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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.
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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

JMIR Neurotech 2026 | vol. 5 | e78217 | p.25https://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/


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: Repetitive transcranial magnetic stimulation induces neural plasticity, which may be maximized via adjunctive
interventions.

Objective: This study aimed to examine the feasibility and acceptability of interleaving computerized cognitive training (CCT)
with accelerated intermittent theta burst (iTBS) repetitive transcranial magnetic stimulation in 2 open-label phase I trials of
amnestic mild cognitive impairment (aMCI; NCT04503096) and poststroke mild cognitive impairment (psMCI; NCT04655963).

Methods: Participants (aMCI: n=21; and psMCI: n=14) received 24 sessions of accelerated iTBS over 3 days (8 sessions per
day). During the 10‐ to 15-minute intervals between iTBS sessions, participants engaged in CCT via the BrainHQ platform.
During the 4-week follow-up period, participants were asked to complete 20 minutes daily of BrainHQ. Both studies offered
identical compensation for daily practice, but the aMCI group received weekly reminders, whereas the psMCI group did not.
Study-specific questionnaires assessed BrainHQ acceptability (administered post-treatment and at follow-up).

Results: During in-laboratory treatment, the groups completed similar amounts of BrainHQ (aMCI: median 107, IQR 92-121
min; and psMCI: median 111, IQR 93-137 min; P=.51). However, engagement differed during the unmonitored follow-up (aMCI:
median 450, IQR 167-581 min,; and psMCI: median 142, IQR 0-477 min); practice time increased in the aMCI group but decreased
in the psMCI group over the 4 weeks (P=.001). Both groups generally rated BrainHQ positively at both time points in terms of
their experience with the platform, exercises, and perceived benefit for their mood and functioning.

Conclusions: Combined treatment with CCT and accelerated iTBS is feasible and acceptable in people with mild cognitive
impairment. Standardized dosing of CCT is feasibly achieved when interleaved with iTBS sessions and completed in-laboratory,
but ecological adherence to CCT in an unmonitored, self-directed context likely requires additional supports and may be influenced
by patient characteristics.

Trial Registration: ClinicalTrials.gov NCT04503096; https://clinicaltrials.gov/study/NCT04503096 and NCT04655963;
https://clinicaltrials.gov/study/NCT04655963

(JMIR Neurotech 2026;5:e81437)   doi:10.2196/81437
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Introduction

Repetitive transcranial magnetic stimulation (rTMS) of the left
dorsolateral prefrontal cortex (l-dlPFC) is a non-invasive brain
stimulation technique that can induce neuroplasticity [1]. While
rTMS has primarily been studied within psychiatric disorders
(eg, treatment-refractory depression), there is growing interest
in its use as a treatment for cognitive impairments in
neurological disorders, such as mild cognitive impairment (MCI)
due to Alzheimer’s disease (AD) [2] and stroke [3,4]. The
evidence base in these neurological conditions is nascent but
steadily growing. Early meta-analyses of sham-controlled trials
of rTMS to enhance cognitive functions in these conditions
have found medium-to-large effect sizes for MCI and AD
dementia [2,4,5] and more modest but nonetheless positive
effects in stroke [3,4,6,7]. This is particularly promising, given
that many other therapies have limited efficacy in these
populations [8-10].

While these results are encouraging, there remains a significant
need to optimize the efficacy of rTMS to l-dlPFC for cognitive
impairment. One approach for doing so is to incorporate an
adjunctive treatment to enhance its effects. As rTMS can induce
neuroplasticity in targeted cognitive circuitry [11], incorporating
computerized cognitive training (CCT) as an adjunctive
intervention may work synergistically to enhance cognitive
gains. CCT uses a restorative approach to cognitive remediation
through repeated practice of tasks or exercises in specific
cognitive domains using a technological device (eg, a computer
or tablet) [12].

CCT has been studied within the context of cognitive
impairment due to AD and stroke. With adequate training and
optimization of the CCT to fit the needs of the intended
population, CCT in middle-aged and older adults with and
without MCI is feasible [13-15]. However, the efficacy of these
interventions for MCI is less clear, as some studies report
improvements in cognition, albeit with small effect sizes,
whereas other studies do not [16-20]. Likely sources of this
variability in findings are the heterogeneity of research design
features, such as CCT platform, exercises, and dose. Notably,
a recent meta-analysis of randomized or quasi-randomized trials
with healthy older adults demonstrated that 2 platforms,
BrainHQ and CogniFit—in contrast to other commercially
available options—have the highest quality evidence supporting
their efficacy [21].

CCT that trains specific cognitive domains is presumed to
enhance performance on similar tasks via neuroplasticity [16].
As rTMS has also been shown to induce neuroplasticity [22],
it is therefore plausible that combining CCT with rTMS may
yield greater cognitive gains than either rTMS or CCT alone.
CCT is a particularly attractive complement to rTMS, given
that it poses minimal clinical burden, is cost-effective and low
risk, and can be self-administered in between rTMS sessions.
However, to date, CCT and rTMS have mostly been studied in
isolation, and there is only limited literature examining the
combination of these interventions [23]. Moreover, the majority
of studies have focused on once-daily rTMS over weeks, which
can be quite burdensome, as it requires daily trips to a laboratory

or clinic for treatment. Newer rTMS protocols, such as
accelerated intermittent theta burst stimulation (iTBS), which
delivers similar or higher doses than conventional rTMS in as
little as 3 multi-session days [24], are better suited for
combination with CCT, as it can be interleaved between
same-day iTBS sessions. Critically, the feasibility and
acceptability of combined accelerated iTBS and CCT have yet
to be established, which is an important first step. For example,
the common, albeit mild and transient, side effects of rTMS
(eg, headache [25]) may impact engagement with CCT;
therefore, it should not be assumed that the feasibility and
acceptability of each intervention in isolation apply to their joint
delivery.

To this end, we conducted 2 open-label phase I clinical trials
of accelerated iTBS to the l-dlPFC with interleaved CCT via
the empirically supported BrainHQ platform in adults with
amnestic MCI (aMCI) due to possible AD (NCT04503096) or
poststroke MCI (psMCI; NCT04655963). While the primary
aim of these studies, with parallel designs, was to establish the
safety of accelerated iTBS treatment in these groups, an
exploratory aim was to examine the feasibility and acceptability
of interleaved CCT. Accelerated iTBS was delivered with
multiple same-day sessions separated by 10‐ to 15-minute
intersession intervals, making it ideally suited for combination
with CCT. As such, we administered BrainHQ in a standard,
supervised manner during the intervals between 8 accelerated
iTBS sessions on each of 3 treatment days. At post-treatment,
participants were asked to independently engage in BrainHQ
for 20 minutes daily over a 4-week follow-up period. The
purpose of including this follow-up phase was to assess
ecological adherence to CCT outside of the monitored laboratory
setting. This can inform the design of future trials that are likely
to include CCT engagement outside of iTBS treatment visits,
capitalizing on the post-iTBS window of neuroplasticity and
enabling an increase in CCT dose to potentially efficacious
ranges.

Here, we report data on feasibility (ie, retention and adherence),
engagement (ie, usage patterns and types of programs and
exercises completed), and acceptability ratings observed over
the treatment phase and the 4-week follow-up period. Due to
the standardized administration of BrainHQ during accelerated
iTBS treatment, a post-treatment compensation schedule that
incentivized use, modest daily use expectations, and a
comparable degree of cognitive function between groups (ie,
no dementia), we hypothesized that engagement in BrainHQ
during and post-treatment would be comparable across both
MCI groups. We similarly expected that interleaved BrainHQ
would be rated as acceptable on questionnaires that assess
participants’ experiences.

Methods

Ethical Considerations
Both studies were approved by the Medical University of South
Carolina’s (MUSC) Institutional Review Board and were
pre-registered in ClinicalTrials.gov (aMCI: NCT04503096; and
psMCI: NCT04655963; IRB Pro00100536 and Pro00083136,
respectively). All participants provided written informed consent
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and were informed of their right to withdraw from the study at
any time without penalty. Participant privacy and confidentiality
were strictly maintained in accordance with IRB requirements,
and no personally identifiable information is reported in this
manuscript or supplementary materials. Participants were offered
compensation at the rate of US $4.50 per completed 20-minute
session per day, equating to up to US $126 total. Efforts to
reduce potential sources of bias in these open-label trials
included (1) minimizing selection bias by using rigorous and
predefined eligibility criteria applied consistently to all
participants; (2) minimizing confounding factors by constraining
disease severity to MCI and excluding comorbidities likely to
impact the study outcomes; and (3) avoiding reporting bias
through trial pre-registration and a transparent and complete
description of the study procedures, outcome measures,
hypotheses, planned analyses, and results. The primary results
from the aMCI trial focused on safety, feasibility, and
acceptability of iTBS are reported in a study by Aghamoosa et
al [26]. The description of the BrainHQ methods adheres to the
Template for Intervention Description and Replication (TIDieR)
checklist [27], as described below and summarized in Table S1
in Multimedia Appendix 1.

Participants

Overview
Trained coordinators screened potential participants for
eligibility over the phone and using the participant’s electronic
health record, with appropriate permissions. The following 2
paragraphs describe the eligibility criteria that were unique to
each study, and the last paragraph describes the criteria shared
by both studies. Target sample sizes were selected to generate
estimates of the trials’ primary outcomes (ie, accelerated iTBS
treatment feasibility, acceptability, and outcome variability) for
use in planning subsequent trials.

aMCI Participants
Twenty-two participants enrolled in the study and initiated
treatment, and 21 completed all procedures. Participants were
recruited from MUSC Neurology and Neuropsychology
outpatient clinics. Participants had to be aged between 60 and
85 years and diagnosed with MCI due to possible AD by a
neurologist or neuropsychologist within the last 2 years, using
National Institute on Aging and Alzheimer's Association
(NIA-AA) criteria [28]. They also needed to meet actuarial
neuropsychological criteria for aMCI upon clinical assessment,
which requires impairment (≤16th percentile using
demographically corrected norms) in ≥2 scores within one
cognitive domain or ≥1 score in ≥3 domains, one of which being
memory [29]. The primary suspected cause had to be possible
or probable AD, with other primary, competing etiologies (eg,
psychiatric, movement disorder, stroke, and reversible causes)
ruled out.

psMCI Participants
Twenty-one participants enrolled in the study; 15 (71%) initiated
treatment, and 14 (67%) completed all procedures. Participants
were recruited from the National Institutes of Health
(NIH)–funded COBRE for Stroke Recovery Registry at MUSC
and from the community (eg, advertisements, community events,

and social media). All participants had to be aged ≥40 years
and have a history of ischemic or hemorrhagic stroke (with
intact cortex under the transcranial magnetic stimulation coil)
with at least 6-month chronicity. Acute or subacute hemorrhage
or any age bilateral hemorrhage or hemorrhage with mass effect,
confirmed with scanning, was exclusionary. Participants had
to retain the ability to perform the cognitive tasks (eg, no
moderate to severe global aphasia or visual impairment).
Although not required for enrollment, we retrospectively
confirmed that all psMCI participants met actuarial
neuropsychological criteria for MCI [29] on the
neuropsychological testing completed during the study.

For both groups, contraindications to magnetic resonance
imaging (MRI) or rTMS were exclusionary, including
electrically, magnetically, or mechanically activated metal or
nonmetal implants; pregnancy; claustrophobia; history of a
seizure disorder; or preexisting scalp lesion, wound, bone defect,
or hemicraniectomy. Additional exclusionary criteria included
a clinical diagnosis of major neurocognitive disorder or
dementia, history of significant or unstable medical conditions
that could have affected cognition (eg, lifetime substance or
alcohol use disorder, severe mental illness, other neurological
disorders, severe cardiometabolic disorders, and developmental
disorders), no detectable active or passive motor threshold in
the paretic or nonparetic right hand, and current enrollment in
a clinical trial that involved any investigational treatment.
Participants were excluded if they endorsed daily or weekly use
of anticholinergics, neuroleptics, sedative-hypnotics, bupropion,
or stimulants (unless stimulant use was deemed low risk by the
coinvestigator physician safety monitor). Use of cholinesterase
inhibitors, N-methyl-D-aspartate (NMDA) receptor antagonists,
and antidepressants was permitted if the participant was on a
stable regimen for at least 4 weeks prior to enrollment.
Participants were required to have English as their first or
primary language.

Procedures

Study Design Overview
These 2 pilot studies were designed to have parallel procedures,
although they were not conducted simultaneously and were not
identical. There were minor differences in some study
procedures (eg, experience questionnaire and delivery of
BrainHQ post-treatment) arising from differences in study aims
and refinements to the aMCI study based on lessons learned
from the psMCI study, which started first. These trials were
open-label phase I studies (see a study by Aghamoosa et al [26]
for details). Potential participants underwent screening to
determine eligibility and provided written informed consent.
All in-person procedures were conducted in research-designated
space at an academic medical center. Participants completed
the testing of resting motor threshold at pretreatment. Pre- and
posttreatment assessments (including self-reported demographic
characteristics and medical history, neuropsychological testing,
neuropsychiatric interviews and questionnaires, and brain MRI)
were completed within 1 week of treatment initiation and
termination. Participants completed 3 accelerated iTBS treatment
days with interleaved CCT. In the interest of feasibility and
acceptability, participants chose which 3 days within an 8-day

JMIR Neurotech 2026 | vol. 5 | e81437 | p.32https://neuro.jmir.org/2026/1/e81437
(page number not for citation purposes)

Campbell et alJMIR NEUROTECHNOLOGY

XSL•FO
RenderX

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


span to receive treatment. For the 4 weeks after treatment,
participants were asked to complete BrainHQ for 20 minutes
per day at home using their own device and completed weekly
online questionnaires. Study iPad Minis were available if
participants did not have their own device, but no participants
chose this option. At the end of the 4-week monitoring period,
they completed a telehealth follow-up assessment
(questionnaires and a global cognitive screening measure).
Participants were compensated for completion of each study
visit and engagement in BrainHQ during the follow-up period
(as described in the following sections). The aMCI participants
completed the study between 2021 and 2022. All psMCI
participants completed the study in 2021.

Accelerated iTBS Treatment
Both groups received identical accelerated iTBS treatment. Each
participant completed 3 accelerated iTBS treatment days (~2 h
per day), each consisting of 8 iTBS sessions with 10‐ to
15-minute inter-session intervals (24 total sessions). Treatment
was delivered using a MagVenture MagPro TMS System with
a figure-8 coil. We administered 600 pulses per session (14,400
total pulses) in 50 Hz triplets at 120% of resting motor threshold
(2-s trains repeated every 10 s with 8-s inter-train intervals for
190 s). Stimulation was targeted to the l-dlPFC at F3 using scalp
measurements from the 10 to 20 electroencephalogram (EEG)
system [30]. The Brainsight NeuroNavigation System (Rogue
Research Inc) was used to ensure precise and consistent coil
placement across sessions.

CCT via BrainHQ
Participants engaged in Posit Science’s online BrainHQ
exercises (version 7.13; Posit Science Corporation). During the
in-laboratory treatment phase, BrainHQ was delivered in 10‐
to 15-minute intervals between each of the 8 accelerated iTBS
sessions (ie, 7 BrainHQ sessions per treatment day for 210‐315
total minutes) on a study-provided iPad (10.2-inch iPad, 8th
generation, iOS 16.4; Apple Inc). After each accelerated iTBS
session, study staff handed the iPad to participants to complete
the BrainHQ exercises and remained present to answer any
questions. During the 4-week follow-up period, participants
were asked to independently complete at least 20 minutes of
BrainHQ exercises per day (7 sessions per week, 28 total
sessions, and 560 total minutes) on their own device (ie,
computer, tablet, or smartphone) in their preferred location.

The BrainHQ platform is commercially available and includes
exercises in 6 BrainHQ-defined categories: attention, brain
speed, memory, people skills, intelligence, and navigation. Most
exercises require an upper extremity motor response (eg, touch
screen or mouse click), and many require speeded responses
even if they are not in the “brain speed” domain; hence, there
is some overlap in the cognitive processes being trained across
domains. Participants are provided feedback on their
performance on each exercise, and the exercises are adaptive,
becoming more difficult if performance improves. BrainHQ
records the number of seconds engaged in each exercise. A
detailed description of each exercise and additional information
about the BrainHQ platform can be found on the website
provided earlier.

Participants were shown how to use the BrainHQ platform by
study staff, who were available to answer questions as needed.
Additionally, the BrainHQ platform includes instructions and
a sample item for each exercise. During the treatment phase,
participants were instructed to use the adaptive “personal
trainer” option that selects exercises and difficulty levels based
on past performance. During the 4-week follow-up phase, aMCI
participants were instructed that they could use either the
personal trainer or the “a la carte” option, in which participants
select which exercise they would like to complete. psMCI
participants were instructed to continue to use the personal
trainer during the follow-up phase, but they did have access to
the à la carte option. CCT during the follow-up phase was
self-administered at the participants’preferred location and was
not actively monitored but was recorded via the BrainHQ
platform. In the aMCI study, participants were reminded to
complete the BrainHQ activities via an automated weekly email.
The psMCI study did not send BrainHQ reminders. BrainHQ
was not tailored beyond the built-in adaptivity, and no
modifications were made to the BrainHQ protocol during the
study.

Measures

Sample Characterization
The NINDS (National Institute of Neurological Disorders and
Stroke) and Canadian Stroke Network neuropsychological test
battery [31] was used to characterize baseline cognitive function.
This battery includes the Hopkins Verbal Learning Test-Revised,
Digit Span Forward and Backward, Digit Symbol Coding, Trail
Making Tests A & B, semantic (animal) fluency, and phonemic
(letter) fluency. Age-adjusted norms provided in the test’s
manual were used to correct Hopkins Verbal Learning
Test-Revised scores (immediate recall, delayed recall, retention,
and recognition), while other scores were corrected for age, sex,
and years of education using normative calculators published
in the literature (ie, Digit Span and Digit Symbol Coding scores
[32] and Trail Making Tests and verbal fluencies [33]). We
report normative percentile scores for each test.

Feasibility
We assessed the feasibility of combining BrainHQ with
accelerated iTBS by evaluating study retention and adherence.
Retention was measured as the percentage of participants who
initiated treatment and completed all study procedures.
Adherence to BrainHQ was assessed separately for each MCI
group and for the in-laboratory treatment phase and 4-week
follow-up phase, the latter being referred to as ecological
adherence. For the treatment phase, adherence was measured
as the percentage of prescribed minutes completed out of the
total 210 minutes across the 3 treatment days. We could not
compute adherence to the number of same-day sessions during
the treatment phase as the data were labeled by treatment day,
not individual sessions, precluding the enumeration of completed
sessions. For the follow-up phase, ecological adherence was
measured as the percentage of target minutes completed out of
the target total of 560 minutes. We also report the percentage
of participants completing all 28 daily sessions and the number
of completed sessions (ie, how many days trained) over the
4-week follow-up period.
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Engagement
To explore how participants interacted with BrainHQ, we
evaluated several aspects of engagement across the 2 MCI
groups. These included the overall patterns of practice time, the
types of exercises completed, and the devices used to complete
practice during the treatment and follow-up phases.

Acceptability
To evaluate the acceptability of BrainHQ, participants were
asked to complete study-specific questionnaires that solicited
feedback on their experience. Each questionnaire was
administered immediately after the treatment phase and again
at the conclusion of the 4-week follow-up period. The
questionnaire used in the psMCI study was developed first and
then modified for the aMCI study, considering feedback from
the initial questionnaire and differences in the type of experience
data sought by each study. Both questionnaires inquired about
the impact of BrainHQ on functioning, participants’experiences
(such as enjoyment and frustration) with the exercises, and the
overall usability experience with the BrainHQ platform.

Statistical Analyses
Differences in demographic and clinical characteristics between
groups were examined using Wilcoxon rank-sum tests and
chi-squared or Fisher exact tests, as appropriate. We present
descriptive statistics to summarize adherence, engagement, and

acceptability for each group. Wilcoxon rank-sum tests were
used to compare the total number of minutes of engagement
with the BrainHQ exercises between the aMCI and psMCI
groups during the supervised treatment phase. During the
unsupervised follow-up phase, a rank-based nonparametric
alternative to a repeated-measures ANOVA was performed
using the nparLD 2.2 package in R (4.4.2), which produces
ANOVA-type statistics (ATS) [34]. This analysis tested whether
there was a difference in the number of minutes of engagement
in BrainHQ by the MCI group across all weeks as well as
whether engagement changed across the weeks by group (ie, a
group-by-week interaction).

Results

Participants
Demographic and cognitive characteristics are summarized in
Table 1. Consistent with the differing age range criteria in the
2 studies, participants in the aMCI group were older than those
in the psMCI group. The groups did not differ significantly by
sex, and both groups were predominantly non-Hispanic White.
Consistent with their distinct underlying etiologies, the 2 MCI
groups demonstrated differences in cognitive functioning (ie,
poorer memory and semantic fluency in the aMCI group and
poorer processing speed in the psMCI group).
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Table . Demographic and cognitive characteristics.

P valuepsMCIb (n=14)aMCIa (n=21)Demographic or cognitive character-
istics

.003c65 (61.3‐72)72 (69.5‐78.5)Age (y), median (IQR)

.16Sex n (%)

11 (79%)11 (52%)    Male

3 (21%)10 (48%)    Female

.1914.5 (12-16)16 (14-17)Education, median (IQR)

.07Race or ethnicity, n (%)

—d10 (71)20 (95)Non-Hispanic White

—4 (29)1 (5)Non-Hispanic Black or African
American

Neuropsychological battery, median percentile (IQR)

.0814 (1.75‐32.75)3 (1-14)HVLT-Re immediate recall

.001c1 (0.75‐10.5)0 (0‐0)HVLT-R delayed recall

.003c5 (0‐7)0 (0‐0)HVLT-R retention

.076.5 (0‐15)0 (0‐3.5)HVLT-R recognition

.1339.5 (12.75‐53)22 (8-37)Digits forward

.3919.5 (7‐47.75)24 (14‐43.5)Digits backward

.102.5 (0‐6.25)12 (0‐56)Trails A

≥.9910 (0‐28.25)2 (0‐42.5)Trails B

.03c3.5 (1‐22.25)31 (11-41)Digit symbol coding

.006c27.5 (12.75‐34.25)8 (2.5‐19.5)Animal fluency

.3438.5 (12.5‐68.25)28 (11.5‐52)Letter fluency

aaMCI: amnestic mild cognitive impairment.
bpsMCI: post-stroke mild cognitive impairment.
cP<.05.
dNot applicable.
eHVLT-R: Hopkins Verbal Learning Test-Revised.

BrainHQ Feasibility
Retention was high in both studies. One treatment initiator
withdrew from the aMCI group (ie, 21/22, 95.5% completed
all study procedures). All participants in the psMCI group who
initiated treatment completed study procedures (ie, 14/14,
100%).

Adherence to BrainHQ during the in-laboratory treatment phase
was similar in the 2 groups, with both groups completing
approximately half of the prescribed 210 minutes: aMCI group
median: 51.1% (IQR 43.6%‐57.6%; range 12.9%‐79.5%)
of minutes and psMCI group median: 52.9% (IQR
44.4%‐65.3%; range 44.1%‐78.4%; see see Table 2 for the
median number of minutes). No participant in either group
completed 210 minutes during the treatment phase. Ecological
adherence to the target 560 minutes of BrainHQ during the
4-week follow-up phase was higher in the aMCI group (median

80.2%, IQR 29.9%‐103.7% of minutes; range: 0%‐172.4%)
than in the psMCI group (median 25.3%, IQR 0%‐85.3% of
minutes; range: 0%‐192.4%). The percentage of participants
who completed the target 560 minutes over the 4 weeks was
33.3% in the aMCI group and 21.4% in the psMCI group. The
percentage of participants who met weekly goals (ie, target 140
min/wk) was variable in the aMCI group: week 1, 2 (10%)
participants; week 2, 12 (57%) participants; week 3, 5 (24%)
participants; and week 4, 7 (33%) participants. The percentage
of psMCI participants who completed the target 140 minutes
each week was lower and relatively stable: week 1, 3 (21%)
participants; week 2, 5 (36%) participants; week 3, 3 (21%)
participants; and week 4, 2 (14%) participants. In both groups,
no participant (ie, 0%) completed the target 28 sessions of daily
BrainHQ. The aMCI group median number of sessions was 16
(IQR 9‐21), and the median for the psMCI group was 4 (IQR
1‐14).
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Table . Median minutes of BrainHQ during repetitive transcranial magnetic stimulation (rTMS) treatment and in 4-week follow-up.

psMCIb (n=14)aMCIa (n=21)

Participants who
did not do Brain-
HQ, n (%)

RangeMinutes, median

(IQR)

Participants who
did not do Brain-
HQ, n (%)

RangeMinutes, median

(IQR)

rTMS treatment phase

2 (14)22.8‐59.142.4

(32.2‐49.7)

1 (5)6.25‐47.425.7

(19.6‐33.9)

    Treatment day 1

1 (7)17.7‐60.440.1

(27.6‐51)

0

(0)

13.9‐59.638.5

(32.4‐45.9)

    Treatment day 2

0

(0)

19.8‐7340.2

(27.8‐56.3)

0

(0)

10‐70.542.8

(32.2‐52.8)

    Treatment day 3

0 (0)44.1–164.7111.0 (93.2-137.2)0 (0)27.2-167.0107.2 (91.6–121.0)    Total

Follow-up phase

5 (36)0‐282.928.6

(0‐109.8)

7 (33)0‐178.634.3

(0‐97.6)

    Week 1

7 (50)0‐350.827.5

(0‐214.9)

3 (14)0‐392.7152.4

(71.3‐177.5)

    Week 2

8 (57)0‐2690

(0‐94.4)

4 (19)0‐241.9116.4

(49.2‐142.6)

    Week 3

9 (64)0‐281.10

(0‐56.2)

2 (10)0‐287.9124.9

(63.2‐163.4)

    Week 4

5 (36)0-1077.7142.0 (0-477.4)1 (5)0-965.4449.5 (167.3-580.5)    Total

aaMCI: amnestic mild cognitive impairment.
bpsMCI: post-stroke mild cognitive impairment.

BrainHQ Engagement
The median and IQR minutes of BrainHQ exercises completed
on each treatment day and during the 4-week follow-up period

are included in Table 2 and depicted in Figure 1. The mean
minutes spent engaging in exercise domain on each treatment
day and during each week of the 4-week follow-up period are
depicted in Figure 2.
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Figure 1. Median (IQR) minutes of BrainHQ engagement during repetitive transcranial magnetic stimulation treatment and in 4-week follow-up.
Missing datapoints were excluded from the treatment phase figures. aMCI: amnestic mild cognitive impairment; psMCI: post-stroke mild cognitive
impairment.
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Figure 2. Mean minutes of BrainHQ engagement by exercise domain. aMCI: amnestic mild cognitive impairment; psMCI: post-stroke mild cognitive
impairment; Tx: treatment.
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Treatment Phase
Participants in the aMCI group and the psMCI group completed
a comparable number of minutes of BrainHQ exercises during
the treatment phase. The groups also engaged in comparable
numbers of exercises per cognitive domain during the treatment
phase (ie, primarily the brain speed and attention domains), but
the aMCI group engaged in twice as many different exercise

types. In the aMCI group, most of the completed exercises were
in the domains of brain speed (59.7%) and attention (35.4%),
with some engagement in the memory (4.8%) and navigation
(0.1%) domains. Ten different exercises were completed. In the
psMCI group, all completed exercises were in the domains of
brain speed (45.6%) and attention (54.4%) and included 5
exercises. Specific exercises that comprised >5% of the exercises
by group are reported in Table 3.

Table . BrainHQ exercises by domaina.

psMCIc group Brain-
HQ exercises

aMCIb group BrainHQ
exercises

BrainHQ domain

Treatment phase

Brain Speed •• Eye for Detail:
18.7%

Eye for Detail:
20.2%

•• Hawk Eye: 18.4%Hawk Eye: 15%
• •Visual Sweeps:

13.1%
Visual Sweeps:
17.2%

• Sound Sweeps:
11.4%

Attention Follow-up phase•• Double Decision:
24.5%

Target Tracker:
19.2%

•• Target Tracker:
21.1%

Double Decision:
15.7%

Brain Speed •• Eye for Detail:
12.9%

Eye for Detail:
17.6%

•• Sound Sweeps:
10.2%

Hawk Eye: 8.3%
• Sound Sweeps:

6.6% • Visual Sweeps:
7.9%• Visual Sweeps:

6.6% • Fine Tuning:
6.7%

Attention •• Target Tracker:
9.5%

Target Tracker:
13.2%

•• Double Decision:
8.7%

Double Decision:
10.4%

• Divided Atten-
tion: 8.8%

—dMemory • Memory Grid:
7.7%

• Syllable Stacks:
7.4%

—Intelligence • Mind Bender:
7.5%

• Juggle Factor:
6.2%

aExercises that comprised ≤5 of the exercises are not included.
baMCI: amnestic mild cognitive impairment.
cpsMCI: post-stroke cognitive impairment.
dNot applicable.

Follow-Up Phase
Twenty (95%) of 21 participants in the aMCI group completed
BrainHQ exercises in the follow-up phase. In contrast, in the
psMCI group, only 9 (64%) of 14 participants completed any
BrainHQ exercise in the follow-up phase. The proportion of

those who engaged in any BrainHQ exercise significantly
differed for weeks 3 and 4 (Fisher exact P<.03) as well as across
all weeks combined (Fisher exact P=.03). Nonparametric
longitudinal analyses showed that the number of minutes of
engagement with BrainHQ exercises did not significantly differ
between the 2 groups (ATS=3.06; P=.08). However, these
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analyses also showed that the number of minutes that aMCI
participants completed increased over time compared to that of
the psMCI group (ATS=6.72; P=.001), which decreased over
the follow-up period. See Table 2 for the median number of
minutes per week.

The variety of exercise types completed during follow-up was
similar to the treatment phase. In the aMCI group, most
exercises were in the brain speed (39.7%) and attention (36.9%)
domains, followed by memory (8.5%), intelligence (5.8%),
people skills (5.4%), and navigation (3.7%). A total of 28
different exercises were completed during the follow-up phase
(Table 3). In the psMCI group, 38.2% of exercises during
follow-up were in the domain of brain speed, followed by
attention (24.5%), memory (19.7%), intelligence (13.7%), and
people skills (3.9%). Fifteen different exercises were completed
during the follow-up phase.

The aMCI group completed 2915 total exercises in the follow-up
period. Of those, 62.5% were completed using the personal
trainer option, and 48.5% were completed via the a la carte
option in which participants chose the exercise, with 11 (55%)
of 20 participants using the à la carte option for at least some
follow-up-phase exercises. In comparison, of the 1224 exercises

in the follow-up period that the psMCI group completed, only
1.7% of the exercises were completed via the à la carte option;
only 1 (11%) of 9 psMCI participants who completed BrainHQ
exercises during follow-up used the à la carte option.

In terms of device used, in the aMCI group, most exercises
(60.5%) were completed on an iPad, followed by 22.6%
completed via a web browser, 11.8% completed on an iPhone,
and 5.1% completed on an Android device. Similarly, in the
psMCI group, most exercises were completed using an iPad
(41.3%), followed by 33.7% completed via a web browser,
24.2% via an Android device, and 0.8% via an iPhone.

BrainHQ Acceptability
Medians and interquartile ranges for the items from the
study-specific experience questionnaires are reported in Table
4 for the aMCI group and Table 5 for the psMCI group. Of note,
although not all participants engaged with BrainHQ during the
follow-up phase, all participants provided ratings of their
experience immediately posttreatment. Thus, in Table 4, we
present ratings separately for all participants post-treatment, all
participants post-study, and the subset of participants who
engaged in any BrainHQ during follow-up.
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Table . aMCIa group (n=21) BrainHQ experience questionnaire data.

Post-study BrainHQ Engagers
(n=20), median (IQR)

Post-study

(n=21), median (IQR)
Post-TMSb

(n=21), median (IQR)

Question

Rating scale (1=made things a lot worse, 2=made things somewhat worse, 3=made no difference, 4=made things somewhat better, 5=made things a
lot better)

4 (3-4)4 (3-5)4 (3-5)    How much did this treatment help
with your mood?

4 (3-5)4 (3-4)4 (3-5)    How much did this treatment help
with your cognitive functioning?

Rating scale (1=strongly disagree, 2=disagree, 3=neutral, 4=agree, 5=strongly agree)

2 (1-3)2 (1-3)2 (1-3)    I became tired of doing BrainHQ
exercises

3 (1-4)3 (1-4)2 (1-3)    I got frustrated using BrainHQ

5 (4-5)5 (4-5)5 (4-5)    I feel the BrainHQ exercises were
appropriately challenging

5 (4.25-5)5 (5-5)5 (5-5)    I tried my best on all the BrainHQ
exercises

4 (3-4)4 (3-4)4 (4-5)    I thought the BrainHQ exercise
were fun

Rating scale (1=strongly disagree, 2=disagree, 3=neutral, 4=agree, 5=strongly agree)

5 (4-5)5 (4-5)5 (5-5)    The research coordinators fol-
lowed up with me to make sure I
was completing my BrainHQ exer-
cises

4 (3-5)4 (4-5)4 (4-5)    I understood what to do for each
BrainHQ exercise

5 (4-5)5 (4-5)5 (5-5)    The research coordinators ade-
quately explained how to use
BrainHQ

4 (4-5)4 (4-5)4 (4-5)    I feel the BrainHQ website was
easy to navigate

5 (4-5)5 (4-5)—c    I was able to access the BrainHQ
exercises at home without any
problems

4 (4-5)4 (4-5)5 (4-5)    I was satisfied with the feedback
I got from BrainHQ about my per-
formance on the exercises

aaMCI: amnestic mild cognitive impairment.
bTMS: transcranial magnetic stimulation.
cNot applicable.
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Table . psMCIa group (n=14) BrainHQ experience questionnaire data.

Post-study BrainHQ engagers (n=9),
median (IQR)

Post-study

(n=14), median (IQR)
Post-TMSb

(n=14), median (IQR)

Question

Rating scale (1=not at all, 2, 3=somewhat, 4, 5=very much so)

3

(3-5)

3

(3-5)

3

(2-4)

    The BrainHQ exercises helped
improve my day-to-day activity
levels and overall functioning.

4

(3-4.75)d

4

(3-5)c

3.5

(3-5)

    The BrainHQ exercises helped
improve mental abilities (eg, concen-
tration, remembering, thinking, or
making decisions).

Rating scale (1=not at all, 2, 3=somewhat, 4, 5=very much so)

1

(1-1.5)

1

(1-1)

1

(1-1)

    The BrainHQ sessions were
overly time consuming and inter-
fered with my daily life/responsibil-
ities.

2

(1-3)

2

(1-2)

1

(1-2)

    The BrainHQ sessions were
overall difficult and burdensome.

1

(1-2.5)

1

(1-2)

1

(1-1)

    I became bored with the BrainHQ
training exercises.

5

(5-5)

5

(5-5)

5

(5-5)

    I was engaged and tried my best
to do well on the BrainHQ training
exercises.

5

(4-5)

5

(5-5)c

5

(5-5)

    I was motivated to engage with
and complete the BrainHQ training
exercises.

4

(4-5)

4.5

(4-5)

5

(4-5)

    I enjoyed the BrainHQ training
exercises.

Rating scale (1=not at all, 2, 3=somewhat, 4, 5=very much so)

5

(4.5-5)

5

(4.25-5)c

5

(4.25-5)

    I would participate in studies that
involve completing tasks similar to
the BrainHQ training exercises.

5

(5-5)

5

(5-5)c

5

(5-5)

    I am interested to learn what the
researchers discover about the ef-
fects of the BrainHQ exercises on
problems similar to mine.

5

(4.5-5)

5

(4-5)

5

(5-5)

    I am interested to learn more
about the BrainHQ training exercis-
es.

5

(4.5-5)

5

(4-5)

5

(4-5)

    I would be interested in continu-
ing BrainHQ exercises.

5

(3-5)

4

(3-5)

4

(3-5)

    It would be beneficial if the
BrainHQ training exercises were
offered to me by my regular treat-
ment providers.

5

(4.5-5)

5

(4.25-5)

5

(5-5)

    I would recommend the BrainHQ
exercises to a friend who experi-
ences similar problems.

5

(4.5-5)

5

(5-5)c

5

(4-5)

    The instructions for using the
BrainHQ website were explained
clearly and were easy to understand.

apsMCI: post-stroke mild cognitive impairment.
bTMS: transcranial magnetic stimulation.
cn=13.
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dn=8.

Participants in the aMCI group, on average, rated the BrainHQ
exercises as making their cognitive functioning and mood
“somewhat better” at both post-treatment and 4-week follow-up.
The aMCI participants generally rated their experience with
BrainHQ positively at both time points; they found the exercises
fun, appropriately challenging, not tiresome or frustrating, and
they indicated that they tried their best. Finally, aMCI
participants rated their experience with the BrainHQ platform
as positive, finding it easy to navigate and access and adequately
explained, understanding what to do, and being generally
satisfied with the feedback from the BrainHQ platform at both
time points.

Participants in the psMCI group generally rated the BrainHQ
exercises as “somewhat” to “very much so” helpful in improving
mental abilities and everyday functioning both post-treatment
and at 4-week follow-up. psMCI participants also rated their
experience with BrainHQ positively in terms of their motivation,
trying their best, and enjoyment, and overall did not find
BrainHQ exercises time-consuming, difficult or burdensome,
or boring at both time points. On average, psMCI participants
rated the platform positively, finding that it was easy to
understand and that they had interest in continuing, interest in
learning more about it or participating in similar studies, and
that they would recommend the platform. Ratings of BrainHQ
were similar posttreatment and post 4-week follow-up, despite
somewhat limited engagement with BrainHQ in the follow-up
period.

Discussion

Principal Findings
These 2 pilot studies provide preliminary support for the
feasibility and acceptability of interleaving CCT with accelerated
iTBS for people with MCI, given that there was comparably
high engagement in the BrainHQ exercises during the
in-laboratory treatment phase across both groups. This was
consistent with our hypothesis, given the structured nature of
administration after each accelerated iTBS session. Although,
on average, participants completed only approximately half of
the possible 210 training minutes, this finding is somewhat
expected. The 10‐ to 15-minute inter-session intervals used
for delivering CCT also had to include time spent navigating
the platform, transitioning in and out of BrainHQ from iTBS
sessions, and taking breaks (eg, resting in between sessions and
using the restroom). Future studies using intermittent CCT will
need to account for these timing factors when planning training
time.

The groups differentially engaged with BrainHQ during the
4-week unsupervised follow-up phase. The engagement rate
increased in the aMCI group over the 4 weeks, with most
participants independently engaging with BrainHQ in the
follow-up phase. Engagement in the psMCI group was
numerically lower, although not statistically significant, and
decreased over time, with the majority of participants not
engaging with BrainHQ in follow-up weeks 3 and 4. Generally,
this indicates that ecological adherence to CCT following iTBS

may be feasible for many persons with MCI, although some
patients may require more support (eg, regular reminders, in
clinic, with care partner) to reach CCT engagement goals
following iTBS. Notably, while several in the aMCI group and
some in the psMCI group met the prescribed number of minutes
in the follow-up phase, no participant in either group completed
daily BrainHQ practice (ie, all 28 d). This may suggest that a
minute-based target may be more attainable than a day-based
one or that daily training may not be feasible in these
populations. For both groups, the most commonly completed
exercises were in the domains of attention and brain speed in
both the treatment and follow-up phases. During the follow-up
phase, the psMCI group engaged in somewhat more memory
and intelligence exercises than those with aMCI; however,
differences in exercise choice are difficult to interpret, given
the lower engagement in this group. Finally, despite this
differential engagement, both groups rated the acceptability of
the BrainHQ exercises positively.

One of the most salient findings was that during the
self-administered follow-up phase, the aMCI group, on average,
completed closer to the recommended BrainHQ engagement
time of 140 minutes per week, whereas the psMCI group, on
average, did not complete the prescribed number of minutes,
and engagement decreased over time. Likely contributors to
this observed difference in ecological adherence are differences
in study design. Notably, the aMCI study provided weekly email
reminders to complete the daily CCT, whereas the psMCI study
did not. These findings suggest that in cognitively impaired
samples, the use of regular reminders and other remote supports
may be necessary to support completion of CCT outside of the
laboratory setting. Another potential factor is that the aMCI
group was offered the à la carte option during follow-up,
whereas the psMCI group was instructed to continue using the
personal trainer. Allowing aMCI participants to self-select
exercises (via à la carte) may have invoked greater autonomy
over their training experience, leading to increased adherence.

It is also possible that disease-specific factors could have
contributed to discrepant engagement in CCT during the
self-administered follow-up phase. The aMCI group may have
had greater motivation, perceived benefit, or expectancy of
benefit from CCT, given that these participants knew that, given
the neurodegenerative nature of AD, they would likely
progressively decline. In comparison, the psMCI group, while
still experiencing objective impairments, would have already
experienced significant spontaneous recovery from their initial
deficits due to the stroke, with a prognosis of stability of
functioning if other vascular events are avoided. The type of
cognitive deficits experienced by the 2 groups may have also
contributed. As expected, the aMCI group had primarily
amnestic impairment along with set-shifting and semantic
fluency difficulties. In comparison, the psMCI group performed
significantly worse on a test that involves cognitive processing
speed and visuo-motor organization (ie, coding), which are
processes required for completion of all BrainHQ exercises.
The psMCI group also had more variable deficits, which is
expected given that cognitive sequelae poststroke are

JMIR Neurotech 2026 | vol. 5 | e81437 | p.44https://neuro.jmir.org/2026/1/e81437
(page number not for citation purposes)

Campbell et alJMIR NEUROTECHNOLOGY

XSL•FO
RenderX

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


heterogeneous. Additionally, while significant deficits that
would affect the ability to complete cognitive tasks were
exclusionary, mild visual and motor deficits are not uncommon
post-stroke [35]. Most BrainHQ exercises, and particularly those
in the domains of attention and processing speed, which were
most often completed in this study, are visual in nature and
require a fast response with the mouse or a finger. Therefore,
the psMCI compared to the aMCI group may have found these
exercises more challenging as a function of sensorimotor
impairments that compounded the cognitive demands of the
exercises, thus impacting their engagement.

This is the first study to our knowledge to elicit feedback on
participants’experience with the BrainHQ platform interleaved
with accelerated iTBS. Although the study-specific surveys
differed, limiting direct comparisons, results from both surveys
generally indicated that participants in both groups found it
relevant and potentially beneficial to their functioning, enjoyable
and not excessively burdensome, and feasible for use during
both treatment and post-treatment periods. The psMCI group
rated BrainHQ favorably despite limited engagement in the
follow-up post-treatment phase, so this questionnaire did not
aid in identifying why engagement was lower compared to that
in the aMCI group. Future research using qualitative and mixed
methods may elucidate the factors driving differential
engagement, which could inform CCT delivery in these
populations. Despite the small-scale nature of these pilot studies,
our findings highlight the importance of individualizing
interventions to the specific population and underscore the need
to avoid treating all cases of MCI as homogeneous syndromes
when planning treatment approaches.

Comparisons to Prior Work
Prior work investigating combined neuromodulation (eg, rTMS
or transcranial direct current stimulation) and cognitive training
has provided some additional insights into these combined
interventions in the context of AD [36-38] and poststroke [39].
Although a growing literature supports the potential additive
benefit of combining noninvasive brain stimulation (including
rTMS) with cognitive training (including CCT; [40,41]), notably
missing from the literature are studies refining methodologies
for such combined interventions. Systematic reviews of the
CCT literature demonstrate that CCT methodology is quite
heterogeneous in terms of platform, training exercises, dose,
and setting of administration [12,42]. While there is some
evidence of the benefit of CCT to the same cognitive construct,
there is limited support of benefits to different cognitive
constructs and everyday activities [16]. However, many of these
studies may not have been dosed for efficacy and used platforms
with limited empirical support [21]. CCT was not explicitly
dosed for efficacy in the current feasibility studies; however, a
“gold standard” dose to elicit change has not been established
[21]. Overall, the mixed literature and varied methodology
suggest that there needs to be more research to establish which
CCT methodology is most efficacious as well as how to deploy
it in a way to elicit continued engagement (eg, increasing
motivation or incentives and improved gamification). Moreover,
more work is needed to identify the optimal method for

combined delivery of CCT with other interventions, such as
rTMS, particularly given that some methods (eg, required dose
and most beneficial timing) may differ from CCT alone.

Limitations
The studies presented here have some limitations and reveal
several opportunities for future work. First, given that these
were pilot studies focused on the safety, feasibility, and
acceptability of combined accelerated iTBS and CCT, the
intervention components were not explicitly dosed for efficacy.
However, as higher doses (ie, increased treatment demands or
durations) may impact participants’ engagement, continued
consideration of feasibility and acceptability in future efficacy
trials is necessary. Relatedly, the design of these studies did not
include sham conditions, randomization, or blinding of
participants or experimenters for either accelerated iTBS or
CCT. Future randomized controlled trials that assess additive
or synergistic effects of rTMS (accelerated iTBS or otherwise)
and CCT are therefore needed. Second, both groups were
predominantly non-Hispanic White with high levels of
educational attainment. To ensure that research is representative
of the general population, it is imperative that future research
include participants from diverse sociodemographic backgrounds
with varying levels of technology familiarity (which was not
explicitly assessed in these studies). Third, people with aMCI
and a history of stroke often experience neuropsychiatric
symptoms, most commonly depression [43,44]; however,
participants in our studies did not have clinically significant
neuropsychiatric symptoms. Given that depressive symptoms
are associated with poorer adherence to multidomain behavioral
interventions (including cognitive training) in older adults [45],
feasibility and acceptability of combined rTMS and CCT may
be lower in people with MCI and comorbid neuropsychiatric
symptoms. Alternatively, as rTMS to the l-dlPFC is US Food
and Drug Administration–approved to treat depression, and
both rTMS [46] and CCT [47] may improve depression or
apathy in MCI, engagement in combined rTMS and CCT may
instead be high in those with MCI and depression if they
experience such benefits from the treatment. Therefore, our
findings warrant replication in people with MCI and comorbid
neuropsychiatric conditions.

Conclusions
In conclusion, this study provides initial evidence that
accelerated iTBS to the l-dlPFC interleaved with CCT during
treatment is feasible and acceptable to many patients with MCI.
However, more limited engagement in the follow-up phase
suggests that the feasibility of self-directed CCT may vary across
people with MCI and by CCT delivery format (eg, personal
trainer vs. à la carte), and indicates that regular reminders may
be beneficial. These findings suggest that personalized treatment
approaches and methods to reinforce CCT may enhance
feasibility and adherence. Our results can directly inform future
trials aimed at optimizing treatments that combine
neuromodulatory and CCT interventions. Subsequent
randomized controlled trials that evaluate whether combined
rTMS and CCT yields a synergistic or additive impact on MCI
symptoms are warranted.
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Abbreviations:
AD: Alzheimer's disease
aMCI: amnestic mild cognitive impairment
ATS: ANOVA-type statistic
CCT: computerized cognitive training
iTBS: intermittent theta burst
l-dlPFC: left dorsolateral prefrontal cortex
MCI: mild cognitive impairment
MUSC: Medical University of South Carolina
NIA-AA: National Institute on Aging and Alzheimer's Association
NIH: National Institutes of Health
NINDS: National Institute of Neurological Disorders and Stroke
NMDA: N-methyl-d-aspartate
PROMIS: Patient-Reported Outcomes Measurement Information System
psMCI: post-stroke mild cognitive impairment
rTMS: repetitive transcranial magnetic stimulation
TIDieR: Template for Intervention Description and Replication
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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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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%),
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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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Abstract

Background: Huntington disease (HD) is a rare genetic neurodegenerative disease that causes progressive motor, cognitive,
and psychiatric symptoms over decades after onset. Clinical care is typically provided in specialized centers with only annual
clinical assessments, highlighting the need for more frequent and cost-effective monitoring.

Objective: This study aimed to develop and validate xHD-Vox, a fully automated, interpretable, speech-based model for
predicting the composite Unified Huntington Disease Rating Scale (cUHDRS) and its cognitive, motor, and functional components.

Methods: We included 181 HD gene carriers (341 annual visits) from three French prospective cohorts: BIO-HD (NCT01412125),
REPAIR-HD (NCT03119246), and MIG-HD (NCT00190450). Participants had ≥40 cytosine-adenine-guanine (CAG) repeats,
available cUHDRS scores, and audio recordings of forward and backward counting (1-20). For model development and feature
selection, we used a speech pathologist-annotated subset (145 visits and 90 participants). Selected speech features were then
automated using Whisper, an open-source speech recognition tool. The final linear regression model, xHD-Vox, was calibrated
on the training set of 269 visits (157 participants, and annotated subset included). Performance was evaluated on an independent

longitudinal test set (24 participants, with 3 annual visits each) using mean absolute error, explained variance (R²), and intraclass
correlation coefficient. Longitudinal decline was assessed with 2-way repeated-measures ANOVAs. Predicted 1-year and 2-year
changes were compared with clinician-assessed 95% CIs.

Results: Feature selection identified four key predictors: standardized CAG-age-product score, CAG repeat length, rate of
numbers pronounced per second, and the SD of that rate. On the test set, xHD-Vox achieved a mean absolute error of 2.1 for
cUHDRS and explained 57% of its variance, compared with 38% when using only demographic features. Longitudinal analyses
using repeated-measures ANOVAs with post hoc Tukey tests confirmed a significant decline over the 2-year follow-up for both
clinician-assessed measures and xHD-Vox predictions. At the group level, the mean 1-year and 2-year changes predicted by
xHD-Vox were consistent with clinically measured changes, falling within the corresponding 95% CIs.

Conclusions: We developed xHD-Vox, an interpretable and automated model that predicts clinical scores in HD using a short
speech task. Predicted scores were consistent with clinician-assessed scores, supporting its potential use in mobile apps for remote
monitoring. This approach could facilitate scalable, real-time tracking of disease progression, especially in underserved regions,
and enable personalized and responsive clinical care.

Trial Registration: ClinicalTrials.gov NCT01412125; https://clinicaltrials.gov/study/NCT01412125 and NCT03119246;
https://clinicaltrials.gov/study/NCT03119246 and NCT00190450; https://clinicaltrials.gov/study/NCT00190450

(JMIR Neurotech 2026;5:e83838)   doi:10.2196/83838

KEYWORDS

huntington; speech; voice; automated; cUHDRS; UHDRS; machine learning; longitudinal; telemonitoring; motor and cognitive
function; composite Unified Huntington Disease Rating Scale; Unified Huntington Disease Rating Scale
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Introduction

Huntington disease (HD) is a rare autosomal neurodegenerative
disorder caused by an expanded cytosine-adenine-guanine
(CAG) repeat (>35) in the huntingtin gene [1]. The disease
manifests through a variety of motor, cognitive, and psychiatric
symptoms, requiring lifelong multidisciplinary care. While no
cure is currently available despite extensive research on disease
modifiers, symptomatic treatments are effective in managing
disability for many years. Therefore, continuous and
personalized monitoring of disease progression is essential to
optimize patient care. However, access to specialized expertise
remains limited, highlighting the need for scalable, automated
approaches to support clinical decision-making.

The composite Unified Huntington disease Rating Scale
(cUHDRS) is a robust metric for tracking disease progression,
integrating motor, cognitive, and functional scores from the
UHDRS [2]—the worldwide reference scale for HD clinical
evaluation. Its assessment is typically conducted once a year
during face-to-face examinations by trained neurologists and
neuropsychologists with restricted availability [3]. This calls
for cost-effective and remote-friendly solutions to enable
continuous disease monitoring.

Speech analysis has emerged as a promising, noninvasive, and
practical tool for tracking HD progression [4,5]. While other
biomarkers, such as striatal atrophy on magnetic resonance
imaging, cerebrospinal fluid neurofilament levels, and cognitive
batteries, have been validated to monitor disease progression,
speech-based assessments are well-suited for remote,
home-based implementation, reducing the logistical burden and
costs associated with in-clinic visits. In our previous study [5],
we demonstrated that speech features could predict cUHDRS
scores and their cognitive and motor components more
accurately than the combination of demographic and genetic
data [5]. These features were extracted from a simple counting
task, in which participants counted forward and backward from
1 to 20 in less than 45 seconds. However, the need for manual
annotations by speech pathologists still limited the model’s
scalability and implementation as a telemonitoring solution
[6,7].

To address these limitations, we developed xHD-Vox (x for
eXplainable, HD for Huntington disease, and Vox for voice),
an interpretable and automated model that predicts cUHDRS
and its motor and cognitive components from brief speech
recordings in HD gene carriers. This study comprises the
following two main parts: (1) xHD-Vox development, where
we ensured interpretability by using a standard linear regression
model and selecting a subset of relevant speech features
identified in our previous work [5]. Manual annotations were
replaced with features extracted using Whisper, an open-source
automatic speech recognition (ASR) system developed by
OpenAI, known for its high transcription accuracy and
multilingual support [8]. (2) xHD-Vox evaluation on an
independent longitudinal dataset to evaluate its ability to track
disease progression over time.

Methods

Participants
Participants were enrolled from three prospective longitudinal
studies: BIO-HD (NCT01412125), REPAIR-HD
(NCT03119246), and MIG-HD (NCT00190450) before
transplants.

We selected data from HD gene carriers with a CAG repeat
length of greater than or equal to 40 to ensure the complete
penetrance of HD [9]. We excluded visits with missing speech
recordings or clinical scores required to compute cUHDRS.
This resulted in the selection of 181 participants, with a total
of 341 visits (Figure 1).

For the evaluation of our model on an independent longitudinal
test set, we selected participants who had 3 consecutive annual
visits, which resulted in a cohort of 24 participants (72 visits).
Assessing performance over a 2-year follow-up period ensured
a sufficiently long observation window to capture disease
progression.

The remaining 157 participants, comprising 269 visits (mean
1.7, SD 1.1), were used for model training.

Among these, 145 recordings from 90 participants were
annotated by speech pathologists and used to develop the
automated model.
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Figure 1. Participant selection flowchart for the development and validation study. The test set for validation is first isolated from the database. Model

development is performed on a subset of the training set with speech pathologists’ annotations available. MAE: mean absolute error; R2: explained
variance.

Clinical Evaluation
Participants were assessed by annually certified examiners with
the Unified Huntington Disease Rating Scale (UHDRS). For
this study, we used the cUHDRS and its four components to
evaluate the disease progression: Total Motor Score (TMS), the
Symbol Digit Modalities Test (SDMT), the Stroop Word (SW),
and the Total Functional Capacity (TFC). The cUHDRS was
calculated using the following formula [2]:

cUHDRS=TFC−10.41.9−TMS−29.714.9 +SDMT−28.411.3+SW−66.120.1+10

The CAG-age-product (CAP) score was calculated using the
standardized formula calibrated to reach 100 at the expected
age of onset [10]:

CAP=age×CAG−306.49

Standardized Lightweight Speech Task
Speech samples were recorded in a clinical research environment
at Henri Mondor Hospital through 2 brief controlled tasks. Each
participant was asked by a neuropsychologist to (1) count aloud
numbers from 1 to 20 (forward counting), then (2) to count
backward from 20 to 1 while holding their hands up and closing
their eyes (backward counting). The backward task increases
cognitive load by inhibiting the forward counting process [5].
Recordings were made using an external microphone (Zoom
H4n Pro; 44 kHz recording, resampled at 16 kHz) for the
BIO-HD and REPAIR-HD cohorts and were extracted from the
audio track of video recordings for MIG-HD. The microphone
was placed on the neuropsychologist’s desk, facing the patient,
who was seated approximately 1‐2 meters away.

For the annotated samples, speech recordings were transcribed
by speech therapists at the word level using the Praat (developed
by Paul Boersma, David Weenink, and Anastasia Shchupak)

and Seshat (developed by Hadrien Titeux, Rachid Riad,
Xuan-Nga Cao, Nicolas Hamilakis, Kris Madden, Alejandrina
Cristia, Anne-Catherine Bachoud-Lévi, and Emmanuel Dupoux)
platforms [11]. Mispronunciations (using the Speech Assessment
Methods Phonetic Alphabet), paraphasias, phoneme
perseverations, abnormal breathing, vocal noises, and filled
pauses (“euh” and ”um”) were identified.

Analysis Implementation
This study followed the TRIPOD+AI (Transparent Report of a
Multivariable Prediction Model for Individual Prognosis or
Diagnosis) reporting guideline. We conducted the analysis in
Python using the scikit-learn library [12]. Features were
normalized with RobustScaler to enhance feature importance
analysis and improve the model’s convergence. For
cross-validation, we generated 50 folds, with each fold
containing 80% of participants in the training set and the
remaining 20% in the test set. Each participant was assigned
exclusively to either the training or test set within each fold.

Automated Model Development

Overview
In this first analysis, we automated the model developed by
Riad et al [5] for predicting cUHDRS and its components using
a parsimonious approach to reduce model complexity while
preserving predictive accuracy. This approach involved the
following three steps: (1) ranking the most predictive features
of Riad et al [5] model, (2) identifying the smallest subset of
features that achieved at least the same performance as the full
feature set by progressively adding features in order of
importance, and (3) automating the annotation process for the
selected features using Whisper.
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Ranking the Most Predictive Features of our Previous
Model

Features Investigated

We applied the automatic pipeline for feature extraction based
on speech pathologists’ annotations previously developed by
Riad et al [5]. This process resulted in the extraction of 60
speech features (30 features for each of the 2 tasks), including
articulatory and phonatory deficiencies, rhythm and temporal
statistics, filled pauses, vocalization additions, and
sequence-related metrics (eg, errors in number order and
perseveration errors) (Table S1 in Multimedia Appendix 1
provides the detailed list of features extracted). We excluded
the feature phones per second due to their high correlation
(r=0.99) with pronounced numbers per second. Demographic
features, including CAP score, age, and CAG repeat length,
were added, leading to a total of 63 features being investigated.

Features Importance Ranking

Riad et al [5] model is a 63-feature ElasticNet regression, a
standard linear regression with L1 and L2 regularization to
prevent overfitting and mitigate multicollinearity. The study
demonstrated that using only features from the backward task
yields performance comparable to that achieved using features
from both forward and backward tasks (ablation study).
Performance was assessed using mean absolute error (MAE)
across 50 cross-validation folds, which quantifies the average
absolute difference between observed and predicted clinical
scores.

Given similar results in our replication (Tables S2 and S3 in
Multimedia Appendix 1), we retained only features from the
backward counting task for further selection.

To identify the most relevant features from this task, we
calculated the average absolute value of the ElasticNet
regression coefficients across 50 cross-validation training folds.
Features were then ranked by their relative importance for each
clinical score prediction. Finally, we computed an average rank
for each feature across cUHDRS, TMS, and cognitive scores.
TFC was excluded from this average ranking because the model
showed low explained variance (R²) for this score, indicating
poor predictive performance.

Identifying the Minimal Predictive Features Set
To identify the minimal set of features that achieved
performance at least equivalent to that of the initial model [5],
features were progressively added in order of importance, as
determined in step (1), in a standard linear regression model.
We stopped adding features once the model’s performance
matched or exceeded that of the initial model. Performance was
evaluated using the mean MAE across 50 cross-validation folds.
This method identified a minimal subset; however, it may not
be globally optimal, as other combinations of features could
potentially provide better predictive performance.

Automating the Selected Features’Annotation Process
Using Whisper
The two selected features in step (2) were “numbers pronounced
per second” and “SD of the duration of individual numbers.”
Numbers pronounced per second were computed as the total

number of numbers spoken (including perseverations and
sequence errors) divided by the task duration. Task duration
was defined as the time interval from the start of the first number
pronounced to the end of the last number pronounced. The SD
of duration was calculated across the duration of individual
spoken numbers.

To automate the extraction of these 2 features, it was necessary
to identify the sequence of numbers produced by each participant
within recordings that could include hesitations, fillers, or
unrelated speech (eg, questions addressed to the
neuropsychologist). This required accurate transcription of the
recordings as well as precise text-audio alignment to compute
timing-related features.

We used Whisper, a pretrained ASR model developed by
OpenAI [8], which provides both transcription and timestamp
alignment, thereby facilitating automated extraction of timing
features. Whisper was trained on 680,000 hours of labeled audio,
including multilingual datasets, and has demonstrated a low
word error rate in French (word error rate=5.3 on FLEURS and
10.8 on Common Voice [version 15]). Its robustness to noisy
recordings and coverage of 96 languages made it well suited
for this task.

Numbers pronounced per second and the SD of the duration of
individual numbers were compared using Pearson and Spearman
correlations between the values computed from Whisper’s
annotations and those derived from speech-language pathologist
annotations.

Finally, we validated our automated model by comparing the
MAE of predictions based on features extracted from speech
pathologists’ annotations with those obtained using Whisper’s
alignment.

Model Evaluation Using Longitudinal Data

Overview
We evaluated our automated model on longitudinal data using
a leave-one-out setup to simulate its real-world performance.
The model was calibrated on the training set before being tested
on unknown participants (test set).

All longitudinal assessment results are reported on the test set
to ensure evaluation on an unseen cohort and avoid inflated
performance estimates. Given the test set selection approach,
we verified a posteriori that (1) the training set contained enough
participants for proper model calibration, (2) the training/testing
split followed an 80/20 ratio in terms of visits, and (3) the test
and training sets were balanced in terms of disease severity
(refer to the Participants subheading in the Results section for
details).

Model Performance on the Test Set
The model was trained using linear regression, and its
performance was evaluated on the test set using the MAE, R²,
and intraclass correlation coefficient (ICC). The R² metric
quantifies the proportion of variance explained by the model,
whereas the ICC measures the agreement between predicted
and observed clinical scores. To highlight the potential
contribution of speech features, we compared the performance
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of our model with that of a baseline demographic model (based
on CAP score and CAG repeat length).

Functional Classification
Given the low performance of the regression model for TFC,
we explored functional decline using a logistic regression model
trained to classify stage 3 vs stages 0‐2 of the Huntington
Disease Integrated Staging System (HD-ISS). The model
included two predictors: CAP score and speech rate (measured
as numbers pronounced per second). Selection of these
predictors was supported by cross-validation results (Figure S3
and methods in Multimedia Appendix 1). Model performance
was evaluated using Receiver Operating Characteristic–Area
Under the Curve (ROC AUC), accuracy, and recall.

Longitudinal Change
To test the hypothesis of a longitudinal decline in clinical scores,
both as measured by clinicians and as predicted by the model
on the test set, we performed 2-way repeated-measures
ANOVAs separately for each score. The 2 within-subject factors
were visit time (baseline, year 1, and year 2) and type of measure
(clinician-assessed vs model-predicted). Statistical significance
was set at α=.05, and Bonferroni corrected for the 5 tested
scores.

For each ANOVA, we examined the main effects of time and
type of measure, as well as their interaction. When a significant
effect of time was observed, Tukey post hoc comparisons were
conducted to characterize differences between visits.

To quantify the magnitude of longitudinal change, we computed
1-year and 2-year changes in each score for both
clinician-assessed and model-predicted measures. One-year
change was defined as the difference between the score at year
1 and baseline, whereas 2-year change was defined as the
difference between the score at year 2 and baseline. Group-level
agreement between clinical and predicted changes was assessed
by comparing mean changes and their 95% CIs.

To evaluate model performance at the individual level, we
examined the relationship between predicted and clinically
measured 1-year changes using scatterplots, Pearson correlation
coefficients, and Spearman correlation coefficients. This analysis
was restricted to 1-year changes to maximize the number of

observations (48 paired changes), thereby increasing statistical
power. Sensitivity to outliers was assessed and reported in
Multimedia Appendix 1.

Ethical Considerations
All participants signed an informed consent. Ethical approval
was obtained from the institutional review board of Henri
Mondor Hospital for BIO-HD and MIG-HD and of Saint-Louis
Hospital for the French part of REPAIR-HD. The study
complied with the Declaration of Helsinki, current Good Clinical
Practice guidelines, and local laws and regulations.

Results

Participants
The full database (N=181 participants, 341 visits) included
individuals at early stages of the disease, with low to moderate
functional impairment (mean TFC 11.2, SD 2.3). Detailed
demographic and clinical characteristics are provided in Table
1.

This database was split into training and testing sets (refer to
Figure 1 for the flow of subset construction). The test set
comprised 21% of the total visits and was balanced in terms of
disease severity compared with the training set: 50% of
participants were at stage 3 in both sets, and 19% were at stage
0‐1 (vs 32% in the training set). Clinical scores (cUHDRS,
TFC, SDMT, SW, and TMS) were also close between the 2
subsets.

Our sample size analysis (Figure S2 in Multimedia Appendix
1) indicated that 100 participants were sufficient to calibrate
the model with 95% accuracy; this condition was met with 157
participants in the training set.

The speech pathologist-annotated database used for model
development showed a disease severity profile similar to that
of the full database, with a slightly lower mean TFC (mean 10.8,
SD 2.3).

A PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) flow diagram of data selection is provided
in Figure S1 in Multimedia Appendix 1. Only 1.2% of clinical
data were missing.
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Table . Demographic and clinical characteristics across all database subsets used in the different analyses.

Speech pathologist–annotat-
ed database

Training setTest setFull databaseCharacteristic

9015724181Number of participants

Sex, n

55937100    Female

35641781    Male

14526972341Number of visits

1.6 (0.8)1.7 (1.1)3 (0)1.9 (1.1)Number of visits, mean (SD)

51.7 (10.5)48.7 (11.4)53.5 (10)49.4 (11.3)Age at first visit, mean (SD)

43.6 (3.4)43.7 (3)42.5 (1.7)43.6 (2.9)CAGa repetition, mean (SD)

37 (0.25)86 (0.32)14 (0.19)100 (0.29)HD-ISSb 0‐1, n visits (%)

27 (0.19)51 (0.19)22 (0.3)73 (0.22)HD-ISS 2, n visits (%)

81 (0.56)132 (0.49)36 (0.5)168 (0.49)HD-ISS 3, n visits (%)

11.2 (4.6)12.1 (4.8)12.0 (4.1)12.1 (4.6)cUHDRSc, mean (SD)

25.2 (19)20.9 (19.4)21.3 (16.5)21.0 (18.8)TMSd, mean (SD)

10.8 (2.3)11.1 (2.4)11.4 (1.9)11.2 (2.3)TFCe, mean (SD)

32.7 (16.3)36 (16.9)34.4 (14)35.7 (16.3)SDMTf, mean (SD)

71.1 (23.6)75.2 (24.1)73.4 (21.8)74.9 (23.7)SWg, mean (SD)

aCAG: cytosine-adenine-guanine.
bHD-ISS: Huntington Disease Integrated Staging System.
ccUHDRS: composite Unified Huntington Disease Rating Scale.
dTMS: Total Motor Score.
eTFC: Total Functional Capacity.
fSDMT: Symbol Digit Modalities Test.
gSW: Stroop Word.

Automated Model Development

Ranking the Most Predictive Features
Table S3 in Multimedia Appendix 1 shows that the R² for the
TFC score was low (0.13) compared with that of the other
scores, which were closer to 0.5. Although we continued to
report results for TFC, it was excluded from the feature selection
process because of its poor predictive performance.

The four most predictive features, based on their average rank,
were the CAP score, CAG repeat length, and 2 rhythm-related
speech features: numbers pronounced per second and the SD
of the duration of pronounced numbers. Table 2 shows the top
15 most predictive features from the backward speech task for
predicting clinical scores.
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Table . Coefficient ranks of demographic and speech features from the backward task for each clinical score. The average rank is calculated as the

mean rank across all clinical scores except TFCa (low predictive performance based on explained variance [R²]). Features are ordered based on their
average rank.

TFCaAverage rankSDMTdStroop WordTMSccUHDRSbFeature

11.001111CAPe score

83.002352Pronounced num-
bers per second

24.257523CAGf repetition

325.0032114SD of the duration
of pronounced
numbers

176.258647Total number of
pronunciation er-
rors

106.7541436Temporal rate of
the pronounced
numbers

48.50131065Range of the funda-
mental frequency

69.5051779Temporal rate of si-
lences

289.75119811Pronunciation er-
rors per second

310.5018798Task duration

2111.501281313SD of normalized
intensity of vocal-
izations

1412.006201012Total number of si-
lences

1312.751642110Mean duration of
pronounced num-
bers

1212.759161214Ratio of pronuncia-
tion errors

2014.0014111615Temporal rate of
the filled pauses

3115.2515121717Normalized range
of intensity of vo-
calizations

2315.2510152016Participant age

aTFC: Total Functional Capacity.
bcUHDRS: composite Unified Huntington Disease Rating Scale.
cTMS: Total Motor Score.
dSDMT: Symbol Digit Modalities Test.
eCAP: CAG-age-product.
fCAG: cytosine-adenine-guanine.

Identifying the Minimal Predictive Features Set
Table 3 shows that using the top 4 ranked features identified in
step 1.1 (Table 2) resulted in MAE values that were equal to or
lower than those of the initial 63-feature model (column 6 vs
column 1). Using only the 2 top-ranked features (CAP score
and numbers pronounced per second) was already sufficient for

cUHDRS and SDMT to achieve lower MAE compared with
the 63-feature model (column 1 vs column 4). Adding CAG
repeat length further reduced the MAE for TMS (column 5 vs
column 4), whereas incorporating the SD of the duration of
pronounced numbers leads to an additional decrease in MAE
for SW prediction (column 6 vs column 5).
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Table . Model performance in terms of average MAEa (SD) across 50 cross-validation folds for different sets of features. The goal was to identify the
minimal set of predictive features that achieved performance equal to or better than the initial model from our previous study [5], which included 60

speech features, CAPb score, CAGc repeat length, and age (column 1). In columns 3-6, features were added iteratively based on their importance ranking
using a standard linear regression model. The top 4 ranked features were, in order, CAP score, backward numbers per second, CAG repeat length, and
the SD of backward numbers per second. Column 2 reports performance using only CAP score and CAG repeat length, that is, the 2 demographic
features among the top 4 ranked predictors, for comparison. Equivalent performance with the initial 63-feature model was achieved using these 4
features. The last column reports performance using features automatically extracted with Whisper.

Features extract-
ed using Whis-
per

Features extracted from annotations used in the regression modelClinical score

Top 4 highest-
ranked features
(model automat-
ed)

Top 4 highest-
ranked features
(minimal set)

Top 3 highest-
ranked features

Top 2 highest-
ranked features

Top 1 highest-
ranked features

Demographic

baseline (CAPb

score + CAGc

repeat length)

63-feature

initial model [5]

2.1 (0.3)2.2 (0.3)2.2 (0.4)2.2 (0.4)2.7 (0.5)2.7 (0.5)2.6 (0.4)cUHDRSd,
mean (SD)

10.1 (1.1)10.6 (1.3)10.4 (1.3)10.7 (1.5)12.3 (1.8)12.0 (1.6)10.6 (1.1)UHDRS-TMSe,
mean (SD)

1.3 (0.2)1.4 (0.2)1.4 (0.2)1.5 (0.2)1.5 (0.2)1.5 (0.2)1.7 (0.2)UHDRS-TFCf,
mean (SD)

11.6 (1.7)11.6 (1.8)12.2 (2.0)12.1 (2.1)14.5 (2.3)14.4 (2.3)11.9 (1.9)SWg, mean (SD)

8.4 (1.3)8.4 (1.3)8.3 (1.3)8.3 (1.3)9.7 (1.7)9.7 (1.8)8.8 (1.5)SDMTh, mean
(SD)

aMAE: Mean Absolute Error
bCAP: CAG-age-product.
cCAG: cytosine-adenine-guanine.
dcUHDRS: composite Unified Huntington Disease Rating Scale.
eUHDRS-TMS: Unified Huntington Disease Rating Scale Total Motor Score.
fUHDRS-TFC: Unified Huntington Disease Rating Scale Total Functional Capacity.
gSW: Stroop Word.
hSDMT: Symbol Digit Modalities Test.

The final 4-feature model outperformed a demographic baseline
model based on CAP score and CAG repeat length (column 6
vs column 2; paired t test with Bonferroni correction, P<.001
for all scores). R² values, reported in Table S4 in Multimedia
Appendix 1, complement the MAE analysis: for example, the
final model achieved a mean R² of 0.59 for cUHDRS (vs 0.43
for the baseline) and 0.57 for SW (vs 0.37).

The demographic baseline includes only the demographic
features present in the final model to evaluate the incremental
value of speech features. Age was not included as a sensitivity
analysis showed that adding age to the demographic features
did not improve MAE or R² compared to using only CAP score
and CAG repeat length (Tables S5 and S6 in Multimedia
Appendix 1) and introduced severe multicollinearity (variance
inflation factor [VIF] >12 for all features). By contrast, VIF
values were acceptable when using only CAP score and CAG
repeat length for both the demographic baseline model
(VIF=1.2) and the final 4-feature model (maximum VIF of
1.56). This demographic baseline model was used for subsequent
comparisons with xHD-Vox to quantify the specific contribution
of speech features.

Automating the Selected Features’ Annotation Process
Using Whisper
Whisper-extracted features and annotations-based features
showed Pearson and Spearman correlations of 0.84/0.81 for
numbers pronounced per second and 0.42/0.61 for the SD of
the duration of pronounced numbers.

The automated pipeline achieved equal or lower MAE values
than the speech pathologist-annotated pipeline (column 7 vs
column 6 in Table 3), with statistically significant differences
observed for TMS and TFC (paired t test; Bonferroni corrected;
P<.001).

The final performance of the automated model yielded relative
errors ranging from 12% for SDMT to 40% for TMS, with 13%
for TFC, 19% for cUHDRS, and 35% for SW. Relative error
was calculated as the MAE (column 7 in Table 3) divided by
the mean cohort score (last column in Table 1).

Model Evaluation Using Longitudinal Data

Overview
First, we compared the cross-validation performance of our
model obtained in (Table 3, last column) with results previously
reported in the literature using comparable evaluation
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frameworks (Table 4), which is further discussed in the Discussion section.
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Table . Literature review of prediction models and group analyses based on speech markers in Huntington disease. For studies of speech markers of
disease, P values are indicated when P<.05 for controls vs preHD (Saft) and preHD vs HD (Vogel).

Speech markers of diseasePrediction modelObjective of
study

Saft et al [16]Skodda et al [15]Vogel et al [14]Nunes et al [4]Riad et al [13]Riad et al [5]This studyAuthors

GermanGermanEnglishEnglishFrenchFrenchFrenchLanguage

Longitudinal
(Y0+21 months)

Cross-sectionalCross-sectionalCross-sectional
analysis

Cross-sectionalCross-sectionalLongitudinalType of study

13 preHDs56: 28 preHDs

and 28 controls

45: 17 HDs, 13
PreHDs, and 15
controls

36: 18 HDs, 7
PreHDs, and 11
controls

85: 45 HDs, 16
preHDs, and 24
controls

103: 87 HDsb

and 16 PreHDsc
181: 41 HD-ISSa

0-1, 33 HD-ISS
2, and 107 HD-
ISS 3

No of partici-
pants

265645NR:d follow-up
every 3‐6

85126341Number of visits

months for 3
years

Yes (purely
acoustic)

Yes (purely
acoustic)

Yes (purely
acoustic)

Automated using
BioDigit Speech
(proprietary

ASRe)

Yes (acoustic
features)

No (speech
pathologist anno-
tations)

YesAutomated?

Reading, sus-
tained phona-

Reading, sus-
tained phona-

Passage reading,
monologue with

Passage reading,
counting for-

Maximum
phonation

Counting back-
ward + forward

Counting back-
ward

Tasks

tion, maximumtion, maximumpositive content,ward (1-20),
syllable repeti-syllable repeti-and automatedcounting back-
tion capacity,tion capacity,sample (days of

the week)
ward (50-30 by
increments of 3),
and used for

and steadiness of
syllable repeti-
tion.

and steadiness of
syllable repeti-
tion.classification on-

ly.

NR (presumably
>2 minutes)

NR (presumably
>2 minutes)

NR (presumably
>2 minutes)

≤2 minutes3 seconds≤80 seconds≤40 secondsTask duration

6661416634Number of fea-
tures

Features • Net speech
rate

• Net speech
rate,(P<.0001)

• Total
speech time

• Features
for reading

• Phonatory
features

• Sixty
speech fea-

• CAPf score
• Numbers

pronounced (P<.01)and count-
ing task:

and modula-
tion power

tures (listed
in Table S1

•• Pause ratioPause ratio
• Total si-

lence time
•• VKT and

MaxSylRep
Vowel
keeping

per second
rhythm fea-
tures, se-

spectrum
features

in Multime-
dia Ap-

• CAGg re-
peat length

(P<.01) time (VKT)
and Max-

• COV1 h
quence-er-
ror perse-

pendix 1). • % silence • COV2 i• SD of num-
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Speech markers of diseasePrediction modelObjective of
study

Saft et al [16]Skodda et al [15]Vogel et al [14]Nunes et al [4]Riad et al [13]Riad et al [5]This studyAuthors

———9.6413.14 (1.7)12 (1.8)10.1 (1.1)    TMSn

———2.431.64 (0.3)1.3 (0.2)1.3 (0.2)    TFCo

———NANA13.3 (2.2)11.6 (1.7)    SWp

———NANA8.9 (1.8)8.4 (1.3)    SDMTq

aHD-ISS: Huntington Disease Integrated Staging System.
bHD: Huntington Disease.
cPreHD: premanifest stage.
dNR: not reported.
eASR: automatic speech recognition.
fCAP: CAG-age-product.
gCAG: cytosine-adenine-guanine.
hCOV1: relative coefficient of variation for single syllable repetition.
iCOV2: relative coefficient of variation of the pairs of syllables.
jNot applicable.
kMAE: mean absolute error.
lcUHDRS: composite Unified Huntington Disease Rating Scale.
mNot available.
nTMS: Total Motor Score.
oTFC: Total Functional Capacity.
pSW: Stroop Word.
qSDMT: Symbol Digit Modalities Test.
rPatiRatio: average interval duration of syllables (pa) divided by average interval duration of syllable (ti)

Model Equations
The regression coefficients of the xHD-Vox model, calibrated
on the training set, are provided in Table 5.
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Table . Regression coefficients of the xHD-Vox model: a standard linear regression model predicting clinical scores. All speech features were extracted
from the backward counting task. Variables were not normalized before regression for reproducibility purposes. Exact P values are reported when

P≥.001. As an example, the regression equation for predicting cUHDRSa is: cUHDRS=33.05−0.12 × CAPb score + 2.5 × numbers pronounced per

second − 0.27 × CAGc repetition − 2.32 × SD of numbers pronounced per second. Definition of speech features: task duration = time between the first
and last spoken numbers (from 20 to 1). Numbers pronounced per second = total number of numbers spoken divided by task duration (including
perseverations). SD of numbers pronounced per second = variability in duration across individual spoken numbers.

SDMTfStroop WordTFCeTMSdcUHDRSaFeature

97.33g (P≤.001)164.87g (P≤.001)19.52g (P≤.001)−78.10g (P≤.001)33.05g (P≤.001)Intercept

−0.42g (P≤.001)−0.56g (P≤.001)−0.04g (P≤.001)0.45g (P≤.001)−0.12g (P≤.001)CAPb score

8.25g (P≤.001)14.3g (P≤.001)0.94g (P≤.001)−8.40g (P≤.001)2.50g (P≤.001)Numbers pronounced
per second

−0.66i (P=.02)−1.15g (P≤.001)−0.11h (P=.009)1.44g (P≤.001)−0.27g (P≤.001)CAGc repetition

−5.06i (P=.046)−10.54h (P=.001)−1.27h (P=.002)10.2g (P≤.001)−2.32g (P≤.001)SD of numbers pro-
nounced per second

acUHDRS: composite Unified Huntington Disease Rating Scale.
bCAP: CAG-age-product.
cCAG: cytosine-adenine-guanine.
dTMS: Total Motor Score.
eTFC: Total Functional Capacity.
fSDMT: Symbol Digit Modalities Test.
gP≤.001.
hP≤.01.
iP<.05.

Model Performance on the Test Set
The R² values of xHD-Vox on the test set were 0.57 for
cUHDRS and TMS, 0.49 for SW, and 0.48 for SDMT (Figure
2). The lowest R² was observed for TFC (0.26).

Compared with a demographic baseline model including CAP
score and CAG repeat length, xHD-Vox improved cUHDRS
prediction, increasing R² by 50% and reducing MAE by 15%.
The largest gains were observed for cognitive outcomes, with
relative R² increases of 81% for SW and 66% for SDMT, along
with corresponding MAE reductions of 16% and 13%,
respectively.

Based on the model’s cross-validation results in Table 3 (last
column), the test set MAE for cUHDRS matched expectations
(2.1), equal to the average MAE across the 50 folds. For Symbol
Digit Modality and TMS, the test-set MAEs were lower than
expected (8.2 vs 8.4 and 9.0 vs 10.1, respectively). In contrast,
SW showed poorer test-set performance, with a higher MAE
than during cross-validation (12.5 vs 11.6).

Mean and median absolute errors per visit remained stable over
the 2-year follow-up (Figure S4 in Multimedia Appendix 1).
MAE varied by HD-ISS stage (Figure S5 in Multimedia
Appendix 1). For example, for cUHDRS, the MAE decreased
from 2.6 at stage 0‐1 to 1.7 at stage 2 before increasing to 2.2
at stage 3.
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Figure 2. Model performance on the testing set (72 visits, 24 participants). Predicted clinical scores vs measured values (blue dots). The red line
represents perfect predictions. The mean absolute error (MAE) corresponds to the vertical distance between a point and this line. The explained variance
(R²), MAE, and intraclass correlation coefficient (ICC) of our model (bold) vs those obtained with a demographic baseline (cytosine-adenine-guanine
(CAG)-age-product [CAP] score + CAG repetition). The bottom-right panel displays the Receiver Operating Characteristic curve for a logistic classifier
distinguishing Huntington Disease Integrated Staging System stage 3 from stages 0‐2, based on CAP score and speech rate. Refer to Figure S3 in
Multimedia Appendix 1 for comparison of the classifier’s performance compared to CAP score alone. cUHDRS: composite Unified Huntington Disease
Rating Scale; HD-ISS: Huntington Disease Integrated Staging System; SDMT: Symbol Digit Modalities Test.

Functional Classification
Model performance for TFC prediction was modest (R²=0.26),
likely reflecting the limited variance in TFC scores (mean 11.1,
SD 2.4). However, speech rate was significantly lower in
participants at HD-ISS stage 3 compared to earlier stages (Figure
S6 in Multimedia Appendix 1; 1-way ANOVA followed by
post hoc Tukey test; P<.001).

We therefore investigated whether speech rate could serve as a
marker of functional impairment and trained a logistic regression
classifier using CAP score and speech rate as the 2 predictors
(methods and Figure S3 in Multimedia Appendix 1). The model
distinguished stage 3 from stages 0‐2 with good performance
on the held-out test set: recall=0.83, accuracy=0.73, and ROC
AUC=0.79 (bottom right panel in Figure 2). For comparison, a
model based only on CAP score achieved recall=0.68,
accuracy=0.68, and ROC AUC=0.74.

Longitudinal Change
We conducted repeated-measures 2-way ANOVAs with time
(Y0, Y1, and Y2) and type of measure (clinical vs xHD-Vox)
as within-subject factors for all scores (Table 6). A significant
main effect of time was observed for all scores (P<.001 for all
scores), with no significant time × type interaction, indicating
similar temporal trajectories for clinical measures and xHD-Vox
predictions. Post hoc Tukey tests revealed significant differences
between Y0 and Y2 for all scores, and between all time points
(Y0, Y1, and Y2) for cUHDRS and SW. Mean scores decreased
consistently across time points for both clinical and xHD-Vox
measures, demonstrating a statistically significant longitudinal
decline captured by both measures. No significant main effect
of type of measure was observed. Detailed ANOVA results for
the main effect of type and the time × type interaction are
provided in Table S7 in the Multimedia Appendix 1. These
results demonstrate that xHD-Vox reliably captures longitudinal
clinical decline over a 2-year follow-up.
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Table . Mean clinical and xHD-Vox scores over time and results of repeated-measures 2-way ANOVA for the main effect of time. Repeated-measures
2-way ANOVA was conducted for each clinical score, with factors time (Y0, Y1, and Y2) and type of measure (clinical vs xHD-Vox). All ANOVAs
were corrected for multiple comparisons using the Bonferroni method. Results for the main effect of time are reported here. Post hoc Tukey tests were
performed for pairwise comparisons when the time effect was significant.

Time effect (repeated-measured ANOVA)xHD-Vox measureClinical measuresClinical
score

Post hoc
(Tukey,
Bonferroni
corrected)

np²aP valueF(1, 2)Y2, mean
(SD)

Y1, mean
(SD)

Y0, mean
(SD)

Y2, mean
(SD)

Y1, mean
(SD)

Y0, mean
(SD)

Y1 vs Y2,
Y1 vs Y0,
and 2 vs
Y0

0.02<.00117.83 (2,
46)

11.51
(2.57)

11.73
(2.83)

12.17
(2.49)

11.29
(4.41)

11.99
(4.02)

12.75
(3.65)

cUHDRSb

Y1 vs Y2
and Y2 vs
Y0

0.01.0018.76 (2, 46)22.61
(9.58)

21.74
(10.50)

20.06
(9.23)

23.33
(18.10)

21.29
(16.72)

19.25
(15.11)

UHDRS-

TMSc

Y1 vs Y0
and Y2 vs
Y0

0.02.0018.85 (2, 46)10.88
(1.02)

10.97
(1.12)

11.15
(0.97)

11.04
(2.30)

11.38
(1.88)

11.88
(1.48)

UHDRS-

TFCd

Y1 vs Y2,
Y1 vs Y0,
and Y2 vs
Y0

0.02<.00114.23 (2,
46)

72.21
(13.05)

73.26
(14.40)

75.43
(12.56)

69.04
(22.10)

73.75
(21.30)

77.83
(22.00)

SWe

Y2 vs Y00.01<.0019.94 (2, 46)33.76
(8.50)

34.54
(9.30)

35.94
(8.30)

32.71
(14.80)

34.42
(14.04)

36.21
(13.35)

SDMTf

aηp²: partial eta squared.
bcUHDRS: composite Unified Huntington Disease Rating Scale.
cUHDRS-TMS: Unified HuntingtonRating Scale Disease Rating Scale Disease Rating Scale Total Motor Score.
dUHDRS-TFC: Unified HuntingtonRating Scale Disease Rating Scale Total Functional Capacity.
eSW: Stroop Word.
fSDMT: Symbol Digit Modalities Test.

The magnitude of the 1-year and 2-year decline at the group
level is reported in Table 7, which presents mean changes and
their 95% CIs. Corresponding plots are shown in Figure S7 in
Multimedia Appendix 1 for illustrative purposes. For all clinical
scores, the mean 2-year decline measured by clinicians was
approximately twice the 1-year decline, indicating a consistent

and approximately linear progression over time. Predicted
changes derived from xHD-Vox fell within the 95% CIs of the
corresponding clinician-assessed changes for all scores except
the 2-year change in SW. These results suggest that xHD-Vox
provides a group-level estimate of the magnitude of longitudinal
clinical decline.
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Table . One-year and 2-year mean changes in clinical scores for model predictions and clinician assessments on the test set (N=24). Predicted mean
changes are compared with the clinician-derived 95% CIs to evaluate alignment between model outputs and expert ratings. For example, the predicted

1-year change in cUHDRSa (−0.44) falls within the 95% CI of the clinician assessments (−1.3 to −0.2).

2-year change, mean (95% CI)1-year change, mean (95% CI)Clinical score

PredictedClinicianPredictedClinician

−0.7 (−1.1 to −0.3)−1.5 (−2.3 to −0.6)−0.44 (−0.9 to −0.0)−0.8 (−1.3 to −0.2)cUHDRSa

2.6 (1.1 to 4.0)4 (0.1 to 8.0)1.7 (0.2 to 3.2)2.0 (−1.2 to 5.3)TMSb

−0.3 (−0.4 to −0.1)−0.8 (−1.5 to −0.1)−0.2 (−0.4 to 0)−0.5 (−0.9 to −0.1)TFCc

−3.2 (−5.4 to −1.1)−8.8 (−13.6 to −3.9)−2.2 (−4.4 to 0.1)−4.1 (−7.4 to −0.8)SWd

−2.2 (−3.4 to −1)−3.5 (−6.2 to −0.8)−1.4 (−2.6 to −0.2)−1.8 (−3.8 to 0.2)SDMTe

acUHDRS: composite Unified Huntington Disease Rating Scale.
bTMS: Total Motor Score.
cTFC: Total Functional Capacity.
dSW: Stroop Word.
eSDMT: Symbol Digit Modalities Test.

Figure 3 compares predicted 1-year changes in cUHDRS with
clinically measured changes at the individual level for both
xHD-Vox and the demographic baseline model (45 observations;
3 influential outliers removed). A sensitivity analysis including
all 48 observations is reported in Figure S8 in Multimedia

Appendix 1 and discussed in the following paragraphs. The
demographic baseline captured little intraindividual variability,
with Pearson and Spearman correlations of 0.12 and 0.06,
respectively, and produced identical slopes across participants.

Figure 3. One-year change in composite Unified Huntington Disease Rating Scale (cUHDRS) predicted vs clinically measured for xHD-Vox (panel
B) and the demographic baseline model (panel A). The red line represents the line of perfect agreement (y = x). Pearson and Spearman correlation
coefficients are reported. The main analysis includes 45 observations, with 3 influential outliers removed; a sensitivity analysis including all 48
observations is shown in Figure S8 in Multimedia Appendix 1. HD-ISS: Huntington Disease Integrated Staging System.

In contrast, xHD-Vox exhibited greater interindividual
variability, with Pearson and Spearman correlations of 0.38 and
0.37, respectively. The model also captured positive changes
in some participants at earlier disease stages (HD-ISS 0‐2),
as illustrated in Figure 3 and in the individual trajectories shown
in Figure S9 in Multimedia Appendix 1.

A sensitivity analysis including all 48 observations (24
participants with 2 annual change measures each) showed that
correlation estimates were strongly influenced by 3 influential

outliers. When all data points were included, the Pearson
correlation was close to 0, whereas the Spearman correlation
remained higher (ρ=0.17). The discrepancy between Pearson
and Spearman correlations suggested a monotonic relationship
that was disproportionately affected by a small number of
extreme values, as identified in Figure S8 in Multimedia
Appendix 1.
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Discussion

This study presented an interpretable, automated speech-based
model, xHD-Vox, for monitoring clinical progression in HD.
Building on Riad et al [5] prior work using counting tasks, we
reduced the feature set from 63 to 4 key predictors while
maintaining comparable MAE: CAP score, CAG repeat length,
and rhythm-related measures—speech rate (numbers pronounced
per second) and its SD. These 2 rhythm features were
automatically derived from Whisper’s transcriptions and
timestamps, an open-source ASR model [8].

xHD-Vox was trained on data from 157 participants and
evaluated on a longitudinal cohort of 24 participants monitored
annually during 2 years. On this test set, xHD-Vox explained
57% of the variance in cUHDRS, representing a 50%
improvement over the demographic baseline. The MAE was
2.2, with an ICC of 0.70—lower than the 0.92 reported for
clinicians [17], but promising for a fully automated tool. Similar
results were obtained for TMS (MAE=9.0; ICC=0.68 vs
ICC=0.84 for clinicians [18]).

Cognitive outcomes also showed significant improvement
relative to the demographic baseline, with an R² increase of
66% for SDMT, reaching 0.48. To assess clinical relevance, we
compared our MAE values with normative benchmarks from
Mills et al [19]. The model’s MAE for SW (12.5) approximated
the difference between the 50th and 5th percentiles (11) for
highly educated 50-year-olds, a demographic representative of
our cohort. Similarly, the MAE for SDMT (8.2) closely matched
the normative spread (8).

Although the linear regression model yielded a relatively low
R² for TFC (0.26), a logistic regression using speech rate and
CAP score effectively classified HD-ISS stage 0‐2 vs stage 3
with an ROC AUC of 0.79, supporting its potential utility in
detecting functional decline.

Longitudinal analyses using repeated-measures ANOVAs with
post hoc Tukey tests confirmed a significant decline over the
2-year follow-up in the test set for both clinician-assessed
measures and xHD-Vox predictions. At the group level, the
mean 1-year and 2-year changes predicted by xHD-Vox were
consistent with clinically measured changes, falling within the
corresponding 95% CIs. Exploratory individual-level analyses
showed that xHD-Vox reasonably captured longitudinal 1-year
change compared with a demographic baseline model, although
results were sensitive to a small number of influential outliers.
Collectively, these findings support the potential of xHD-Vox
to model longitudinal clinical trajectories, while underscoring
the need for larger and more diverse test samples to further
assess robustness at the individual level.

Compared to prior speech studies in HD (summarized in Table
4), our model stands out for its larger cohort (n=181 gene
carriers), improved performance, and longitudinal scope. In
terms of performance, the MAE here was reduced for SW and
TMS by 13% and 16%, respectively, relative to Riad et al [5].
For TFC, a 46% improvement was achieved compared with
Nunes et al [4], although this should be interpreted cautiously,
considering the difference in sample size in cross-validation

(n=25 in their study). The only published longitudinal study did
not model clinical outcomes but focused on the decline of speech
biomarkers over time in premanifest participants (n=13) [16],
which precludes direct comparison [14,16].

Unlike most previous studies, we relied on a backward counting
task, a task widely conceptualized as a working memory task.
Individual differences in working memory capacity are known
to covary with processing speed and broader cognitive efficiency
[20,21], which are core determinants of SDMT and SW
performance. In addition, backward counting and the SW task
both rely on inhibitory control processes: inhibition of the
overlearned forward number sequence in backward counting
and inhibition of the automatic reading response in the Stroop
task. Thus, rhythm-related speech features likely capture these
shared cognitive efficiencies, explaining their predictive value
for broader cognitive performance beyond working memory
alone. Speech rate was also demonstrated to be a marker of
disease progression in HD [14,15]. Consistent with Vogel et al
[14], we observed a reduction in speech rate in stage 3
participants compared with controls and earlier-stage patients
(Figure S6 in Multimedia Appendix 1). We did not detect
significant differences between stages 0‐1 and controls in our
measure of speech rate, in agreement with Vogel et al [14] but
in contrast to findings reported by Skodda et al [15] (refer to
Table 4 for sample sizes in each group and study). Although
speech rate in stage 2 participants was lower than in stages 0‐1,
this difference was not statistically significant in our cohort
(P=.07), whereas it was significant in Vogel et al [14].
Differences across studies may reflect variability in sample size,
statistical approaches, and, importantly, the experimental task
used. Indeed, Vogel et al [14] highlighted the task-dependent
nature of speech rate as a biomarker, showing weak correlations
between speech rate and disease burden score in a
days-of-the-week recitation task (R=−0.22), but stronger
correlations for reading (R=−0.68). These considerations
underscore the importance of task selection when using speech
rate as a cognitive and disease-related marker.

Our model can be implemented in mobile apps for remote
monitoring. We provided all model equations and code on
GitHub, ensured clinical interpretability through identified
features, and automated feature extraction using the open-source
algorithm Whisper. Whisper produced accurate transcriptions
and sequence-level timestamps, resulting in high agreement
with speech pathologists’annotations for speech rate. Agreement
was lower for the SD of numbers pronounced, which relies on
word-level timestamps, but this limitation does not substantially
compromise overall model performance. Here, the use of
Whisper addressed reproducibility concerns raised by a previous
study [4] that relied on proprietary ASR systems or performance
issues of acoustic-based automated speech analysis [13]. Despite
being trained on general speech, Whisper has demonstrated
strong performance for dysarthric speech, including in
alpha-synucleopathies (Pearson correlations ranging from 0.6
to 0.94 depending on linguistic features) [22]. Fine-tuning
Whisper for dysarthric speech (eg, CrisperWhisper [23]) or
leveraging its audio encoder opens opportunities for other
predictive approaches [24].
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XHD-Vox opens the door for several applications. First, it could
be used in underserved areas. About 40 % of individuals with
Parkinson disease currently do not receive care from a specialist
[25]. Given that HD is a rare disease, we anticipate that the
situation may be similar or even worse. Like Parkinson disease,
HD specialists are concentrated in urban medical centers, while
patients are geographically dispersed, making travel to these
centers more difficult due to disability and age. By offering a
simple and ecological approach for tracking disease progression,
the need for clinic visits may decrease, whereas increasing the
number of people benefiting from appropriate monitoring.
Second, by allowing for frequent measurements of disease
severity, xHD-Vox could assist clinicians in following patients,
especially during crises such as COVID-19, when patients could
not attend their annual visits. Third, our approach could be used
for screening patients’ disease severity for clinical trials,
especially between stages 0‐2 and stage 3, using our classifier.

However, xHD-Vox has not yet been tested in other languages.
Fahed et al [26] conducted the only multilingual study (English,
Spanish, and Polish) on acoustic biomarkers in HD, focusing
on reading tasks, syllable repetition, and sustained vowels. They
showed that all temporal features are language-dependent in
reading tasks. In Parkinson disease, the articulation rate also

differed across languages [27]. With Whisper supporting 96
languages, adapting xHD-Vox to a new language would require
fewer than 100 participants to achieve 95% accuracy (Figure
S2 in Multimedia Appendix 1). While we have tested our model
on an unseen sample (test set) with good results, replication in
cohorts from other centers would strengthen generalizability.
Additionally, testing real-world data collection by recording
patients on their mobile phones, as done for Parkinson disease
[28], would validate the approach for remote monitoring.
Building on this framework, we have developed an Android
prototype of xHD-Vox, currently under internal testing, to
explore its potential for mobile deployment and remote
monitoring.

In conclusion, we provide novel insights into the robustness of
an automated speech-based clinical estimation model for
longitudinal monitoring of HD gene carriers, xHD-Vox. Its
strengths lie in its automation and interpretability, facilitating
deployment on mobile platforms and acceptance by clinicians.
This work represents a step forward in telemedicine for HD
monitoring, with the potential to detect disease progression,
particularly in regions with limited medical access or during
periods of health care disruption, such as lockdowns.
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