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Abstract

While changes in brain structure are common across the lifespan, it is difficult to differentiate benign variations from early disease
pathogenesis, especially in patients participating in home-based rehabilitation. Cognitive decline is frequently linked with normative
aging, but its early detection can facilitate preventative interventions, particularly in patients at high risk of cognitive impairment
and dementia, such as older women. Although women have fewer modifiable risk factors for dementia than men, wearables have
the potential to establish new digital endpoints that facilitate the management and/or prevention of abnormal brain aging. Sleep,
which is necessary for maintaining overall brain health, is one behavior tracked via wearables, for which an ever-growing body
of pilot and validation phase studies exists, yet endpoints defining optimal sleep are not one-size-fits-all, as individual chronotype
variability necessitates new strategies to personalize care. Though sex-based differences in circadian rhythm are well established,
little is understood about which sleep measures and thresholds are uniquely important to cognitive health in women, particularly
those with high comorbid burden. In this viewpoint, we discuss recent findings on the use of wearables to track sleep and cognitive
health in women, while highlighting challenges and opportunities for health outcomes and clinical trial researchers seeking to
implement meaningful digital endpoints in future telerehabilitation programs.

(JMIR Neurotech 2026;5:e81318)   doi:10.2196/81318
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Introduction

With the rapid adoption of wearables in home-based
rehabilitation, also known as telerehabilitation, an emerging
need exists to establish clinically meaningful digital endpoints,
“precisely defined variable[s] intended to reflect an outcome of
interest that is statistically analyzed to address a particular
research question” [1]. For telerehabilitation participants with
neurologic or functional deficits, such as those with recent
hospitalizations for stroke, chronic obstructive pulmonary
disease, or coronary artery disease, research has shown the
effectiveness of interventions to monitor and track exercise
through digital endpoints derived from wearable devices, such
as steps per day [2-4]. Beyond physical activity monitoring, the
application of wearables to track cognitive health, defined as
the “improvement, maintenance, or minimal decline of cognitive
function and absence, delay of onset, or slowing the progression
of dementia,” is on the rise, yet it remains understudied in
telerehabilitation [5-8].

The monitoring of cognitive health during telerehabilitation has
typically relied on videoconferencing, requiring clinical

assessments of participant status; however, the link between
cognitive health and sleep, which can be passively observed
using wearables, is well documented [9,10]. Historically,
research investigating the sleep-cognition relationship has
primarily featured univariate correlations between scores
obtained from cognitive assessments and self-reported sleep
duration [11]. Both short and long sleep durations, outside the
optimal window (7‐9 h per night), have been associated with
cognitive decline; however, the application of wearable devices
has introduced new inconsistencies regarding this association
[12]. Though self-report bias remains a known confounder in
analyses relying on survey instruments, arbitrary thresholds,
such as device-specific cutoffs for nighttime versus daytime
sleep, used in sleep data processing might contribute to
conflicting results regarding wearable-derived sleep duration
and cognitive health [13]. The generalizability of these results
to telerehabilitation populations remains unknown [14].

Despite limitations, wearable devices offer an enhanced
approach to elucidating the sleep-cognition link by capturing
objective measures beyond sleep duration, from sleep
fragmentation scores to nighttime blood oxygen saturation,
offering a never-before-seen multidimensional view of sleep
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[13]. To realize the potential of multidimensional sleep data,
their use in high-acuity populations, such as patients undergoing
rehabilitation, requires the validation and specific consideration
of known risk factors for cognitive decline, such as age and
cardiovascular disease (CVD) [15]. With the goal of 1 day
operationalizing sleep measures as digital endpoints reflective
of cognitive health, we encourage researchers to take a
thoughtful approach to processing sleep data, particularly in
female populations, as hormonal shifts across the lifespan
contribute to evolving sleep chronotypes. Considering that
women have fewer modifiable risk factors for dementia than
men but are at a higher risk of cognitive impairment, new
strategies to promote cognitive health in women are urgently
needed [16,17]. The application of sleep monitoring during
telerehabilitation could be one approach to unlock new
discoveries in women’s cognitive health—if meaningful digital
endpoints can be created.

Such insights would be exceptionally helpful for clinicians
overseeing telerehabilitation cohorts, wherein subtle cognitive
deficits might slowly emerge and not be accurately captured in
surveys due to participant self-report bias or cognitive decline
impacting self-management [18]. Rather than providing a
comprehensive review of wearables in the telerehabilitation
space in this viewpoint, we aim to emphasize the aspects of a
few recent wearables studies involving sleep measures beyond
sleep duration alone that may be translated into clinical trials
and outcomes research, preparing investigators to formulate
exploratory sleep digital endpoints related to cognition and
women’s health in telerehabilitation populations.

Cognitive Performance and Sleep Onset
and Regularity in Women

One recent study by Swanson et al [19] examined relationships
between cognitive performance and sleep measures in older
adult women who enrolled in the Study of Women’s Health
Across the Nation. In the subsample of participants who
completed the at-home wearables study during a follow-up visit
in 2015‐2016 (n=1177; mean age=65 y), participants were
instructed to wear an Actiwatch-2 (Philips Respironics) on their
nondominant wrist for 7 days to record critical sleep measures:
timing (average midpoint from sleep onset to wake) and
regularity (midpoint SD) [20]. Since the Actiwatch-2 uses
accelerometer sensors to record movement, its sleep onset and
regularity measures are derived from periods of nonmovement
during nighttime [21]. Cognitive performance was measured
via motor, visual, learning, and memory questions in these
validated assessments: the East Boston Memory Test, Symbol
Digit Modalities Test, and Digit Span Backwards exam.

Metabolic burden in participants was high, with 63.5% being
hypertensive and 17.6% being diabetic. The majority of
participants had 2 or more comorbidities (54.9%) and a waist
circumference indicating central obesity (59.9%). Importantly,
at baseline, the average participant was at intermediate risk for
a heart attack or stroke within a decade (mean atherosclerotic
cardiovascular disease risk score (ASCVD)=9%). The authors
adjusted linear regression models for relevant covariates to
explore associations between real-world sleep measures and

cognitive performance, reporting β coefficients representing
the change in cognitive measure for a 1-unit change in sleep
measure. Irregular sleep timing was linked with improved
working memory (β=.50; P=.004) and worse delayed (β=−.36;
P=.006) and immediate verbal memory (β=−.29; P=.02). While
late sleep timing, defined as a midpoint after 4:00 AM, was
associated with decreased processing speed (β=−1.80; P=.008),
early sleep timing (a midpoint before 2:00 AM) was associated
with worse delayed verbal memory (β=−.37; P=.047). Notably,
a sensitivity analysis revealed that the magnitude of the effect
of sleep irregularity on working memory was greater in
participants with hypertension (interaction β=−3.35, P=.04). In
addition, as the magnitude of ASCVD risk increased, so did the
strength of the association between early sleep timing and
delayed verbal memory (interaction β=−8.83; P=.03), drawing
attention to the impact of CVD risk factors on sleep and
cognitive decline in older women.

These findings highlight the potential for wearable-derived sleep
measures to elucidate cognitive health; however, they
specifically focused on older adult women. Hormones influence
sleep characteristics, particularly in women, and their
associations, as well as their directionalities and magnitudes,
may not generalize well to younger cohorts. These results
support existing literature that finds irregular sleep associated
with gray matter atrophy and increased CVD risk via high
β-amyloid burden, both potential contributors to cognitive
decline [22].

Only ASCVD and hypertension revealed significant interactions
with sleep-cognition associations in Swanson et al’s [19] study,
both of which are linked with increasing white matter
hyperintensity volume in middle age [23,24]. It is plausible that
the lack of associations for some factors, such as diabetes, which
is a known risk factor for dementia, represents an age-related
baseline for otherwise “healthy” women. The circadian clock
controls blood pressure and the hypothalamic-pituitary-adrenal
axis, which regulates blood glucose levels. As age and dementia
risk increase, the circadian clock weakens [25]. After
hypertension emerges, vascular changes influence the
development of white matter hyperintensities, amyloid-β
deposits, and cerebrovascular disease–related atrophy, all
contributing to cognitive decline [26]. Downstream, these
changes, hypothalamic-pituitary-adrenal dysfunction, may, in
some cases, lead to diabetes or central obesity via insulin
resistance, which then modulates the association between some
sleep measures and cognition [27,28]. Therefore, digital
endpoints related to sleep might require adjusting for comorbid
conditions beyond CVD, but such discussion is outside the
scope of this viewpoint.

Sex-Specific Cardiovascular Disease Risk
and Sleep Patterns

One method to further elucidate the link between sleep and
cognitive health in women during telerehabilitation could
involve the thoughtful consideration of CVD risk when
designing sleep digital endpoints.
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Expanding on the CVD results presented by Swanson et al [19],
the results from Nikbakhtian et al [29] highlight the importance
of considering sex-specific CVD markers when tracking sleep
remotely. They investigated the role of sleep onset in CVD
development using a large population cohort study, the UK
Biobank (n=103,712; 57.9% female; aged 43‐79 y), which
captured 1 week of real-world sleep data via the wearable
Axivity AX3 accelerometer (Open Lab, Newcastle University).

In contrast to male participants, who mostly experienced sleep
onset later in the night, women usually experienced sleep onset
between 10:00 and 11:00 PM, the sleep onset time associated
with the lowest incidence of CVD. Adjusting for relevant risk
factors, sleep regularity, and sleep duration, Cox proportional
hazards models generated hazard ratios (HRs), summarizing
the risk of CVD diagnosis occurring in a cohort stratified by
sleep onset time. Here, the associations between sleep onset
time and CVD risk persisted, yielding Cox proportional hazards
ratios (HRs) of 1.25 (CI 1.02‐1.52; P=.03), 1.24 (CI
1.10‐1.39; P<.005), and 1.12 (CI 1.01‐1.25; P=.04) for sleep
onset times of >12:00 AM, <10:00 PM, and 11:00-11:59 PM,
respectively. In sex-specific models, the associations between
sleep onset times of <10:00 PM (HR=1.63; CI 1.20‐2.21;
P<.005) and >12:00 AM (HR=1.63; CI 1.20‐2.21; P<.005)
were more pronounced in female participants. In contrast, only
the association between sleep onset time of <10:00 PM and
CVD was significant in male participants.

CVD and Alzheimer disease, the most common form of
dementia, often share markers of systemic pathogenesis, as
amyloid-β deposits can accumulate in the heart muscle, vessels,
and brain as the diseases progress [30]. Moreover, hypertension
contributes to brain structural changes implicated in cognitive
decline, a finding more pronounced in menopausal and
post-menopausal women, partly due to hormonal changes [31].
Thus, particular attention should be paid to sex-specific CVD
risk when developing sleep digital endpoints for cognitive
health, as CVD risk factors might help predict cognitive decline.

In addition to plausible mechanisms by which CVD contributes
to cognitive decline, systematic reviews have reinforced the
need for the proactive management of cognitive health in
patients with CVD [32]. For example, Eggermont et al [32]
concluded that interventions stimulating cognitive function
should be routinely considered when developing treatment
protocols for patients with CVD. Specific to telerehabilitation,
for which a limited number of studies on CVD and cognition
are published (n=9), Dabbaghipour et al’s [33] systematic review
outlined the need for rehabilitation programs to track cognitive
health with the goal of improving treatment adherence and
quality of life in participants. Combined, these reviews highlight
the need for cognitive health monitoring to consider CVD risk
factors, especially hypertension, though neither review assessed
the role of sleep. One potential way to operationalize CVD risk
in the development of sleep digital endpoints might be to stratify
endpoints based on hypertension severity, with patients
experiencing worse hypertension in need of aggressive sleep
interventions [31,34-37].

Cognitive Impairment and Pulmonary
Function During Sleep

The links between pulmonary markers and cardiovascular as
well as cognitive health are well documented [32,38]. Not only
is low blood oxygen saturation associated with a high risk of
cognitive impairment, but it is also implicated in CVD
exacerbations, forcing changes in cardiovascular and brain
structures that affect sleep patterns and quality [39,40]. One
commonly studied pulmonary marker is peripheral capillary
oxygen saturation (SpO2). Readily recorded by
photoplethysmography (PPG) sensors in many wearable devices,
SpO2 serves as an indirect measure of lung diffusion, quantifying
the concentration of oxygen molecules transported in blood
from inhalation [41].

Extending the results of Swanson et al’s [19] work, Ding et al
[42] used the SleepImage Ring to track SpO2 during sleep. In
this study of older adult participants (n=62; 67.7% women;
mean age=74 y; 80.5% cognitively intact), intraclass correlation
coefficients (ICCs), which measure agreement across multiple
timepoints, were reported for measures recorded over a 3-day
sleep monitoring period, with ICCs equal to or greater than 0.70
indicating reliability. Using SleepImage Ring data from
real-world settings, mean SpO2 during sleep (ICC range:
0.75‐0.77) was stable over 3 nights in participants without
cognitive impairment; however, this finding did not persist in
participants with cognitive impairment (ICC range=0.68‐0.83).
In addition to sleep onset and regularity measures, mean SpO2

during sleep may inform digital endpoints that help researchers
differentiate between individuals with and without cognitive
impairment.

The findings from another exploratory study conducted in
clinical settings, with a middle-aged cohort of obstructive sleep
apnea (OSA) patients (n=207; 44.4% female; mean age=49),
extend the link in Ding et al’s [42] study between pulmonary
function during sleep and cognitive health [43]. Thorisdottir et
al [43] used data from the Embla PSG device (Flaga) obtained
over a 1-night observational period and scores obtained from
the Rey Auditory Verbal Learning Test. Reporting β
coefficients, they found that mean SpO2 during sleep was
significantly associated with both immediate recall (β=−.171;
P<.022) and total recall (β=−.188; P<.007).

Considering the results of these studies and prior work
demonstrating that verbal memory is impacted by blood oxygen
saturation, it is plausible that nighttime SpO2 might specifically
facilitate the indirect observation of verbal memory [44-46].
Though the external validity of Thorisdottir et al’s [43] findings
beyond patients with OSA is unknown, the underdiagnosis of
OSA in the general population is high, with estimates of 40%
to 80% of patients with CVD also experiencing OSA [47,48].
As such, the results of sleep study analyses that exclude patients
with an OSA diagnosis may inadvertently include those with
undiagnosed OSA. Due to the limited number of large
population studies with comparable wearable devices, a
thoughtful approach to assessing the current sleep-cognition
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literature available, on populations with and without OSA, is
vital.

Ding et al’s [42] study focused on older adults, while that of
Thorisdottir et al [43] involved a middle-aged cohort. As such,
the interpretation of SpO2 measures might necessitate
stratification by age, especially considering that Thorisdottir et
al’s [43] study was conducted in clinical settings and may not
generalize to the real world. The findings by Tam et al [49]
using the SleepImage Ring offer support for age-stratification
of pulmonary measures from wearables when formulating
endpoints. Tam et al [49] hypothesized that sleep quality in
women decreases after menopause. They conducted the first
1-night study with composite variables derived from built-in
accelerometer sensors to capture movement in addition to SpO2

from the PPG sensor.

Tam et al [49] performed subgroup analyses with one-way
ANOVA, comparing the means of different measures across
age-stratified cohorts to detect a statistically significant
difference. Tam et al [49] used the SleepImage Ring and
proprietary measures derived directly from the ring’s data
stream. In this cohort (n=1444; 48.8% female; mean age=54),
Tam et al [49] observed a drop in the Sleep Quality Index, a
composite measure using both PPG and accelerometer sensor
data to score sleep fragmentation, sleep quality, sleep stability,
and sleep periodicity, in women 51 years of age and older. After
the age of 50, women also experienced a greater increase than
men in the apnea-hypopnea index, which uses SpO2 to quantify
shallow and paused breathing episodes, as well as the Arousal
Index, which relies on accelerometer data to quantify shifts from
deep sleep to near wakefulness. Though the authors did not
investigate cognitive health in participants across stratified age
groups, future researchers could address this gap to better
understand if composite sleep measures offer new insights
beyond unidimensional measures, such as sleep duration, into
cognitive changes across the lifespan [49]. Furthermore, an
increase in the Arousal index is associated with a higher risk of
CVD, suggesting that an age of 50 years might be an appropriate
threshold for researchers to explore for adjusting sleep digital
endpoints for CVD risk factors [50].

Multidimensional View of Cognitive Health
and Sleep

The potential for these wearable-derived endpoints, should they
prove to be more clinically meaningful than conventional
self-reported sleep endpoints, to provide more accurate analyses
can advance the design of remote monitoring programs in
telerehabilitation and beyond. They can also inform the
development of more effective sleep interventions targeting
populations with high comorbid burden, such as
telerehabilitation patients.

To date, the only peer-reviewed multivariate analysis of sleep
and cognition necessitated a multi-step statistical analysis. Qin
et al [51] used the Oura Ring (Oura) for 14‐28 days to capture
23 sleep measures and investigate associations between sleep
measures and cognitive domains in adults who participated in
the Singapore Chinese Health Study. A total of 7 cognitive

domains (verbal memory, attention, visuospatial ability, visual
memory, language, executive function, and processing speed)
were assessed via the following validated instruments: Rey
Auditory Verbal Learning Test, Boston Naming Test,
Associative Learning Test, Brief Visuospatial Memory
Test-Revised, Color Trail Tests 1 and 2, Design Fluency Test,
WAIS-III, and Symbol Digit Modality Test. First, scores were
standardized from each test to T scores (mean 50, SD 10). Then,
for cognitive domains with more than 1 test score, the reported
score was summarized as the average of all test scores for that
domain.

After adjusting for confounding variables, including age and
sex, Qin et al [51] applied a series of statistical techniques to
identify significant associations between sleep and cognitive
health. First, they used partial least squares correlation (PLSC),
a statistical technique using 2 matrices—in this case, a matrix
of multiple sleep measures and a matrix of multiple cognition
scores—to highlight optimal relationships between sleep, as a
multidimensional concept, and cognition, also as a
multidimensional concept. Their analysis of data obtained from
adult Chinese participants over the age of 65 years (n=773;
51.1% female; mean age=75; 1.2% with cognitive impairment)
found that the first PLSC component contributed the majority
of covariance (82%) between cognition and sleep scores (r=0.2;
P<.001).

After generating the covariance matrix, they applied singular
value decomposition to generate latent variables representing
the maximum covariance between sleep and cognitive measures.
For each latent variable with a significant correlation value
(Pearson’s r), 5000 bootstrap tests were run to identify measures
contributing to the first PLSC component. They identified robust
contributions to the first PLSC component for 11 sleep measures
and 3 cognitive domains. Qin et al [51] found 8 sleep regularity
measures (Sleep Regularity Index [SRI], Sleep Fragmentation
Index [SFI] Intraindividual Standard Deviation [iSD],
Wake-After-Sleep-Onset (WASO) iSD, Efficiency iSD, Total
Sleep Time iSD, Time in Bed iSD, Wake Time iSD, Bedtime
iSD) and 3 continuity measures (Efficiency, WASO, SFI)
contributed to the sleep-cognition relationship. All but SRI
(which tracked whether an individual was awake or asleep at
the same time each day), SFI (which quantified nighttime
movement and sleep epochs lasting less than 1 min), and SFI
iSD were extracted directly from the Oura dataset. Executive
function, verbal memory, and processing speed were identified
as relevant cognitive domains, each of which is associated with
age-related decline [52].

Finally, to probe for associations between specific sleep
measures and cognitive domains, a partial correlation analysis
was performed, identifying only weak correlation coefficients
between sleep measures and cognitive domains. Among sleep
regularity measures, a higher SRI was associated with better
processing speed (r=0.17) and improved executive function
(r=0.17). Additionally, as sleep efficiency (efficiency iSD) was
less regular, processing speed declined (r=0.15). In contrast,
among sleep continuity measures, only high sleep efficiency
was associated with better processing speed (r=0.11).
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Using multidimensional, objective sleep measures, Qin et al’s
[51] results represent a significant step forward in elucidating
the relationship between sleep and cognition; however, their
analyses did not include sleep measures derived from relevant
biomarkers, like blood pressure or pulmonary function,
highlighting a gap in the literature for future researchers to fill.

Challenges and Recommendations

Despite the use cases for sleep digital endpoints in
telerehabilitation highlighted above, no systematic reviews or
meta-analyses have been published on this topic. The disparate
study methods, device types, and sleep measures used contribute
to the lack of evidence synthesis on the topic. As such, the
statistical significance, magnitude, and directionality of the
findings presented in this viewpoint should be interpreted as
exploratory and not absolute, with future research required to
use these measures in practice and real-world settings.
Fundamentally, to develop useful sleep digital endpoints, robust
and reliable associations between sleep measures and cognition
must be established.

This viewpoint highlights multiple trends in the sleep-cognition
space to achieve this goal. First, more large cohort studies using
wearables that collect multidimensional data from across
relevant biomarkers—including sleep biomarkers like SpO2 in
addition to sleep timing measures—must be conducted.
Longitudinal sleep data captured beyond 1-week periods should
be prioritized [53-55]. Accurate longitudinal monitoring is
especially relevant when conducting aging research in cognitive
impairment and dementia, when prevalence rates change
drastically over short epochs. For instance, dementia prevalence
is <1% in adults under the age of 65 years [56]. After the age
of 65 years, that number shifts to between 3% and 11% and
climbs to over 30% in adults over 85 years of age [56]. When
reviewing studies with less than 1 week of data, the results
should be interpreted cautiously, as the limited samples may
not be representative of an individual’s sleep routine. Enrolling
larger cohorts for longer periods will facilitate the development
of standardized protocols for processing sleep wearable data
and, subsequently, validating digital endpoints and related
thresholds in telerehabilitation populations [57].

Second, across the recent studies presented in this piece,
measures of sleep regularity were the most frequently associated
with cognitive health. Therefore, we encourage researchers to
prioritize studying sleep regularity across the lifespan.
Considering that 2 individuals could sleep for the same duration
during the night while experiencing separate disturbances, sleep
regularity measures quantify individual sleep habits across days
more sufficiently than duration measures alone.

Finally, the findings outlined in this viewpoint offer an
exploratory rationale for the development of sleep digital
endpoints stratified by age. With stark changes in pulmonary
function and cardiovascular risk linked to sleep patterns in
menopausal women, age might serve as a proxy for changes in
hormone concentration. Alternatively, the inclusion of blood
biomarker data to stratify sleep digital endpoints might offer
more precise monitoring in telerehabilitation programs.
Regardless, establishing thresholds relying on sleep data to

bifurcate healthy versus impaired cognition necessitates a closer
look by researchers. These issues are complicated by the fact
that individual sleep chronotypes change across the lifespan,
necessitating robust methods that account for within-person
variability, rather than relying exclusively on population-based
thresholds [58]. Such an approach is appropriate for dynamic
monitoring in real-world settings, automatically accounting for
variability in the environment.

Our viewpoint outlines multiple opportunities for researchers
to advance knowledge in the pursuit of developing sleep digital
endpoints in telerehabilitation programs. Beyond the lack of
systematic reviews and meta-analyses assessing sleep measures
relevant to telerehabilitation, no research into cognitive health
and SpO2 measures during sleep stratified by age has been
published. Additionally, no multivariate analyses assessing
sleep measures and cognitive measures have included nighttime
biomarker measures, like SpO2 or blood pressure levels. Of
note, for studies exclusively focused on older adults, the
associations between sleep measures and cognitive domains
might be subject to survival bias and require additional
investigation to confirm results across age cohorts. Addressing
these gaps will create a starting point for more robust research
into the sleep-cognition relationship, advancing the promise of
wearables.

These studies may have implications for the future of sleep
monitoring research in detecting cognitive decline in women.
First, the influence of cardiovascular and pulmonary risk factors
on the association between sleep and cognition underscores the
importance of considering comorbid burden when interpreting
cognitive health data [59]. Next, these remote monitoring
approaches can reach women in rural areas who might otherwise
be unable to participate in in-clinic monitoring, thereby
addressing barriers and adherence issues by introducing
enhanced flexibility in rehabilitation care [60].

Beyond the potential of monitoring research on sleep and
cognition, numerous real-world barriers limit the implementation
of sleep digital endpoints, even when they are validated in
research. Historically, most validation research on wearable
device measures was performed using research-grade devices.
In recent years, with the growing acceptance of consumer-grade
devices, the shift to validating consumer-grade devices has
introduced new complexities. For instance, consumer-grade
wearables often generate proprietary composite measures with
limited documentation. Also, the interpretation of results derived
from wearable devices requires special attention paid to the
device version, as software and hardware updates might
introduce unknown variability in the data collected [61].

Another barrier to real-world implementation of sleep digital
endpoints is devising feasible strategies to integrate wearable
data streams into clinical and research workflows. Should
researchers pinpoint meaningful sleep measures and thresholds
for digital endpoints tracking cognitive health in women, the
data collection, wrangling, and analysis processes are resource
intensive. If a feasible and cybersecure data pipeline
infrastructure for wearables is designed and provides actionable
information to clinical and research teams, the demand for
evidence-based interventions to help participants will increase
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[62,63]. For telerehabilitation participants, this might require
interventions that can be delivered outside of clinical settings,
from home health visits and/or digital tools. Recently, novel
applications of digitally delivered cognitive behavioral therapy
have shown promise with regard to improving sleep measures
in patients. Cognitive behavioral therapy interventions might
confer a protective effect on cognitive health during
telerehabilitation, one day being measured by digital endpoints
[64-66]. Virtual reality–based support tools and virtual
companions could also be offered in tandem with conventional
telerehabilitation programs [67-69]. Notably, unclear
reimbursement and payment pathways for remote monitoring
of sleep, particularly in the United States, remain a key
bottleneck to its widespread adoption [70].

The application of artificial intelligence (AI), such as machine
learning methods, to swiftly detect trends in patient sleep and
cognition can augment workflows and make the implementation
of digital endpoints a reality. For sleep digital endpoint
implementations that rely on AI to review 24/7 data from
patients, threshold levels will likely evolve, as more data are
fed into databases on which AI is trained [71]. This requires
additional review and analysis of evolving AI tools. In addition
to the workflow barriers, identifying patients who want to
participate in sleep monitoring, as well as determining how to
troubleshoot tech problems remotely, can be challenging. At
the time of this publication, wearable monitoring research over
longitudinal periods appears promising in older adults, even in
those with cognitive impairment and dementia [28,72].

Multiple study design limitations complicate the interpretation
of sleep data from wearables. First, the studies surveyed in this
viewpoint reflect significant heterogeneity with regard to
methodologies and primary endpoints [73-75]. Therefore,
deriving actionable information for women’s health from
objective sleep data remains elusive. Also, the proportion of
participants in sleep studies with wearables has been
overwhelmingly male (61%) [76]. Next, the location of wear
for wearables, such as wrist versus ring finger, is sometimes
limited during rehabilitation due to functional deficits and can

influence results. Since the body of literature in this space is
continually growing, there is a need for reviews summarizing
and comparing the results by location of wear, particularly in
female participants.

Summarizing the recent studies outlined in this viewpoint, we
recommend that researchers consider the sleep measures and
cognitive variables in Table 1 as a starting point to design digital
endpoints from measures obtained via wearable sensors.
Researchers should also consider the impact of age and CVD
risk factors, including hypertension, as they develop clinically
meaningful thresholds specific to female patients. Theoretically,
a rudimentary sleep digital endpoint for cognitive health in
female patients between the ages of 50 and 60 years old without
hypertension might establish a target sleep onset between 10
PM and 12 AM with stable mean SpO2 during sleep 7 days per
week. This outcome of interest incorporates multidimensional
sleep measures (sleep onset and SpO2), adjusted for hypertensive
status and age, setting an optimal threshold for monitoring
cognitive health indirectly. To be operationalized in clinical
settings, values that fall outside the aforementioned thresholds
might trigger clinician review. While plausible based on the
findings reviewed in this viewpoint, this digital endpoint is
purely hypothetical. Thus, research beyond what is currently
available is required to formulate sleep digital endpoints in light
of comorbid burden.

The list of measures in Table 1 is by no means exhaustive, with
new digital measures ripe for application to tracking cognitive
health emerging every year. For example, 1 exploratory sleep
measure to investigate across the lifespan is nighttime movement
by age. In an illustrative example using an arm-worn sensor
(Everion) to track sleeping habits in patients with multiple
sclerosis, Moebus et al [77] found that age correlated strongly
with movement during the night, a measure unstudied in the
context of female cognitive health and telerehabilitation. Other
novel measures include sound-based measures of sleep, using
a smartphone-compatible microphone, and applying AI
algorithms to classify sleep stages in real-world settings [78].

Table . Sleep measures and related cognitive variables outlined in recent research.

Cognitive variable (instrument)Wearable-derived sleep measure

Sleep onset (time) and regularity (standard deviation) • Working memory (Digit Span Backward)
• Verbal memory (East Boston Memory Test)
• Processing speed (Symbol Digit Modalities Test)

SpO2
a (mean, min, max) • Cognitive impairment (Montreal Cognitive Assessment)

• Rey auditory verbal learning

Sleep Regularity Index (Oura-specific) • Processing speed (Colour Trail Test 1; Symbol Digit Modality Test)

Sleep efficiency • Executive function (Colour Trail Test 2; Design Fluency Test)

aSpO2: oxygen saturation.

Overall, these studies build upon current literature by
highlighting potentially modifiable sleep measures, such as
sleep onset, sleep regularity, sleep continuity, or SpO2 during
sleep, that can inform the development of digital endpoints for
cognitive health. The age- and sex-specific nature of the results

as well as CVD considerations outlined provide an early-stage
rationale for developing more personalized digital endpoints
for sleep stratified by known risk factors for cognitive decline
[37].
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Conclusions

Historically, telerehabilitation programs have relied on physical
activity endpoints to monitor and evaluate participants in
real-world settings; however, wearable-derived sleep measures
might augment conventional telerehabilitation protocols by
providing insights into cognitive health, addressing a critical
gap for older female participants who are at higher risk of
cognitive decline. Ultimately, the studies outlined above offer
an early-stage rationale for investigating emerging sleep
measures as multidimensional endpoints for cognitive health
in female patients. We recommend that the contributions of
sleep and nighttime pulmonary measures to cognitive decline
in women be explored further using wearables and adjusting

for cardiovascular factors across middle and late adulthood. As
no systematic reviews or meta-analyses have been published
on this topic, the specific findings presented in this viewpoint
should be interpreted circumspectly. Nonetheless, the combined
findings demonstrate how researchers might hypothetically
apply real-world sleep data from wearables to develop clinically
meaningful digital endpoints of cognitive health for women,
while being mindful of adjustments necessary to account for
comorbid burden. By addressing the gaps in knowledge outlined
in this viewpoint, researchers can make strides in transforming
sleep measures into digital endpoints for cognitive health
interventions, enabling proactive care at home to delay or stop
the onset of cognitive decline in women during critical periods,
such as rehabilitation.
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PLSC: partial least squares correlation
PPG: photoplethysmography
SFI: sleep fragmentation index
SpO2: oxygen saturation
SRI: sleep regularity index
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Abstract

Background: The need to observe brain activity in more natural environments, that is, outside of laboratory settings, is critical
for understanding cognition. Wearable low-cost neuroimaging modalities (electroencephalography [EEG] and functional
near-infrared spectroscopy [fNIRS]) are portable, noninvasive, and robust to motion artifacts but lack similarly portable tools for
use in ecologically valid studies. Smartphones are ubiquitous, programmable, wireless, and thus strong candidates for “pocket
laboratories” companion platforms that travel with study subjects. Therefore, we developed the Wearable Cognitive Assessment
and Augmentation Toolkit (WearCAAT), a cross-platform neuroimaging task platform that integrates external sensors via the
lab streaming layer (LSL) and supports over 100 sensor types. We validated our implementation with healthy human participants
under multimodal neuroimaging conditions prior to analysis of data collection in ongoing clinical settings.

Objective: This study aimed to validate WearCAAT, as a platform for functional neuroimaging research, via analysis of human
participant data collected during our ongoing National Institutes of Health–funded study.

Methods: We analyzed data from healthy college-aged (ages 18‐30 y) adult participants, who completed a battery of shortened
neurocognitive tasks (each lasting 4 min) in WearCAAT, while outfitted with research-grade multimodal EEG and fNIRS sensors.
We indicated validity via the presence of task-related behavioral responses and their neuroimaging correlates. As a representative
example, we analyzed the visual oddball task due to its well-documented poststimulus features for EEG and fNIRS. We extracted
behavioral responses, mean response accuracies, and response times for infrequent (target) and frequent (standard) stimuli classes.
We examined, poststimulus, P300, positive amplitude deflection around 300 (ms) in EEG and increased average oxygenated
hemoglobin (HbO) levels in fNIRS.

Results: We enrolled a total of 57 (male individuals: n=27, 47%; female individuals: n=30, 53%; mean age 22, SD 3.4 y)
participants for data collection. We excluded the first 4 (7%) participants from our analysis due to technical errors. Our analysis
revealed increased mean response times for infrequent (target) stimuli (mean 718, SD 148 ms) compared to frequent (standard)
stimuli (mean 542, SD 122 ms) with the Wilcoxon test (Z=6.33; P<.001; r=0.87); higher P300 amplitudes over midline regions
(parietal and temporal) for EEG; and increased oxygenated hemoglobin over the prefrontal cortex for fNIRS. All participants
completed the full battery and reported no usability concerns or app crashes. Similarly, we observed no data loss or corruption
that would negatively impact analyses.

Conclusions: WearCAAT-provided outcomes from our study, which analyzed multimodal neuroimaging data collected during
a mobile app–based visual oddball task, matched expectations from the literature. While full validation is ongoing for other tasks,
we demonstrated initial validity of our app for neurocognitive imaging use. Our app and approach represent the first attempt at
dedicated neuroimaging mobile-pocket laboratory and contribute to greater studies in ecological validity.

(JMIR Neurotech 2026;5:e78217)   doi:10.2196/78217

KEYWORDS

pocket laboratory; neuroimaging; functional near-infrared spectroscopy; fNIRS; smartphone data collection; mobile brain and
body imaging
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Introduction

Functional neuroimaging entails the use of noninvasive brain
monitoring sensors during tailored neurocognitive tasks to
measure cortical activity in different brain regions corresponding
to targeted cognitive domains [1]. Neuroimaging research offers
views into the brain and is critical to the understanding of brain
development, injury, and disease or impairment. High-precision
techniques such as functional magnetic resonance imaging have
limitations that include participant refusal, high cost, and
requirements on staying still in the supine position [2]. This
presents an interesting challenge that cognitive neuroscientists
have grappled with since the early days of cognitive studies on
“ecological validity” [3], wherein experimental conditions,
particularly those imposed by the nature of laboratory settings
and high-precision imaging modalities such as functional
magnetic resonance imaging, impact the observed phenomena
[4]. A complementary solution to the challenge of ecological
validity is to use wearable, low-power, wireless technologies
to combat such challenges facing traditional approaches [5].
Noninvasive wearable neuroimaging modalities include
functional near-infrared spectroscopy (fNIRS) to monitor
changes in cerebral hemodynamics related to cognitive activity
and electroencephalography [EEG] to monitor neural activations
via changes in electrophysiology. Both methods enable
observations of human participants in more “natural”
environments, and their complementary nature allows
overcoming of their individual limitations on temporal and
spatial resolution when used together [6].

Development and advances in commercially available mobile
devices, such as tablets and smartphones, enable portable
platforms for conducting human experiments that can further
mobilize wearable sensing modalities. The resulting concept
“pocket laboratories” describes this paradigm well and poses a
unique solution to ecological validity by enabling human
participant research in nonstatic environments that could
potentially travel with a participant. Researchers in human
behavior and medicine have leveraged the widespread adoption
of mobile devices as pocket laboratories for more “natural”
environments, which are classified under mobile health apps.
For example, smartphones and tablets were used in conjunction
with neuroimaging devices to measure interactions with
websites, apps, and each other, to glean insight into health
behaviors such as alcohol consumption [7] and Alzheimer
disease detection [8,9]. In addition to the conveniences and
benefits that mobile devices offer, they also provide useful
hardware for human participant research such as internet
connectivity and integrated sensors (ie, gyroscopes,
accelerometers, and GPS) [10,11] and are extensible through
Bluetooth connections with external wearable health sensors
such as the ones embedded in smartwatches. With an estimated
4.7 billion smartphone users by 2024 [12], the potential for
participant recruitment is vast, which can further improve not
only our understanding of cognition but also allow for the early
detection of different conditions, that is, cognitive impairment
and monitoring of treatment outcomes through larger studies
and populations otherwise unattainable.

Despite the practical uses of mobile devices in clinical research,
there’s a notable gap: a platform for conducting general
functional neuroimaging research using mobile devices. While
accepted tools such as the NIH Toolbox [13] developed by the
National Institutes of Health provide a platform for gathering
psychometrics on human participants and are widely used in
clinical settings (225 journals and conferences as of 2022 [14]),
they lack compatibility with functional neuroimaging sensing
modalities. Other apps are too limited in scope and lack
integration beyond basic proof of concepts and require
significant effort to extend to new scenarios. We believe this is
because app development is difficult and requires deep technical
knowledge and funding that is outside the scope of normal
external funding vehicles [15]. In response to this, we developed
a framework for a functional neuroimaging pocket laboratory
and provided implementation in the Wearable Cognitive
Assessment and Augmentation Toolkit (WearCAAT).

WearCAAT is a cross-platform mobile app, used on both iOS
and Android, in conjunction with external single or multimodal
sensors, integrated via the lab streaming layer (LSL) [16]. LSL
adds signal synchronization capabilities, equivalent on mobile
devices to desktop systems [17]. However, validation of our
framework and implementation is still outstanding. There are
numerous challenges in translating a desktop software capability
to mobile devices, especially in the domain of functional
neuroimaging. Touchscreens are dual-purpose tools that share
the responsibility of presenting stimuli and capturing responses
via “soft” buttons. Mobile operating systems are sandboxed in
nature and typically prevent access to high-precision time-aware
clocks, as well as limit multithreading capabilities. A full
end-to-end test for our paradigm is necessary to understand the
limits and abilities of pocket laboratories in functional
neuroimaging.

Methods

Ethical Considerations
Participants signed informed consent before completing
cognitive tasks using WearCAAT on an iPad. The consent and
collection protocol were reviewed and approved by the
Biomedical Research Alliance of New York, LLC (BRANY)
[18], external institutional review board (1R01AG077018-01),
on March 24, 20. Participant privacy was covered under the
certificate of confidentiality by the National Institutes of Health
that states that researchers will not disclose or use information
that may identify participants in any federal, state, or local civil,
criminal, administrative, legislative, or other action, suit, or
proceeding, even if there is a court subpoena (with exceptions
being federal, state, or local law that requires disclosure, or the
explicit approval of individual participants to release their name
and/or personally identifiable information). Participants were
compensated US $20.

Procedure
We examined whether neurocognitive tasks provided by
WearCAAT, on commercial mobile devices, reliably elicited
cognitive engagement and whether the corresponding biological
markers were detectable and identifiable in neuroimaging data.
This required that (1) behavioral responses aligned with
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established task-specific patterns in the literature, and (2) these
responses enabled the extraction of physiologically meaningful
signals from neuroimaging modalities. Failure to meet both
criteria across tasks constituted a negative inconclusive finding,
whereas partial success supported the technical validity of our
implementation and integration. Consequently, we scoped our
analysis on the visual oddball paradigm [19], also built in
WearCAAT, which is well studied in both EEG and fNIRS
modalities for attention monitoring with established expected
behavioral, neural, and hemodynamic outcomes [20-23].

First, we hypothesized that participants’ behavioral data during
the visual oddball task, as built in WearCAAT, would exhibit
a longer response time (RT) to infrequent (target) stimuli than
to frequent (standard) stimuli. Second, we hypothesized that
neural correlates for cognition, as measured by EEG and fNIRS
during the performance of the visual oddball task, would be
detectable in their respective sensing modality when examined
using time stamps obtained from the behavioral data. For EEG,
the WearCAAT-implemented visual oddball task would evoke
a higher P300 subcomponent (positive deflection in amplitude
around 300 ms after stimulus) in event-related potentials (ERPs;
stimulus-locked activations in EEG) to the infrequent (target)
stimuli as compared to the frequent (standard) ones in the
midline region. For fNIRS, the average oxygenated hemoglobin
(HbO) would positively increase in response to infrequent

(target) stimuli as opposed to the frequent (standard) stimuli,
in the right prefrontal cortex (PFC).

The remainder of this section describes WearCAAT and the
relevant features of this study, followed by the participant
information, data collection protocol, the visual oddball task as
presented in WearCAAT, and the signal processing pipeline to
extract the EEG- and fNIRS-specific components that support
or reject our hypotheses.

WearCAAT: An Overview
WearCAAT implements task-based neurocognitive monitoring,
wherein participants perform 1 of 11 built-in tasks to elicit
known cognitive effects in different domains, including
attention, vigilance, working and episodic memory, response
inhibition, set shifting, and conflict resolution. Currently
implemented tasks in WearCAAT and their cognitive effects
are presented in Table 1. We built WearCAAT using C# and
Extensible Application Markup Language (XAML) from the
Multi-App User-Interface (MAUI) framework [24] with .NET
8. MAUI provides cross-platform (supporting Android and iOS
phones and tablets) app design in a unified project. LSL is
integrated using the “slim bindings” approach for
high-performance C and C++ libraries to be leveraged through
different programming languages, giving direct access to the
necessary libraries.

Table . Currently existing cognitive task battery implemented in the Wearable Cognitive Assessment and Augmentation Toolkit. Cognitive battery has
a total runtime of approximately 1.5 hours, and each task had a runtime of 4 minutes with a 30-second rest period in between, which can be implemented
in a randomized order.

Cognitive effectTask name

Attention or vigilancePsychomotor vigilance task [25,26]

Attention or working memoryVisual oddball paradigm [19]

Response inhibitionGo/no-go [27]

Working memoryN-back (n = [0, 1, 2]) [28,29]

Selective attentionStroop [30]

Conflict resolutionFlanker [31,32]

Set shiftingWisconsin card sorting [33]

Episodic memoryVerbal memory recognition [34]

Episodic memoryBluegrass [35]

Default mode netResting (eyes = [open, closed]) [36]

Neurocognitive tasks followed the sequence described in Figure
1. The participant first read the instructions, then started the
assessment via tapping the “begin” button, upon which the
screen was blank for a configurable resting baseline time
window before the task’s logic loop began. The task expired
after the set amount of time and was followed by a second
baseline period. Timing information was determined using a

stopwatch object, which counted monotonically from the start,
as is common in psychometrics platforms [16]. Tasks were
configurable in the app to allow further flexibility and
experimentation, specifically regarding stimulus type, timing,
interstimulus interval information, stimulus presentation ratios,
and more, depending on the task.
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Figure 1. Task sequence diagram. Baseline periods begin immediately, with all events related to the task going through to LSL streams. “Task page”
represents the logic controller behind the task in WearCAAT (created in BioRender [37]). LSL: lab streaming layer; WearCAAT: Wearable Cognitive
Assessment and Augmentation Toolkit.

Task events were broken down into three categories as follows:
(1) metadata pertaining to task information and configuration
for auditing purposes; (2) stimulus event appearances, types,
etc; and (3) user markers, button presses, or other responses.
Each category streamed data to a corresponding LSL stream
outlet, which sent the data wirelessly to the recording platform.
Figure 1 depicts the sequence of events and the respective
streams for each task.

Participants
We recruited 57 (male individuals: n=27, 47%; female
individuals: n=30, 53%) participants, aged 18 to 30 (mean age
22, SD 3.4 y) years, from the undergraduate and graduate student

bodies at Villanova University via flyers posted in common
university spaces. We detail participant demographic data in
Table 2. Exclusion criteria included current or past severe
neurological or psychiatric disorders and significant vision or
hearing impairments. Participants first attended an initial
screening, where we collected demographic data and relevant
medical histories via a written survey, measured the participant’s
head circumference to determine neuroimaging device cap size,
and scheduled a follow-up data collection session. After
participants signed the informed consent form, we collected
behavioral and neuroimaging data from them while they used
WearCAAT in a session that took approximately 1.5 hours.

Table . Demographic data of recruited college-aged participants.

Total (N=57), n (%)Female (n=30), n (%)Male (n=27), n (%)Demographics

15 (26)7 (23)8 (30)Asian

1 (2)0 (0)1 (4)Black or African American

7 (12)5 (17)2 (7)Hispanic

26 (46)13 (43)13 (48)White

2 (4)0 (0)2 (7)White and Black or African Ameri-
can

6 (11)5 (17)1 (4)White and Hispanic
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Data Collection
We administered all 11 abbreviated tasks to participants via
WearCAAT in sequence, where the first 2 were the resting tasks
(eyes opened and eyes closed) and the remaining 9 tasks were
presented in randomized order (Table 3). All participants
completed the entire task battery built in WearCAAT in 1 sitting
while wearing a full head cap housing the multiple optodes.
The electrodes formed a combined wireless fNIRS-EEG system
(NIRSport2, NIRx Medizintechnik GmbH and Smarting-mbt
wireless EEG, mBrainTrain, respectively) [38,39]. Using our
hybrid neuroimaging system, we collected 51-channel fNIRS
(43 long and 8 short distances) and 32-channel EEG data from

the frontal, temporal, and parietal regions of the brain
simultaneously. We used 3 distinct flexible cap sizes as provided
by NIRx company [40]—small (56 cm), medium (58 cm), and
large (60 cm)—all with 128 slits for probe locations identified
according to the 10-20 international system to accommodate
for different head sizes, improve comfort, and ensure fNIRS
and EEG measurements with good coupling from similar head
locations. The complete layout of our protocol is detailed in
Figure 2; the LSL data streams and their respective interfaces
are all coordinated through a Wireless Area Network (WAN)
hosted on a private router with no external internet connection
nor devices.

Table . The full mapping of electroencephalography (EEG) and functional near-infrared spectroscopy (fNIRS) sensor locations to functional regions
of interest (ROI). For our analysis, we considered regions over the prefrontal cortex, specifically the “frontal right” ROI for fNIRS. The “frontal” (Fz),
“parietal” (Pz), and “temporal” (Cz) midlines are areas we focus on to observe the P300 for EEG.

fNIRS channelsEEG channelsROI

Frontal left •• FPZ-FP1, FPZ-AF3AFP1
• •AFF5 FF7-AF3

•• F5-AF3, F5-F7F3
• •F1 AF3-AFz

Frontal right •• FPZ-FP2, FPZ-AF4AFP2
• •AFF6h AF8-FP2, AF8-AF4

•• F6-AF4, F6-F8F4
• •F2 AF4-AFz

Temporal left •• FT8-T8FTT7h
• •TTP7h TP8-T8

• C6-T8

Temporal right •• FT7-T7FTT8h
• •TTP8h TP7-T7

• C5-T7

Parietal left •• P5-P3, P5-C5P1, P7
• •CPP5h P3

•• CP3TPP8h

Parietal right •• P6-P4, P6-CP6P2, P8
• •CPP6h P4

•• CP4TPP8h

—aFrontal midline • Fz

—Parietal midline • Pz

—Temporal midline • Cz

aNot available.
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Figure 2. Lab streaming layer event pipelines in the Wearable Cognitive Assessment and Augmentation Toolkit; buttons, stimuli, and metadata streamed
wirelessly using the embedded liblsl library to the laptop via an onboard wireless interface; fNIRS connected via wired USB-cable collected using
AuroraNIRS; EEG streamed via dedicated wireless dongle; data are saved to XDF files. DLL: Dynamic-Link Library; EEG: electroencephalogram;
fNIRS: functional near-infrared spectroscopy; WLAN: wireless-local area network; XDF: extensible data format.

Behavioral responses were recorded in WearCAAT where task
events (eg, stimulus presentation times, user responses via button
presses, etc) were time stamped in WearCAAT and wirelessly
streamed through LSL to a laptop (Windows 10) running
App-LabRecorder [41]. Concurrent EEG and fNIRS data were
also streamed wirelessly to the same laptop, which synchronized
all clock times and removed jitter automatically. While
WearCAAT supports Android, we only used an Apple iPad Pro
(sixth generation) as our mobile platform due to the consistency
of iOS devices. Using different operating systems and devices
from different manufacturers might introduce errors that are
harder to quantify [42], and that is out of scope for this body of
work.

Evaluation Protocol: Visual Oddball Paradigm
To provide empirical support and initial validation, we reported
our neuroimaging and behavioral outcomes obtained from the
abbreviated visual oddball task implemented via WearCAAT.
In this task, participants were presented with either 1 of 2 types

of visual stimuli where each consisted of 5 repeated letters and
asked to respond by tapping 1 of the 2, parallel and equally
sized, buttons at the bottom of the screen with the index finger
on their dominant hand. The target stimulus (“XXXXX”)
matched with the left-most button labeled “TARGET,” and the
standard stimulus (“OOOOO”) matched to the right-most button.
The interstimulus interval was 2 seconds, with stimuli
presentations lasting 0.5 seconds and the screen remaining blank
for 1.5 seconds. Target stimuli appeared infrequently relative
to the standard, with at least 7 to 21 standard stimuli appearing
between each target presentation to reduce participant
expectation. On average, each participant witnessed 11.87 (SD
1.15) standard stimuli between each successive target stimulus.
The total duration of the task was 4 minutes and occurred
between two 10-second baseline periods. Participants received
instructions verbally from the experimenters and in the app
before beginning each task, as depicted in Figure 3. Participants
began the task by tapping the “begin” button, which started the
baseline period followed by the oddball sequence.
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Figure 3. In-app instructions for the visual oddball task and examples of stimuli. (A) STANDARD stimulus on the left (OOOOO) and (B)TARGET
stimulus on the right (XXXXX). Stimuli are presented as rectangles with black font on a white background.

Signal Processing

Overview
The simultaneous 51-channel fNIRS and 32-channel EEG data
were collected from the full head in frontal, temporal, and
parietal locations as shown in Figure 4, with regions of interest
(ROI) detailed in Table 3. Our fNIRS and EEG data processing
pipeline for artifact removal (motion, physiological,

environmental, or equipment noise) and data conversion
(hemodynamic response extraction) was performed offline using
custom-built MATLAB (version R2024; MathWorks, Inc) codes
[43] and in accordance with published best practices [44-46].
We used the 8 fNIRS short channels to remove skin artifacts.
EEG data were additionally processed for the removal of eye
blinks, eye movement, muscle artifacts, power line noise, and
limiting the data within the range of 0 Hz to 45 Hz.
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Figure 4. Our hybrid cap design based on the modified 10-20 layout provided by NIRx. Electroencephalogram sensors are depicted in green, functional
near-infrared spectroscopy (fNIRS) source in blue, and fNIRS detectors in red. fNIRS short channel locations are shown with blue circles around the
red sources.

Given the large number of channels (32 for EEG and 43 long
separations for fNIRS), we organized the data into ROIs based
on both anatomical and functional considerations (detailed in
Table 3). To manage the data efficiently, we averaged the
responses for each stimulus (target and standard) separately
across all 57 participants, focusing on “valid” data from each
participant, channel, and stimulus. We determined a channel to
be invalid based on impedance for EEG (>30 kΩ) [47], and
Scalp Coupling Index (<0.4) for fNIRS [48]. Finally, we
averaged the score per channel across all participants and
grouped the channels based on their respective ROIs, reducing
the dimensionality of the dataset.

WearCAAT Markers: User Behavioral Responses
We gathered the response accuracy by evaluating the correct
and incorrect user responses and extracting the reaction times

to target and standard stimuli. We determined significance
between target and standard responses using the Wilcoxon test,
a nonparametric alternative to the paired 2-tailed t test when
the data do not follow a normal distribution.

EEG: Event-Related Potential
We extracted stimulus-locked data epochs (ERPs) from EEG
recordings using 0.2-second prestimulus and 1-second
poststimulus interval and performed a baseline correction by
subtracting the mean of the prestimulus data from the whole
data epoch. We then removed intrinsic response variability by
averaging multiple trials of epochs within the task to obtain an
averaged ERP for each stimulus (target and standard),
separately. Finally, we gathered the ERP features by extracting
the positive and negative peak amplitudes with their respective
timings, specifically focusing on the P300 component (positive
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deflection around 300 ms after the stimulus), which was shown
to be higher in target response as compared to the standard one
in the visual oddball task in healthy young adults [49,50].

fNIRS: Oxygenated Hemoglobin
We processed our fNIRS data by removing motion artifacts and
baseline shifts through wavelet and spline filters [44]. We further
removed physiological signals, cardiac, respiratory, and Mayer
waves, with a finite impulse response low-pass filter using the
cutoff frequency 0.08 Hz [51]. Finally, we converted the light
intensity measurements into changes in HbO and deoxygenated
hemoglobin using the modified Beer-Lambert Law with
published coefficients from the literature [52]. After using short
channel recordings to remove potential skin blood flow artifacts
from long channel recordings using a general linear model [53],
we extracted 20-second poststimulus data epochs and applied
baseline correction using the 1-second prestimuli onset. Notably,
since HbO was the most used fNIRS measure in studies
implementing the visual oddball task that was indicative of
cognitive activity–related changes in attention domain–specific
apps [23], we focused our results and comparisons to only HbO
outcomes in this study.

Results

Overview
We enrolled 57 participants in data collection, and all of them
performed all 11 tasks in 1 sitting. We observed zero participant
dropout with no app crashes or corrupted data. We excluded
data from our first 4 (7%) participants; 2 due to poor impedance
from improper cap setup, and 2 after a patch to WearCAAT that
altered the timing logic to improve the responsiveness of the
touch screen during timed loops. WearCAAT collected and
synchronized multiple concurrent streams of task-related data
(1 stream for stimulus; 1 for each button press; and 1 for
metadata and task events, such as task start and stop and baseline
start and stop) with no data loss in participant responses or
disconnects from the recording server. We also observed no
additional loss of information or signal content from the
combined fNIRS-EEG sensors as well. Participants reported no
complaints or concerns with the WearCAAT app, the
instructions provided either in app or verbally, or the overall
data collection procedure, indicating a low participant burden.
An example participant can be seen sitting comfortably during
collection in Figure 5.

JMIR Neurotech 2026 | vol. 5 | e78217 | p.21https://neuro.jmir.org/2026/1/e78217
(page number not for citation purposes)

Rokowski et alJMIR NEUROTECHNOLOGY

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 5. Participant during data collection, responding to a standard (infrequent) stimulus presented via the Wearable Cognitive Assessment and
Augmentation Toolkit.

User Response Times
We found that the mean RT for target stimuli was 718 (SD 148)
milliseconds and, for standard stimuli, it was 542 (SD 122)
milliseconds. The Wilcoxon test revealed significant differences
in RT to target (infrequent) stimuli as compared to the standard
(frequent) ones (Z=6.33; P<.001; r=0.87). These outcomes
indicated that the participants took longer to identify the target

stimulus than the standard stimulus. Participants’ mean percent
accuracy for identifying stimuli was 94.58 (SD 7.412) for the
target stimulus and 99.12 (SD 1.447) for the standard stimulus,
suggesting that participants identified and responded to the
frequent stimulus more correctly as compared to the infrequent
ones overall.
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EEG: Extracted P300
All participant-averaged (SEM) ERP waveforms obtained using
WearCAAT in an iPad for the abbreviated visual oddball task
for target (red) and standard (blue) stimulus in the parietal
midline (Pz) and central midline (Cz) regions are presented in
Figure 6, separately. Our results showed higher P300 amplitude
in response to target stimuli as compared to the standard one,

especially in the midline regions on the Cz and Pz locations, in
line with the published literature on computerized presentation
of a regular length (approximately 20 min) visual oddball task.
The Cz, presented in Figure 6, recorded a positive peak within
the 250-millisecond to 400-millisecond intervals at 356
milliseconds, having an amplitude of 3.5397 (SD 0.6258) μV
for the target stimulus and at 372 milliseconds with an amplitude
of 0.74667 (SD 0.4929) μV for the standard stimulus.

Figure 6. Mean amplitudes across participants in the central midline (Cz). Clouded regions represent the standard error of the mean. Red represents
target (infrequent) stimulus and blue represents (frequent) stimulus responses.

Similarly, the Pz, presented in Figure 7, recorded a peak at 296
ms with an amplitude of 2.7219 (SD 0.4756) μV in the target

stimulus and a peak at 268 ms with an amplitude of 0.949 (SD
0.3637) μV in the standard stimulus.
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Figure 7. Mean amplitudes across participants in the parietal midline (Pz). Clouded regions represent the standard error of the mean. Red represents
target (infrequent) stimulus and blue represents (frequent) stimulus responses.

fNIRS: Trends in Oxygenated Hemoglobin
As presented in Figure 8, the overall participant-averaged (SEM)
HbO activations in the right PFC demonstrated a clear, positive
increase in response to the target (red) stimulus peaking at

approximately 9 seconds and then returning to lower values
following the shape of a typical hemodynamic response function.
The standard stimulus (blue) did not generate an increased HbO
pattern.

Figure 8. Mean oxygenated hemoglobin activations in the frontal right region of interest across all participants. Clouded regions represent the standard
error of the mean. Red represents the target (infrequent) stimulus and blue represents the (frequent) stimulus responses. The aggregate frontal right
forehead region is displayed on the left, and the individual sensors of interest are displayed in the quadrant on the right.
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Same trends on HbO in response to target and standard stimuli
were observed in all right frontal fNIRS channels constituting
the right frontal ROI, as also presented separately in Figure 8.

Discussion

Principal Findings
We presented our analysis for the abbreviated visual oddball
task as presented and collected using WearCAAT and our
procedures. We found indications that electrophysiological and
hemodynamic activation patterns for the brain observed with
simultaneously collected fNIRS and EEG data follow expected
trends, despite the shorter runtime (4 min as opposed to 20 min
in commonly implemented versions of the task) and the mobile
app platform (as opposed to a computer screen).

Our initial hypothesis for the behavioral responses was
supported. We observed greater RTs to target (infrequent) versus
standard (frequent) stimuli. The Wilcoxon signed-rank test
demonstrated the significance for RT between infrequent and
frequent stimuli. These findings are consistent with previously
reported values in the literature for the visual oddball task
[54,55].

Interestingly, we also observed that periods of responses for
target stimuli were greater than some reported values, whereas
the standard stimuli RTs were much closer. This may be
attributed, in part, to the physical differences in iPad “soft”
buttons and the typical hardware switches commonly used with
the visual oddball task [20]. Traditional desktop setups report
participants using 2 distinct controllers (1 per hand), which
dedicate a controller response per stimulus type. In contrast
with our study, participants used a singular index finger to
switch between button presses. The typical delay reported
between stimulus types could be exacerbated by physical delays
introduced by a participant needing to move his finger from
hovering over 1 button to another one on the opposite side of
the iPad screen. As future work, we will ensure that participants
are instructed on how to hold the iPad, with relevant findings
from the literature.

Our second hypothesis regarding EEG was supported by the
successful extraction of P300 subcomponents from the ERP
waveform, described as a positive deflection in amplitude in
response to the target stimulus, appearing around 300
milliseconds after the stimulus from our collected data. We
obtained higher P300 amplitude in the midline ROIs (Pz and
Cz) for the infrequent (target) stimuli as compared to the
frequent (standard) stimuli, following the expected outcome as
reported in the literature [20,21,54,56]. Our average latencies
for P300 peaks in Pz and Cz were also within previously
reported bounds [57].

We noted the visual jaggedness of the P300 signals, seen in
Figures 6 and 7, which we expected to be smoother, as reported
in the literature. This could be caused by a combination of the
shortened task times and the grand averaging technique used
for analysis. Typical studies report task lengths of 20 minutes
or greater for the visual oddball task, whereas this study’s task
length was 4 minutes. Longer task times would produce 5 times
more trials for both target and standard stimuli per participant,

the averages of which would smooth out irregularities and
potential physiological artifacts in the time series. Further study
using WearCAAT, EEG, and the visual oddball task with longer
task times would provide more clarity on the matter.

Our second hypothesis regarding fNIRS was also supported by
the positive average HbO increases measured in the right PFC
in response to infrequent (target) stimuli as compared to the
frequent (standard) stimuli. Specifically, we observed the
increases in HbO in the frontal right ROI, which was widely
reported in the fNIRS literature where computerized and
traditional length visual oddball task was used [20,23]. In fact,
such findings were prominent in all right frontal channels when
considered separately as well as demonstrating an attention
domain–specific global activation in right PFC as measured by
fNIRS.

On usability, we point to the smoothness of data collection.
Specifically, the lack of complaints from the participants and
experimenters, combined with the zero-dropout rate and app
crashes, is to be noted. Given that users’ major concern with
mobile health apps is the perceived bugginess and clunkiness
of apps [15], we incorporated haptics and button color changes
as feedback to users’ actions. We assume the responsiveness
and perceived functionality of our WearCAAT implementation
is tolerable to young adults who are most fluent and comfortable
in app use. However, because we did not perform a formal
qualitative post–data collection survey, our interpretation is
limited to “no complaints were reported.” This limitation ought
to be accounted for in future studies with formal participant
surveys after participation to add qualitative metrics for
perceived clunkiness and usability.

Conclusions
In this study, we provided evidence for the technical validation
of mobile devices in task-based functional neuroimaging
research via the analysis of multimodal EEG-fNIRS and
behavioral data collected during an abbreviated mobile visual
oddball task from 57 healthy young adults. Specifically, our
goal was to evaluate whether behavioral effects, higher mean
responses to infrequent (target) versus frequent (standard)
stimuli, were present across participants. We also determined
if the P300 component obtained from the ERP waveform on
the midline and increases in measured HbO over the right PFC,
as measured by fNIRS for target stimuli as compared to the
standard ones, can be simultaneously captured using the visual
oddball task as implemented in our mobile app WearCAAT.
All desired features were elicited using an abbreviated visual
oddball task on a mobile platform, which demonstrated the
validity of WearCAAT functionality and synchrony for
functional neuroimaging studies.

While future work entails the validation of more tasks
implemented in the current iteration of WearCAAT, and
comparisons of fNIRS and EEG features for young versus older
adults, this work supports the use of mobile platforms for
cognitive neuroimaging.

WearCAAT will soon be easily accessible through both Google
Play and Apple App Stores. It is our hope that the wide range
of reconfigurable neurocognitive tasks, usability, and ease of
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use with extant neuroimaging setups will enable nontechnical
users to leverage mobile pocket laboratories in future studies
and begin to answer outstanding questions in ecological validity.
We believe the validation of technical ability as reported in this

experiment lends confidence to the pocket lab paradigm and
informs future studies into human behavior, in and out in the
wild.
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Abstract

Background: Multimodal artificial intelligence systems combining text and image analysis represent a paradigm shift in clinical
decision support. While GPT-4 with Vision (GPT-4V) has shown promise in medical imaging interpretation, existing studies
report inconsistent performance (16%‐80% accuracy) across radiological subspecialties. Critical knowledge gaps persist regarding
GPT-4V’s capability to integrate clinical history with imaging findings in complex neuroradiology scenarios, and fundamental
questions remain about whether the model appropriately balances visual and textual information sources when formulating
diagnoses. Furthermore, documented artificial intelligence hallucination rates of 35.5% to 63% in radiology applications raise
urgent safety concerns, yet the relationship between modality utilization patterns and diagnostic accuracy remains unexplored.

Objective: This study aims to evaluate GPT-4V’s diagnostic accuracy on expert-validated neuroradiology board-style examination
questions and to examine the model’s self-reported reliance on imaging versus clinical text data when making diagnostic decisions.
A secondary objective was to examine whether self-characterized modality utilization patterns differed systematically between
correct and incorrect diagnoses, potentially identifying specific failure modes requiring targeted mitigation strategies.

Methods: This cross-sectional study evaluated GPT-4V using 29 neuroradiology cases from the RSNA (Radiological Society
of North America) Case Collection, covering adult brain and central nervous system pathologies imaged via computed tomography
or magnetic resonance imaging. The cases were authored by board-certified radiologists. GPT-4V was accessed via ChatGPT
Plus (July 2024) with standardized prompts selecting 1 answer from 4 options, providing diagnostic rationale, and quantifying
the percentage contributions of image versus text data. Binary scoring assessed diagnostic performance (correct=1, incorrect=0).
Statistical analysis included Wilson score CIs, a binomial test comparing accuracy to chance, and a 2-tailed t test comparing
self-reported modality reliance between correct and incorrect diagnoses (α=.05, Cohen d calculated).

Results: GPT-4V correctly diagnosed 22 of 29 cases (76% accuracy, 95% CI 57.9%-87.8%), significantly exceeding the chance
performance of 25% (z=6.33; P<.001). The model self-reported mean contributions of 66.1% from imaging (95% CI 63.5%‐68.8%)
and 33.9% from text (95% CI 31.2%‐36.5%). Correct diagnoses (n=22) showed significantly lower self-reported image reliance
(62.8%, 95% CI 61.3%‐64.3%) compared to incorrect diagnoses (n=7; 76.7%, 95% CI 73.5%‐80.0%), with a mean difference
of 13.9 percentage points (95% CI 10.6‐17.3; P<.001; Cohen d=4.08, 95% CI 2.73‐5.43). All 7 incorrect diagnoses demonstrated
image-dominant attribution ≥70% (Fisher exact test P<.001), suggesting that excessive visual reliance may indicate diagnostic
risk.

Conclusions: The 76% accuracy substantially exceeds prior GPT-4V radiology studies (43%), demonstrating that focused
domain application with structured prompting enhances performance. Incorrect diagnoses are associated with higher self-reported
visual reliance, suggesting a potential failure mode warranting experimental validation. This pattern identifies a potentially
actionable signal for quality assurance systems. Clinical deployment should remain restricted to supervised educational applications
with mandatory radiologist oversight until balanced context-aware integration is validated.

(JMIR Neurotech 2026;5:e69708)   doi:10.2196/69708
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clinical decision-making; text-image integration; board exam questions; RSNA Case Collection

JMIR Neurotech 2026 | vol. 5 | e69708 | p.30https://neuro.jmir.org/2026/1/e69708
(page number not for citation purposes)

Sussan et alJMIR NEUROTECHNOLOGY

XSL•FO
RenderX

http://dx.doi.org/10.2196/69708
http://www.w3.org/Style/XSL
http://www.renderx.com/


Introduction

Background
The advent of multimodal artificial intelligence (AI) systems
represents a transformative shift in medical diagnostics,
particularly in radiology, where clinical decision-making
requires integrated analysis of imaging findings and clinical
context. Multimodal AI models combine diverse data modalities,
such as imaging, text, structured records, and physiological
signals, into unified analytical frameworks [1-3]. Recent
advancements in transformer architectures and foundation
models have enabled unprecedented capabilities in processing
heterogeneous medical data [4-6], with AI adoption in radiology
accelerating rapidly in recent years [7].

OpenAI’s GPT-4 with Vision (GPT-4V), released in 2023,
exemplifies this multimodal paradigm by enabling the
simultaneous interpretation of text and images. Large language
models (LLMs) have demonstrated utility in radiology report
generation, board exam preparation, and clinical decision
support [8-11], with studies reporting significant improvements
in efficiency and consistency [7]. However, the addition of
visual integration has yielded contradictory performance patterns
across radiological subspecialties, raising fundamental questions
about how these models process and integrate information from
different modalities.

Current Evidence and Critical Knowledge Gaps
Empirical evaluations reveal substantial heterogeneity in
GPT-4V diagnostic accuracy. Huppertz et al [12] demonstrated
that diagnostic accuracy improved from 8.3% with images alone
to 29.1% with contextualized prompts, though the model
exhibited pronounced context bias and frequent fabricated
findings, with similar concerns documented in other multimodal
evaluations [13]. Studies report GPT-4V accuracy ranging from
16% to 49% in challenging radiology cases (characterized by
rare pathologies, subtle findings, or complex differentials),
consistently below trained radiologists’ performance [14-16].
Albaqshi et al [17] found that among 6 LLMs evaluated on 56
neuroradiology cases, Claude 3.5 achieved the highest accuracy
(80.4%), with LLMs performing comparably to first-year fellows
while showing high consistency across repeated queries.
Systematic reviews confirm variable results (16%‐80%
accuracy) depending on case difficulty, prompt engineering,
and domain specificity [18,19].

Fundamental questions persist about how GPT-4V integrates
visual and textual information. Multiple studies document
limited visual interpretation capabilities: Schramm et al [20]
identified textual descriptions as the strongest contributor to
performance, while Albaqshi et al [17] demonstrated that
image-only accuracy plummeted to 21.5% to 63.1% compared
to 62.5% to 76.8% with combined inputs. Conversely, some
studies show GPT-4V’s superiority over text-only approaches
[21], while others report text-only models outperforming
multimodal implementations [16,22,23]. These findings suggest
a critical paradox: adding visual capabilities may not enhance
but can potentially degrade diagnostic performance when
multimodal integration is suboptimal.

A critical barrier to clinical deployment is AI hallucinations,
the plausible but incorrect information that appears factually
grounded [7,24-26]. LLM hallucinations in medical contexts
remain a critical concern [7], manifesting as fabricated findings
or misidentified modalities [12,26,27]. Jin et al [24] documented
“hidden flaws behind expert-level accuracy,” revealing
systematic errors obscured by superficially correct outputs.
Current literature lacks systematic investigation of whether
diagnostic failures correlate with specific modality utilization
patterns. Understanding these patterns is essential for safe
deployment, as systematic overreliance on either modality could
lead to predictable failure modes requiring targeted mitigation.

Current multimodal foundation models exhibit limitations
precluding autonomous diagnostic use: inconsistent results
across identical inputs, tendency toward confabulation [26,27],
sensitivity to prompt engineering [28], lack of transparency
[12,25], and variable performance across modalities and
anatomical regions [12,29]. Recent position statements
emphasize that AI integration must prioritize human-AI
collaboration frameworks, transparent uncertainty quantification,
and mandatory expert oversight [7,30]. Despite growing
literature on diagnostic accuracy, critical gaps remain regarding
(1) how multimodal AI characterizes its reliance on visual versus
textual inputs, (2) whether modality attribution patterns differ
between correct and incorrect diagnoses, and (3) whether
self-reported information utilization reflects actual processing
versus post hoc rationalization [17].

Study Objectives
This study addressed two objectives: (1) to evaluate GPT-4V’s
diagnostic accuracy on expert-validated neuroradiology
board-style questions, providing benchmark performance data
under standardized conditions and (2) as an exploratory analysis
to document GPT-4V’s self-reported reliance on imaging versus
clinical text and examine whether self-characterized modality
utilization patterns differ between correct and incorrect
diagnoses. We acknowledge that determining whether these
self-assessments reflect actual information processing versus
post hoc rationalization requires rigorous experimental
validation through controlled text-only and image-only
conditions.

Methods

Study Design and Data Source
This cross-sectional study, reported according to JARS-Quant
guidelines [31], evaluated GPT-4V’s diagnostic accuracy using
29 neuroradiology cases from the RSNA (Radiological Society
of North America) Case Collection. The cases included adult
brain and central nervous system pathologies imaged via
computed tomography (CT) or magnetic resonance imaging
(MRI; Table S1 in Multimedia Appendix 1, Figure S5.1 and
Table S2.1 in Multimedia Appendix 2, and Table S6.1 in
Multimedia Appendix 3). Each case included a clinical vignette
and diagnostic-quality imaging studies (Figures S2 in
Multimedia Appendix 4 and Figure S3 in Multimedia Appendix
5, respectively). The inclusion criteria required expert-verified
diagnoses in multiple-choice format; the cases were authored
by board-certified radiologists and underwent editorial review
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following established quality standards for educational radiology
assessments [32], analogous to standardized board examination
validation. Cases were excluded if they involved pediatric
patients, lacked diagnostic images, or had no definitive correct
answer.

While the RSNA Case Collection’s restricted membership access
reduces the likelihood of training data contamination, we
acknowledge that with closed-source models, data leakage
cannot be definitively ruled out and could artificially inflate
performance estimates. All case materials were deidentified and
used with permission. The cases were accessed in July 2024.

Assessment and Scoring Methodology
Complete prompt structure, standardized instructions, and
example responses are documented in Multimedia Appendix 4
(Parts A-E), ensuring reproducibility. Binary scoring evaluated
diagnostic performance: correct (score=1) if the model’s answer
matched the peer-reviewed correct diagnosis from RSNA
documentation; incorrect (score=0) otherwise (Table S6.1 in
Multimedia Appendix 3 and Table S7.1 and Section 8.1 in
Multimedia Appendix 6). All cases underwent peer review and
editorial vetting by the RSNA’s editorial board prior to
publication (Multimedia Appendix 5). No partial credit was
given. Overall accuracy was calculated as percentage correct
out of 29 cases. As exploratory measures, we recorded
self-assessed percentage influence of image versus text for each
case, emphasizing that these represent subjective self-reports
rather than validated measurements of actual information
contribution (Table S7.2 and Section 8.1 in Multimedia
Appendix 6).

Ethical Considerations
This study did not constitute human subjects research as defined
by US Department of Health and Human Services regulations
at 45 CFR 46.102(e) and (l) [33]. The study involved secondary
analysis of fully deidentified educational case materials from
the RSNA Case Collection, accessed through authorized
membership. No living individuals were contacted, and no
identifiable private information was obtained, used, or generated.
The RSNA Case Collection requires authors to remove all
patient identifiers prior to submission (Multimedia Appendix
5). All figures and multimedia appendices in this study contain
only fully deidentified radiological images and clinical
information from the RSNA Case Collection, with no possibility
of individual identification.

Missing Data Analysis
All 29 cases included in the analysis had complete data for the
primary outcome (diagnostic accuracy; Table S5.1 in
Multimedia Appendix 7). Each case successfully elicited a
diagnostic response from GPT-4V, with the model selecting 1
of 4 answer options in all instances. For the exploratory modality
attribution measures, the model provided self-reported
percentage contributions (image vs text) for all 29 cases,
resulting in zero missing data for both primary and exploratory
outcome measures (Figure S5.1 in Multimedia Appendix 7 and
Part C in Multimedia Appendix 4). Therefore, no imputation
procedures or missing data analyses were necessary. The
completeness of data reflects the controlled nature of the study

design, where GPT-4V was systematically prompted to provide
both diagnostic answers and modality attribution percentages
for each case. One trial per case was conducted with
standardized prompts designed to elicit complete responses.
The single-trial design means that response variability across
multiple trials was not assessed. GPT-4V’s temperature setting
and stochastic sampling could produce different responses on
repeated trials; this variability is addressed in the Limitations
section. The study protocol specified that any case with
incomplete model responses would be excluded and reported
as a protocol deviation. This scenario did not occur.

Statistical Considerations
The sample size (N=29) was determined by available cases
meeting the inclusion criteria (Tables S3.1 and S3.2 in
Multimedia Appendix 8 document post hoc power >99.9% for
primary analysis, 97% for exploratory analysis, and ±16.3
percentage point margin of error). Statistical significance was
assessed using a 2-sided alpha level of .05 for all hypothesis
tests. Statistical analysis was primarily descriptive (Tables
S6.1-S6.2 in Multimedia Appendix 3). Statistical analysis used
a 2-sample 2-tailed t test with standard error–based CIs for
continuous variables; Wilson score method was applied
separately for the diagnostic accuracy proportion (Table S4.2
in Multimedia Appendix 9 presents complete 2-tailed t test
results: t27=9.40; P<.001, Cohen d=4.08; Tables S5.3-S5.5 in
Multimedia Appendix 7 verify assumptions, including normality
and equal variances, and provide comprehensive descriptive
statistics). We compared the findings qualitatively to previous
studies [20-23,30].

A 1-sample binomial test assessed whether diagnostic accuracy
exceeded random guessing (25% for 4-option questions, z=6.33,
P<.001; Table S4.1 in Multimedia Appendix 9). CIs for
proportions were calculated using the Wilson score method.
For modality weighting, 95% CIs were calculated using the t
distribution. A 2-sample 2-tailed t test compared self-reported
image reliance between correct and incorrect cases. Effect sizes
(Cohen d) with 95% CIs are reported to allow readers to interpret
clinical and statistical significance (Table S4.3 in Multimedia
Appendix 9 shows all incorrect diagnoses demonstrated
image-dominant attribution ≥70%, Fisher exact test P<.001;
Table S5.2 in Multimedia Appendix 7 confirms no statistical
outliers; Tables S7.1 and S7.2 and Section S8.2 in Multimedia
Appendix 6 document variable definitions and derived
measures). Complete statistical methods are detailed in
Multimedia Appendix 9.

Figure 1 is the systematic methodology for evaluating GPT-4V
diagnostic performance on 29 neuroradiology cases from the
RSNA Case Collection. The workflow includes (1) data
sources—cases containing CT or MRI scans of adult brain and
central nervous system pathologies, clinical vignettes, and
peer-reviewed multiple-choice questions; (2) standardized
prompt structure—a consistent template instructing GPT-4V to
review all radiographic imaging, select 1 diagnostic answer
from 4 options, provide diagnostic rationale, and quantify the
percentage contribution of visual versus textual information to
its diagnostic decision (exploratory outcome measure); and (3)
ChatGPT Plus implementation—prompt delivery via ChatGPT
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Plus web interface. This structured methodology ensures
standardized evaluation while systematically capturing the
model’s self-reported reliance on visual versus textual

information sources. One trial per case was conducted without
iterative prompting to simulate real-world clinical conditions
where single diagnostic assessments are typical.

Figure 1. Prompt engineering workflow for GPT-4 with Vision (GPT-4V) evaluation in neuroradiology board-style questions: a cross-sectional study
of 29 adult brain and central nervous system pathologies from the RSNA Case Collection (July 2024). API: application programming interface; CT:
computed tomography; MRI: magnetic resonance imaging.

Figure 2 is a representative infectious disease case (Table S6.1
in Multimedia Appendix 3, Case #14: Neurocysticercosis) from
the RSNA Case Collection, 1 of 29 adult brain and central
nervous system pathology cases (Figure S5.1 in Multimedia
Appendix 2, Table S6.1 in Multimedia Appendix 3) used in this
July 2024 cross-sectional evaluation (Figure S5.1 in Multimedia
Appendix 2) of GPT-4V diagnostic accuracy. This case features
a 32-year-old male presenting with first-time seizure (complete
case vignette in Multimedia Appendix 5) and includes (1) a
clinical vignette containing patient demographics, symptoms,
and history (textual information) and (2) diagnostic-quality
neuroimaging studies in PNG format (image format not

documented in appendices) obtained via CT or MRI (visual
information; Multimedia Appendix 5 and Figure S5.1 in
Multimedia Appendix 2). GPT-4V was required to integrate
both clinical context and imaging findings (Part A: standardized
prompt structure in Multimedia Appendix 4) to select the correct
diagnosis from 4 multiple-choice options (Part A in Multimedia
Appendix 4 and Answer Choices A-D in Multimedia Appendix
5), with self-reported percentage contributions from each
modality recorded as an exploratory measure (Parts A-B in
Multimedia Appendix 4; Table S6.1 in Multimedia Appendix
3 confirms 65% image, 35% text attribution for this case).
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Figure 2. Representative infectious disease neuroradiology case from the RSNA Case Collection demonstrating clinical context integration in GPT-4
with Vision (GPT-4V) multimodal diagnostic decision-making.

Figure 3 is a complex neuroradiology case (Table S6.1 in
Multimedia Appendix 3, Case #19: Syntelencephaly) from this
July 2024 cross-sectional study (Figure S5.1 in Multimedia
Appendix 2) evaluating GPT-4V’s diagnostic performance on
29 adult brain and central nervous system pathology cases from
the RSNA Case Collection. This case involves a 31-year-old
male patient with developmental brain abnormalities and
seizures (Multimedia Appendix 5: complete case presentation
with clinical vignette, developmental history). The case structure
provided to GPT-4V included (1) clinical vignette describing
patient demographics, symptoms (seizures), developmental
history, and relevant neurological findings (textual data) and
(2) complete series of diagnostic-quality neuroimaging studies
obtained via CT or MRI in standardized PNG format (image
format not documented); visual data (Part A in Multimedia
Appendix 4 and Multimedia Appendix 5). This case exemplifies

challenging diagnostic scenarios where developmental
malformations present subtle imaging findings requiring
expert-level integration of both clinical context and radiological
interpretation (Table S6.1 in Multimedia Appendix 3 confirms
correct diagnosis; Table S2.1 in Multimedia Appendix 2 shows
Developmental category: 100% accuracy).

The mean self-reported modality contributions across diagnostic
outcomes for 29 neuroradiology cases from the RSNA Case
Collection are presented. The data are shown for all cases
(N=29), correct diagnoses (n=22), and incorrect diagnoses (n=7).
Image contributions are normalized to 1.0 (blue bars) to enable
comparison across categories; text contributions appear as ratios
(purple bars). Error bars represent 95% CIs for text:image ratios.
Incorrect diagnoses showed significantly higher self-reported
image reliance (76.7%) compared to correct diagnoses (62.8%),

JMIR Neurotech 2026 | vol. 5 | e69708 | p.34https://neuro.jmir.org/2026/1/e69708
(page number not for citation purposes)

Sussan et alJMIR NEUROTECHNOLOGY

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


with a mean difference of 13.9 percentage points (P<.001; Cohen d=4.08; Tables S4.2-S4.3 in Multimedia Appendix 9).

Figure 3. Representative developmental brain malformation case highlighting complex multimodal integration requirements for accurate artificial
intelligence (AI) diagnosis.

Results

Overview of Primary and Exploratory Findings
Our primary finding is that GPT-4V achieved 76% diagnostic
accuracy (22 out of 29 correct diagnoses) on expert-validated
neuroradiology cases, significantly exceeding chance
performance. Secondary exploratory findings regarding
self-reported modality utilization should be interpreted
cautiously, as they represent the model’s characterization of its
process rather than validated measurements of actual information
use.

Diagnostic Performance
GPT-4V correctly diagnosed 22 out of 29 neuroradiology cases,
yielding 76% accuracy (95% CI 57.9%‐87.8% by Wilson
method), significantly above the 25% expected by chance
(z=6.33; P<.001; Table S1 in Multimedia Appendix 1, Table
S4.1 in Multimedia Appendix 9, and Table S6.1 in Multimedia
Appendix 3). This exceeds the 43% accuracy (31/72 cases)

reported by Mukherjee et al [34] for GPT-4V on RSNA “Case
of the Day” challenges, suggesting that within focused domains
under structured prompting, GPT-4V’s performance can be
enhanced. The multiple-choice format (Part A in Multimedia
Appendix 4 and Multimedia Appendix 5) may have aided
performance by providing plausible options rather than requiring
open-ended diagnosis generation. However, we acknowledge
that data leakage cannot be definitively ruled out with
closed-source models, and any training data contamination could
have contributed to this performance.

Multimodal Data Integration Patterns
As an exploratory analysis, we examined GPT-4V’s
self-reported percentage contributions of visual versus textual
information to diagnostic decisions. The model reported that
image data contributed 66% (95% CI 63.5%‐68.8%) and
textual data 34% (95% CI 31.2%‐36.5%) on average (Table
S1 in Multimedia Appendix 1 and Table S5.5 in Multimedia
Appendix 7). The overall text:image ratio was 0.53; however,
this ratio varied by diagnostic outcome: correct diagnoses
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showed 0.60 versus incorrect diagnoses at 0.31 (Figure 4; Table
S4.2 in Multimedia Appendix 9), suggesting that errors may be
associated with self-characterized overreliance on imaging
(Table S4.3 in Multimedia Appendix 9 shows that 100% of
incorrect diagnoses had image-dominant attribution ≥70%,
Fisher exact P<.001; Table S6.1 in Multimedia Appendix 3

provides case-level data). Whether this reflects actual
information processing or post hoc rationalization requires
rigorous experimental validation through controlled text-only
and image-only conditions (Section 8.1 in Multimedia Appendix
6 documents interpretation limitations and validation
requirements).

Figure 4. Self-reported image and text contributions by diagnostic outcome in GPT-4V neuroradiology evaluation.

Comparative Analysis
Our 76% accuracy (95% CI 57.9%-87.8%; Table S4.1 in
Multimedia Appendix 9 and Table S1 in Multimedia Appendix
1) substantially exceeds the 43% from Mukherjee et al [34],
who found that GPT-4V performed worse on imaging-dependent
cases (39%) than on text-only inputs (50%), suggesting heavy
reliance on textual information. Our focused neuroradiology
approach (Table S6.1 in Multimedia Appendix 3 and Table S2.1
in Multimedia Appendix 2) with multiple-choice format (Part
A in Multimedia Appendix 4 and Multimedia Appendix 5) was
associated with more robust performance, though differences
in case difficulty between the RSNA Case Collection and
Annual Meeting case sets may also contribute. Domain-specific
factors and question format appear to influence success.

Our findings contrast with those of Hirosawa et al [22], who
reported that GPT-4V attributed only 30% of decisions to image
data on general case reports, with text-only GPT-4
outperforming GPT-4V (55.9% vs 44.4%). Our substantially
higher image utilization (66%; 95% CI 63.5%-68.8%; Table
S1 in Multimedia Appendix 1 and Table S5.5 in Multimedia
Appendix 7) may reflect our explicit prompting to consider and

quantify image information (Part A in Multimedia Appendix 4
documents modality quantification instructions) or the
imaging-centric nature of neuroradiology cases compared to
general medical case reports. These results suggest that GPT-4V
makes extensive use of visual data, but improved outcomes
depend on accurate image interpretation within the clinical
context.

Discussion

Summary of Main Findings
This study addressed 2 primary objectives: evaluating GPT-4V’s
diagnostic accuracy on expert-validated neuroradiology
board-style questions and exploring self-reported reliance on
imaging versus clinical text during diagnostic decision-making.
Both objectives were successfully addressed. GPT-4V achieved
76% diagnostic accuracy on expert-validated neuroradiology
cases, substantially exceeding prior performance on RSNA
materials (76% vs 43% from Mukherjee et al [34] on case of
the day challenges), though differences in case selection and
difficulty limit direct comparison. Exploratory analysis revealed
an inverse relationship: incorrect diagnoses were associated
with higher self-reported visual reliance compared to correct
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diagnoses. While these represent the model’s
self-characterization rather than validated measurements, this
pattern generates testable hypotheses about multimodal
integration failure modes. This is among the first studies
systematically documenting how multimodal AI self-reports
reliance on different information sources during clinical
diagnosis.

Interpretation and Comparison to Literature
Our findings contribute to emerging evidence regarding
multimodal AI diagnostic accuracy and information integration
patterns. Superior performance compared to prior studies [34]
demonstrates that diagnostic accuracy depends critically on
domain specificity, question format, and prompt engineering,
all of which suggest that performance cannot be characterized
by single global metrics but varies substantially based on the
implementation approach.

The exploratory finding regarding modality attribution, where
diagnostic errors were associated with higher self-reported image
reliance, aligns with multiple studies. Schramm et al [20]
identified textual descriptions as the strongest contributor to
performance, while Hayden et al [16] found that GPT-4V
performed significantly worse on image-based questions (47.8%)
compared to text-only questions (81.5%). Albaqshi et al [17]
demonstrated that image-only accuracy plummeted compared
to text-with-image performance. Our pattern may reflect a failure
mode in which the model attempts to extract diagnostic
information primarily from visual data despite limited visual
interpretation capabilities, thereby neglecting critical clinical
context that might correct misinterpretations.

This image-dominant failure pattern warrants deeper mechanistic
consideration. Incorrect diagnoses showed substantially higher
self-reported image reliance compared to correct diagnoses,
with a very large effect size, suggesting this is not merely
statistical noise but a consistent pattern in self-reported
attribution that determines whether this reflects actual
information processing or post hoc rationalization. The fact that
all incorrect diagnoses demonstrated image-dominant attribution
patterns is particularly striking and suggests a potential “tipping
point” beyond which diagnostic accuracy deteriorates markedly.

Several mechanisms could explain this pattern, though
experimental validation is required to test these hypotheses.
First, if visual processing capabilities lack domain-specific
fine-grained discrimination for subtle radiological findings,
excessive reliance on visual inputs might lead to confident but
incorrect diagnoses. Second, the insufficient integration of
clinical context could contribute to diagnostic errors. Third,
architectural factors in multimodal integration remain
unexplored and warrant investigation through controlled
experiments with systematic input manipulation. These proposed
mechanisms are speculative and require rigorous testing through
image-only, text-only, and combined conditions to validate
whether self-reported attribution patterns reflect actual
information processing.

Comparison with human diagnostic patterns is instructive.
Experienced radiologists typically use iterative hypothesis
refinement, beginning with clinical context to generate

differential diagnoses, and then using imaging to confirm or
refute specific possibilities [30]. This approach naturally
balances modalities by forcing explicit integration. In contrast,
GPT-4V may process visual and textual streams more
independently, with final outputs reflecting whichever stream
activates more strongly rather than true synthesis. Potential
architectural or integration limitation could explain why adding
visual capabilities sometimes degrades rather than enhances
performance [16,22,23], though our observational data cannot
establish this mechanism.

Our finding of higher overall image utilization compared to
some studies [22] may reflect explicit prompting to quantify
image contribution or the imaging-centric nature of
neuroradiology cases. However, the consistency of the
image-dominant failure pattern across diverse pathology
categories within neuroradiology (Table S6.2 in Multimedia
Appendix 3) suggests this is not merely an artifact of case
selection within this domain. Whether this pattern generalizes
to other radiological subspecialties or medical domains requires
investigation in diverse clinical contexts. Our observed overall
image utilization, while seemingly reasonable, may actually be
excessive given that textual clinical information often carries
disproportionate diagnostic weight relative to its volume.

That Busch et al [21] demonstrated GPT-4V’s superiority over
text-only approaches in some tasks suggests the relationship
between modality contribution and diagnostic success is
task-dependent and complex. This task dependency likely
reflects varying degrees of diagnostic specificity achievable
through visual inspection alone versus requiring clinical
correlation. For conditions with pathognomonic imaging features
(eg, calcified subependymal nodules in tuberous sclerosis),
visual dominance may succeed. For conditions requiring
clinical-radiological synthesis (eg, distinguishing demyelination
patterns based on temporal profile), balanced integration
becomes essential. Our results suggest that GPT-4V may not
appropriately adjust modality weighting for different diagnostic
scenarios, though whether this reflects limitations in actual
processing versus self-assessment requires validation through
controlled experiments.

The broader implications extend to fundamental questions about
multimodal AI architecture. Current vision-language models
typically use late fusion, where separate encoders process each
modality before combining representations [35,36]. This
approach, while computationally efficient, may fail to capture
complex cross-modal dependencies essential for medical
reasoning [37,38]. Early fusion architectures that enable deeper
integration from initial processing stages, or attention
mechanisms explicitly trained to modulate cross-modal influence
based on task demands, may better support the dynamic
modality balancing that expert diagnosis requires. Our finding
that incorrect diagnoses systematically show imbalanced
modality utilization provides empirical motivation for such
architectural innovations.

Clinical Safety and Deployment Implications
Examination of incorrect responses revealed 2 critical failure
patterns that have distinct clinical implications. First, the model
frequently generated hallucinated rationales citing nonexistent
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findings [24], consistent with documented hallucination rates
of 35.5% to 63% in GPT-4V radiology applications [10,12,24].
Second, some errors reflected overemphasis on prominent visual
findings while neglecting subtle clinical context, demonstrating
that visual misinterpretations can lead the model astray when
clinical information is insufficiently weighted.

These failure patterns carry distinct clinical risks requiring
targeted mitigation strategies. Hallucinated findings are
particularly dangerous because they appear authoritative and
specific, potentially misleading clinicians who may not
independently verify each claimed observation. In our study,
hallucinations included references to imaging features not
present in the provided images, incorrect anatomical
localizations, and fabricated quantitative measurements. Such
errors could lead to unnecessary interventions, incorrect
diagnoses being entered into medical records, or delayed
recognition of actual pathology.

The image-dominant failure mode presents a different risk
profile. By over-weighting visual information that it cannot
accurately interpret, GPT-4V may generate diagnoses that
superficially align with prominent imaging features while
missing the correct diagnosis that clinical context would suggest.
This pattern is especially concerning in cases where imaging
findings are nonspecific, but clinical history is highly
discriminating. For example, ring-enhancing lesions have broad
differential diagnoses, but patient age, immune status, and
geographic location dramatically narrow possibilities [39]. A
system that overrelies on imaging might suggest common
etiologies based on visual appearance while missing the correct
diagnosis apparent from clinical context.

These limitations mandate restricted deployment. GPT-4V
should be implemented only as an educational tool or
decision-support aid that highlights findings for human review
but never as an autonomous diagnostic system. Any radiological
application must include mandatory radiologist oversight, with
AI output supplementing rather than replacing expert, as
emphasized in multisociety professional guidelines [40-42].
Institutional protocols should explicitly prohibit applications
bypassing human review. These restrictions remain necessary
until multimodal integration capabilities achieve consistent,
balanced utilization of both clinical and imaging information.

Specific implementation guidelines should include (1) interface
design that presents AI outputs as preliminary suggestions
explicitly requiring verification rather than definitive
conclusions [43-45]; (2) transparent uncertainty quantification,
ideally displaying the model’s self-reported modality
contributions alongside confidence estimates to flag high-risk
image-dominant attributions; (3) training programs educating
users about characteristic failure modes, particularly the
tendency toward hallucinated findings and image-dominant
errors; (4) future quality assurance protocols could explore
whether AI attribution patterns predict diagnostic errors, though
the 70% threshold observed in our small sample requires
validation across larger, diverse datasets before clinical
implementation; and (5) mandatory documentation of AI
involvement in clinical reports to ensure appropriate medicolegal

clarity and enable post hoc analysis of AI-associated diagnostic
errors.

Workflow integration must preserve rather than undermine
human expertise. Systems should be designed as “AI-assisted”
rather than “AI-augmented” workflows, maintaining radiologist
agency and encouraging critical evaluation. Evidence from other
domains suggests that over-reliance on AI recommendations
(automation bias) can degrade human performance, particularly
when users lack mechanisms to assess AI reliability [43,44].
Interfaces should therefore facilitate the easy verification of AI
claims, such as by highlighting specific image regions
purportedly showing claimed findings, enabling radiologists to
quickly confirm or refute visual interpretations.

Regulatory frameworks must evolve to address multimodal AI’s
unique challenges. Traditional medical device regulations focus
on performance metrics including sensitivity, specificity, and
accuracy but may inadequately address systematic failure modes,
such as modality-specific overreliance or hallucination
propensity [46,47]. Regulatory approval should require (1)
comprehensive characterization of failure modes across diverse
clinical scenarios, (2) validation that modality integration
patterns align with domain expertise, (3) demonstration of
appropriate uncertainty quantification, and (4) postmarket
surveillance systems tracking AI-associated diagnostic errors.
Our finding that image-dominant attribution predicts errors
suggests that regulatory frameworks should incorporate modality
balance metrics, potentially flagging deployments where typical
attribution patterns diverge substantially from expert norms.

Educational implications are equally important. Radiology
trainees must develop critical AI literacy, understanding both
capabilities and characteristic failure modes of multimodal
systems [48-50]. Training should include (1) recognition of
hallucinated findings and strategies for systematic verification;
(2) awareness that confident AI outputs may reflect overreliance
on misinterpreted visual features; (3) skills in integrating AI
suggestions with clinical reasoning rather than accepting them
uncritically; and (4) understanding of when AI assistance is
likely beneficial versus potentially misleading. Paradoxically,
effective AI integration may require heightened rather than
reduced emphasis on foundational clinical-radiological
correlation skills [51-53], as overreliance on AI tools can
diminish core competencies including diagnostic reasoning and
clinical pattern recognition.

Comparison with human diagnostic errors provides important
context. Radiologists also commit errors, with estimated miss
rates varying by modality and pathology but often ranging from
3% to 5% for routine interpretations to 30% for subtle or
complex findings [54,55]. However, human errors typically
differ qualitatively from AI failures. Radiologists rarely
hallucinate findings that do not exist; rather, they may overlook
subtle abnormalities or misclassify ambiguous features [54,55].
Human errors often reflect attention limitations, cognitive biases,
or knowledge gaps [56,57]. These are failure modes with
well-established mitigation strategies, such as double-reading,
checklists, and continuing education [58,59]. In contrast, AI
hallucinations and systematic modality imbalances represent
novel failure modes requiring new quality assurance approaches.
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Our observed accuracy, while exceeding prior GPT-4V studies,
remains below expert radiologist performance and insufficient
for autonomous deployment. However, the more fundamental
concern is not the accuracy level per se but the nature of failures.
A system with 76% accuracy that fails randomly might be safely
deployable with appropriate oversight, as human review would
catch diverse errors. But a system showing systematic failure
patterns (like our finding that image-dominant attribution
reliably predicts errors) requires more cautious implementation,
as certain case types may be systematically mishandled. Future
deployment decisions must consider not only overall
performance but failure pattern predictability and their alignment
with human error patterns.

Our finding of higher overall image utilization compared to
some studies [22] may reflect explicit prompting to quantify
image contribution or the imaging-centric nature of
neuroradiology cases. That Busch et al [21] demonstrated
GPT-4V’s superiority over text-only approaches in some tasks
suggests the relationship between modality contribution and
diagnostic success is task-dependent and complex.

Limitations
Several important limitations affect the interpretation of our
findings. The primary concern is reliance on self-reported
attribution of image versus text utilization, which may represent
post hoc rationalizations rather than actual information
processing. Rigorous validation requires controlled experiments
comparing text-only, image-only, and multimodal conditions
with information-theoretic metrics, such as mutual information
between modalities and diagnostic accuracy.

The sample size of 29 neuroradiology cases limits statistical
power for subgroup analyses and restricts generalizability to
other radiological subspecialties. Performance in other
subspecialties may differ substantially [21], and findings should
not be extrapolated beyond adult neuroradiology.
Multiple-choice format may overestimate performance relative
to free-response clinical scenarios. The absence of ablation
controls (text-only or image-only conditions) prevents the
quantitative decomposition of relative modality contributions.
Despite restricted RSNA access, data leakage cannot be
definitively excluded with closed-source models. Finally,
narrative justifications may not accurately reflect actual
reasoning processes [24], limiting confidence in interpreting
self-reported modality attribution.

Implications
For AI in radiology, these results highlight the importance of
moving beyond simple accuracy metrics toward mechanistic
understanding of how multimodal systems process
heterogeneous data. Future research should prioritize controlled
experimental validation through systematic input manipulation,
development of information-theoretic frameworks for
quantifying true (rather than self-reported) modality
contributions, and standardized test sets with confirmed
provenance postdating model training to definitively address
data leakage concerns.

Technical improvements must focus on enhancing multimodal
integration through architectural innovations or specialized
training that forces explicit cross-referencing of visual and
textual features. Interface design should evolve beyond simply
adding AI outputs to workflows; instead, it enables systems to
express uncertainty transparently, highlight specific image
regions, and respond to targeted clinician queries. Domain
specialization through fine-tuning on curated radiology datasets
remains essential, as general-purpose models exhibit variable
performance across subspecialties.

Most critically, broader implications extend to establishing
evidence-based frameworks for human-AI collaboration in
clinical medicine. Current multimodal AI systems show promise
as educational tools and decision-support aids but remain
inappropriate for autonomous diagnostic applications. The field
must resist premature deployment driven by technological
enthusiasm, instead insisting on rigorous validation of both
diagnostic accuracy and decision-making transparency. With
continued technological advancement focused on balanced,
context-aware data integration and systematic evaluation
methodologies, future generations of multimodal AI may
achieve robust, reliable performance necessary for meaningful
contribution to radiologic practice and patient care.

Conclusions: Broader Implications
This study contributes benchmark performance data and
generates testable hypotheses about information integration
patterns in diagnostic reasoning. The findings underscore that
achieving high diagnostic accuracy requires more than adding
visual capabilities to language models but demands
sophisticated, balanced integration of clinical context and
imaging findings. The exploratory observation that diagnostic
failures may associate with imbalanced modality utilization
suggests specific failure modes worthy of rigorous experimental
investigation.

GPT-4V achieved 76% diagnostic accuracy on expert-validated
neuroradiology cases, substantially exceeding prior GPT-4V
performance on RSNA materials (43% by Mukherjee et al [34]).
This improvement suggests that focused domain application
with structured prompting may enhance performance, though
experimental studies with controlled manipulation of these
factors would be needed to establish causal relationships.
However, the novel finding that all incorrect diagnoses
associated with image-dominant attribution patterns, with
substantially higher visual reliance than correct diagnoses and
a very large effect size, identifies a potentially systematic failure
mode requiring targeted mitigation. Until multimodal AI systems
demonstrate consistent, balanced integration of clinical and
imaging information with transparent uncertainty quantification,
deployment should remain restricted to supervised educational
and decision-support applications with mandatory radiologist
oversight.

With continued technological advancement focused on balanced,
context-aware data integration and systematic evaluation
methodologies, future generations of multimodal AI may
achieve the robust, reliable performance necessary for
meaningful contribution to radiologic practice and patient care.
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