld
 C

V
; 1

0 
re

ps
T

ob
ii 

T
X

30
0 

ey
e-

tr
ac

ke
r

A
U

C
 ≈

 0
.8

5;
 A

cc
 ≈

 8
6%

-8
9%

; 
co

rr
el

at
ed

 w
ith

 S
LF

3 
FA

 a
nd

 s
ev

er
ity

.

R
os

en
zo

pf
 e

t 
al

53
SV

M
 (

lin
ea

r/
R

BF
)

D
ig

ita
l c

an
ce

lla
tio

n 
fe

at
ur

es
Le

av
e-

O
ne

-S
ub

je
ct

-
O

ut
 C

V
27
″ to

uc
hs

cr
ee

n 
+

 st
yl

us
Ba

la
nc

ed
 A

cc
 =

 8
8%

-9
8%

; r
ob

us
t 

ac
ro

ss
 

sc
re

en
 s

iz
es

.
Be

lg
er

 e
t 

al
54

R
F 
+

 C
A

R
T

11
3 

V
R

 b
eh

av
io

ra
l a

nd
 

m
ov

em
en

t 
fe

at
ur

es
10

 ×
 1

0-
fo

ld
 C

V
H

T
C

 V
iv

e 
Pr

o 
Ey

e
A

cc
 =

 7
7%

 (
3-

cl
as

s)
; h

ea
d-

m
ov

em
en

t 
an

d 
tim

in
g 

m
os

t 
pr

ed
ic

tiv
e.

A
bb

re
vi

at
io

ns
: V

SN
: v

is
uo

sp
at

ia
l n

eg
le

ct
; U

SN
: u

ni
la

te
ra

l s
pa

tia
l n

eg
le

ct
; B

H
T

: B
ak

in
g 

T
ra

y 
T

as
k;

 B
I: 

Ba
rt

he
l I

nd
ex

; R
T

: r
ea

ct
io

n 
tim

e;
 S

en
s:

 s
en

si
tiv

ity
; S

pe
c:

 s
pe

ci
fic

ity
; A

ER
: a

ve
ra

ge
 e

rr
or

 r
at

e;
 R

O
C

: 
re

ce
iv

er
 o

pe
ra

tin
g 

ch
ar

ac
te

ri
st

ic
; C

V
: c

ro
ss

-v
al

id
at

io
n;

 L
O

SO
: l

ea
ve

-o
ne

-s
ub

je
ct

-o
ut

; C
A

R
T

: C
la

ss
ifi

ca
tio

n 
an

d 
R

eg
re

ss
io

n 
T

re
e;

 R
F:

 r
an

do
m

 fo
re

st
; R

ot
F:

 r
ot

at
io

n 
fo

re
st

; G
B:

 g
ra

di
en

t 
bo

os
tin

g;
 

D
T

: d
ec

is
io

n 
tr

ee
; N

B:
 n

aï
ve

 B
ay

es
; L

D
A

/Q
D

A
: l

in
ea

r/
qu

ad
ra

tic
 d

is
cr

im
in

an
t 

an
al

ys
is

; R
D

A
: r

eg
ul

ar
iz

ed
 d

is
cr

im
in

an
t 

an
al

ys
is

; K
D

E:
 k

er
ne

l d
en

si
ty

 e
st

im
at

io
n;

 M
LP

: m
ul

til
ay

er
 p

er
ce

pt
ro

n;
 S

V
M

: 
su

pp
or

t 
ve

ct
or

 m
ac

hi
ne

; C
N

N
: c

on
vo

lu
tio

na
l n

eu
ra

l n
et

w
or

k;
 C

SP
: c

om
m

on
 s

pa
tia

l p
at

te
rn

; S
M

O
T

E:
 s

yn
th

et
ic

 m
in

or
ity

 o
ve

rs
am

pl
in

g 
te

ch
ni

qu
e;

 S
LF

3 
FA

: s
up

er
io

r 
lo

ng
itu

di
na

l f
as

ci
cu

lu
s 

III
 fr

ac
tio

na
l 

an
is

ot
ro

py
; E

EG
N

et
: E

EG
-s

pe
ci

fic
 c

on
vo

lu
tio

na
l n

eu
ra

l n
et

w
or

ks
; F

IM
: F

un
ct

io
na

l I
nd

ep
en

de
nc

e 
M

ea
su

re
.



Li et al	 9

was reported. In a subsequent RCT,44 20 participants with SN 
were randomized to either Negami training or standard visual 
scanning therapy with comparable dosage (~25 min, 5 times 
weekly for 2 weeks). Both groups were matched at baseline. 
Within group analyses showed that Negami training led to sig-
nificant improvements on 4 of 5 neglect tests (Letter 
Cancellation, Bells, Copying, Exploration; all P < .01), 
whereas the control group improved only on the Copying Task 
(P < .05). Between group post-intervention comparisons 
showed significantly greater improvements in the Negami 
group on 3 measures (Bells, Copying, and Exploration), with 
benefits maintained at 1- to 2-month follow-up. Takazawa 
et al41 developed a HoloLens 2 system simulating daily object-
search tasks with real-time auditory and visual cues for missed 
targets. A single participant with SN showed clinical improve-
ment (CBS 12 → 6; gaze-left ratio 40.1% → 74.9%) following 
20-minute daily sessions over 2 weeks. Bakker et al45 created a 
HoloLens 1 serious game in a virtual museum, combining 
enhanced visual contrast and same-side auditory prompts to 
encourage contralesional scanning. Although users and thera-
pists reported high engagement, no standardized outcome 
measures of neglect severity were provided.

Ecological Validity and Personalization

As shown in Table 1, 60% of studies fell within the low-to-
moderate ecological validity range (≤6), with only a few 
achieving high validity. Among these, AR rehabilitation 
methods exhibited higher ecological validity (total score 
≥7),41,43-46 characterized by a naturalistic training environ-
ment, natural body engagement, realistic interaction, multi-
modal feedback, and low cognitive load. Four AI and 2 
hybrid assessment methods demonstrated low ecological 
validity (total score = 2).40,42,47,49,50,53 This was mainly 
because these AI methods were often digitized versions of 
traditional paper-based tests, with artificial testing contexts 
and relatively high cognitive demands.

Overall, the level of personalization across the included 
studies was low. Of the 15 studies, 11 demonstrated low 
personalization, relying mainly on rule-based task adjust-
ments or basic behavioral monitoring without adaptive 
modeling to differentiate individual SN pro-
files.40,41,43-47,50,51,53,54 Three studies showed moderate per-
sonalization, primarily among AI-based diagnostic 
approaches using ML to classify SN based on behavioral, 
clinical, or physiological features.42,49,52 Only 1 study 
implemented high personalization through an active learn-
ing framework based on Gaussian Process Regression to 
construct individualized spatial attention profiles.48

RoB and Quality Assessment

Figure 2 presents the RoB assessment for the rehabilitation 
studies. Overall, all rehabilitation studies were judged to 

have a high or serious RoB. The single-case experimental 
study was rated as high RoB,41 and the 2 non-randomized 
intervention studies43,45 were judged to have serious RoB 
due to confounding and limitations in outcome measure-
ment. The RCT by Stammler et al44 was also rated as high 
RoB, mainly due to concerns regarding the randomization 
process and potential selection bias.

As shown in Figure 3, 9 assessment studies were judged 
to have some concerns regarding RoB,40,46-49,51-54 while 2 
studies were rated as high risk.42,50 The main sources of bias 
were patient selection and dataset limitations, including 
small sample sizes, unclear recruitment strategies, and the 
use of healthy controls without appropriate stroke controls. 
Additional concerns were related to the index test, as most 
ML models were evaluated using cross-validation without 
independent external validation. Despite these limitations, 
reference standards were generally appropriate across stud-
ies, and applicability concerns were judged to be low.

GRADE Summary of Evidence

Based on the GRADE assessment,39 the certainty of evi-
dence across the evaluated outcomes ranged from low to 
very low. For assessment studies, the certainty of evidence 
was rated as low. The evidence was limited by indirectness, 
as most evaluations were conducted in simulated or con-
trolled settings, and by imprecision due to small sample 
sizes and lack of independent external validation. For reha-
bilitation studies, the certainty of evidence was rated as 
very low. The evidence was downgraded due to high RoB 
across all rehabilitation studies, imprecision arising from 
very small sample sizes, and indirectness resulting from 
substantial heterogeneity in intervention protocols and out-
come measures. The certainty of evidence for outcomes 
related to ecological validity and personalization was rated 
as very low. This downgrade was due to high heterogeneity 
in study designs, imprecision from small samples and reli-
ance on proxy outcomes.

Discussion

This review aimed to examine current applications of AR and 
AI in the assessment and rehabilitation of SN and to evaluate 
their feasibility, effectiveness, personalization, and ecologi-
cal validity. Given the substantial heterogeneity across the 15 
included studies, a grouped narrative synthesis and GRADE 
assessment were conducted. Overall, the current evidence 
remains insufficient to determine their feasibility, effective-
ness, ecological validity, and degree of personalization. The 
narrative synthesis suggests that AI assessment methods 
demonstrate promising diagnostic accuracy, but evidence 
regarding their clinical feasibility remains limited, and eco-
logical validity and personalization remain low. AR rehabili-
tation methods demonstrate acceptable feasibility and 
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relatively high ecological validity, but evidence supporting 
their clinical effectiveness and personalization remains lim-
ited. Small sample sizes, lack of independent external valida-
tion, substantial methodological heterogeneity, limited 
number of RCTs, and the overall high RoB across studies 
further weaken the current evidence.

Assessment Methods

Our first narrative synthesis revealed that AR, AI, and hybrid 
SN assessment methods demonstrated relatively high diag-
nostic accuracy, but the overall quality of evidence was low, 

and their real-world clinical feasibility remains uncertain. The 
tablet-based AR FET represents a rapid and low cognitive 
load assessment method that can be deployed across various 
environments, demonstrating high diagnostic accuracy and 
strong translational potential.47 However, its clinical effective-
ness still requires validation through RCT. Notably, the 
method has been used only to distinguish the presence or 
absence of SN, rather than leveraging individual exploration 
trajectories to generate personalized neglect profiles. The 
AREEN system was the only application combining AR and 
AI for SN Assessment,40,42 demonstrating the potential to inte-
grate AR platforms with AI algorithms to enhance assessment 

Figure 2.  Risk-of-bias assessment of included rehabilitation studies using Risk of Bias 2, Risk of Bias in Non-randomized Studies of 
Interventions, and the Single Case Design Risk of Bias. Visualization created with robvis.55
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performance. However, the study design did not fully exploit 
the unique advantages of AR in real-world spatial anchoring 
and natural environmental interaction, instead adapting tradi-
tional paper-and-pencil tasks into an AR format. Although 
including EEG data improved diagnostic accuracy, it substan-
tially increased setup time and limited the system’s scalability 
in clinical practice.

The included AI applications primarily employed con-
ventional ML models, which consistently achieved high 
classification accuracy for SN across clinical and behav-
ioral datasets.49-54 This trend is consistent with previous 
reviews on AI-based diagnosis of cognitive impairment.56 
Compared with DL approaches, these models can be more 
robust under small-sample conditions and offer greater 
interpretability. However, most studies were conducted on 
single-center datasets with limited sample sizes and with-
out external validation, increasing the risk of overfitting 
and limiting model generalizability. Variations in sample 
composition and feature extraction strategies may further 
reduce the comparability of model performance across 
studies. In addition, most studies did not report setup or 
testing duration and provided no direct evidence of clinical 
effectiveness.

Despite promising diagnostic accuracy, new SN assess-
ment methods must maintain high accuracy while ensuring 
short setup and testing times to minimize clinical workload. 

In addition, these systems should require minimal profes-
sional training and be readily integrated into existing clini-
cal workflows.

Rehabilitation Methods

Our second narrative synthesis indicated that AR rehabilita-
tion methods generally demonstrated acceptable feasibility, 
as reflected by high task completion rates, acceptable 
usability scores, and low reports of adverse effects. 
However, evidence for therapeutic effectiveness remains 
insufficient. All methods were grounded in visual scanning 
training, a well-established neurorehabilitation approach 
that incorporates visual and auditory cueing and gamifica-
tion strategies consistent with attention-control models, 
such as the Corbetta–Shulman framework.57 However, 
despite this solid theoretical basis, only 1 RCT44 employed 
full randomization and assessed both short- and long-term 
outcomes. Most other studies had methodological limita-
tions, including small sample sizes, non-randomized 
designs, heterogeneous outcome measures, and limited fol-
low-up, which constrained the interpretability of current 
findings. Training dosage and quantification were often 
inconsistent, validation standards were frequently lacking, 
and spontaneous recovery (except for Stammler et  al44 

Figure 3.  Risk-of-bias and applicability assessment of included assessment studies using Quality Assessment of Diagnostic Accuracy 
Studies-2. Visualization created with robvis.55
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where this was explicitly measured and controlled for), 
could not be fully ruled out in most studies.

At the implementation level, there is no consensus on 
which AR hardware platform (tablet-based vs. head-
mounted) is most suitable for SN rehabilitation. Researchers 
must balance immersion, usability, cognitive load, and 
potential adverse effects. No studies have yet implemented 
AI-driven or combined AR–AI rehabilitation interventions. 
Evidence for real-world effectiveness in clinical environ-
ments is also lacking, and the neurophysiological mecha-
nisms underlying these rehabilitation methods remain 
unexplored. Future studies should verify the effectiveness 
of AR rehabilitation through larger RCTs with standardized 
outcome measures and follow-ups. Comparative evalua-
tions of different AR hardware could identify optimal bal-
ances between immersion, usability, and cognitive load. 
Investigating the neurophysiological mechanisms underly-
ing AR methods will help clarify how behavioral improve-
ments relate to cortical reorganization. Finally, developing 
standardized frameworks for training dosage and validation 
metrics will be essential for the clinical scalability and real-
world translation of AR rehabilitation methods.

Personalization and Ecological Validity

Our third narrative synthesis indicated that current AR, AI, 
and hybrid methods have not yet effectively enhanced the 
personalization or ecological validity of SN assessment and 
rehabilitation. Although De Boi et al48 and Kim et al51 gen-
erated neglect heat maps based on individual’s characteris-
tics within VR environments, these outputs were limited to 
classification purposes and did not provide individualized 
diagnostic reports or rehabilitation guidance. AI and hybrid 
methods have incorporated behavioral and physiological 
data such as eye tracking, EEG, and reaction time, leading 
to improved diagnostic accuracy.42,49,52 However, their 
potential for distinguishing neglect subtypes and supporting 
personalized interventions remains largely unexplored. 
None of the AR rehabilitation methods integrated any form 
of personalization. Future research should examine how 
behavioral and physiological signals can be transformed 
into individualized assessment metrics and integrated into 
AR rehabilitation methods to deliver adaptive, person-cen-
tered training that may enhances rehabilitation outcomes.

Although AR assessment and rehabilitation methods 
guided people with SN to perform natural visual scanning 
behaviors in real environments through tablets or head-
mounted displays, thereby enhancing realism, stimulus 
diversity, and embodied interaction,41,43-46 these studies 
were conducted in controlled hospital or rehabilitation set-
tings, which reduced environmental unpredictability and 
attentional load. Improving ecological validity may facili-
tate better transfer of training to individual’s daily activities. 
Therefore, future research should explicitly identify 

the factors that enhance ecological validity and develop 
systematic frameworks to evaluate the ecological validity 
of both assessment and rehabilitation methods.

Limitations

This review has several limitations that should be acknowl-
edged. First, although a systematic search strategy was 
employed, the small number of eligible studies limited the 
strength and breadth of the evidence base. Second, despite 
careful construction of the search terms, discrepancies in 
terminology, particularly the inconsistent classification of 
SN assessment and rehabilitation, may have resulted in the 
omission of relevant studies. Third, this review did not 
include gray literature sources such as dissertations, Google 
Scholar, or preprints, which may have led to publication 
bias. Fourth, all included studies were from high-income 
countries, and outcomes may differ in low- and middle-
income countries due to contextual and resource variations. 
Finally, given the rapid pace of technological development 
in AR and AI, studies published after the search cutoff date 
were not captured, highlighting the need for future updates.

Conclusion

At present, the evidence for AR and AI SN assessment and 
rehabilitation methods remains insufficient to determine their 
feasibility, effectiveness, ecological validity, and degree of 
personalization. Future research should focus on developing 
standardized and scalable frameworks that integrate AR with 
adaptive AI models to enable personalized and ecologically 
valid assessment and rehabilitation. Multicenter RCTs are 
needed to confirm efficacy, optimize hardware configura-
tions, and evaluate long-term functional outcomes.
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