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Abstract

Background: The emergence of generative artificia intelligence (GenAl) presents unprecedented opportunities to redefine
conceptions of personhood and cognitive disability, potentially enhancing the inclusion and participation of individuals with
cognitive disabilitiesin society.

Objective: We aim to explorethe transformative potential of GenAl in reshaping perceptions of cognitive disability, dismantling
societal barriers, and promoting social participation for individuals with cognitive disabilities.

Methods: Thisstudy isacritical review of current literature in disability studies, artificial intelligence (Al) ethics, and computer
science, integrating insights from disability theories and the philosophy of technology. The analysis focused on 2 key aspects:
GenAl asasocia mirror reflecting societal values and biases, and GenAl as a cognitive partner for individuals with cognitive
disabilities.

Results. This paper proposes a theoretical framework for understanding the impact of GenAl on perceptions of cognitive
disability. It introduces the concepts of GenAl asa“socia mirror” that reflects and potentially amplifies societal biasesand as a
“cognitive copilot” providing personalized assistancein daily tasks, socia interactions, and environmental navigation. This paper
also presentsanovel protocol for developing Al systemstailored to the needs of individual swith cognitive disabilities, emphasizing
user involvement, ethical considerations, and the need to address both the opportunities and challenges posed by GenAl.

Conclusions: Although GenAl has great potential for promoting the inclusion and empowerment of individuals with cognitive
disabilities, realizing this potential requires a change in societa attitudes and development practices. This paper calls for
interdisciplinary collaboration and close partnership with the disability community in the development and implementation of
GenAl technologies. Realizing the potential of GenAl for promoting the inclusion and empowerment of individual swith cognitive
disabilities requires a multifaceted approach. This involves a shift in societal attitudes, inclusive Al development practices that
prioritizethe needs and perspectives of the disability community, and ongoing interdisciplinary collaboration. This paper emphasizes
the importance of proceeding with caution, recognizing the ethical complexities and potential risks alongside the transformative
possihilities of GenAl technology.

(JMIR Neurotech 2025;4:e64182) doi:10.2196/64182
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Introduction

Intheeraof generative artificial intelligence (GenAl), traditional
notions of personhood and normality are being challenged [ 1-4].
Technological advances are blurring the boundaries between
human and machine capabilities, offering an opportunity to
expand the limits of socia inclusion and promote change in
attitudes toward people with disabilities [1]. As artificial
intelligence (Al) systems demonstrate increasingly sophisticated
cognitive abilities, they prompt us to reconsider what qualities
define personhood and human intelligence. This paper examines
the potential of GenAl to disrupt limiting conceptions of
morality and humanity, focusing on the implications of GenAl
for the social status of people with cognitive disabilities. This
paper also proposes a practical toolkit for GenAl development
and engineering professionals—product managers, data
scientists, and developers—to help incorporate these insights
into their work.

Cognitive disability refers to a wide range of impairments
affecting cognitive functions such as|earning, problem-solving,
judgment, communication, and social interaction [5]. Examples
of cognitive disabilities include intellectua disability,
attention-deficit/hyperactivity disorder, autism spectrum
disorders, specific learning disabilities (such as dyslexia), and
brain injuries (such as traumatic brain injury or stroke) [5-7].
It is important to emphasize the variety of individuals with
cognitive disabilities, each one possessing a unique combination
of strengths, impairments, and potential, which means that
cognitive disabilities require personalized approaches to
intervention. While recognizing the diverse nature of cognitive
disabilitiesand the need for tail ored sol utions, this paper focuses
onthegeneral potential of GenAl to improvethelivesof people
across the spectrum of cognitive disabilities.

Engaging with the integration of GenAl and individuals with
cognitive disabilitiesisanew direction in the use of technology
in the field of disability. The potential for Al to support and
empower this population liesin its ability to perform cognitive
tasks such as reasoning, planning, decision-making, and
communication—areas that are challenging for people with
cognitive disabilities[8-10]. Theability of Al to removebarriers
and open new paths for inclusive and equitable participation
makesit especially relevant for this population [11]. Anin-depth
analysisof thisability requires examining the philosophical and
ethical implications of Al for conceptions of humanity and
morality, questions that directly determine how society views
and accommodatesindividual swith cognitive disabilities. These
are fundamental inquiries into the nature of intelligence,
personhood, consciousness, and human agency, which largely
determine the degree of participation and inclusion for this

group.

Personhood and Al: An Opportunity for
Paradigm Shift

The concept of personhood, which emerged as a central topic
in bioethical debates surrounding topics such as abortion, stem
cell research, and euthanasia, has evolved into a complex and
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multifaceted construct that now spans multipledisciplines[12].
Inherently normative in nature, personhood involves value
judgments and ethical considerations regarding how we ought
to treat and perceive others rather than merely describing
observable facts. Personhood is not rooted exclusively in our
biology and experiences but in our essence and identity. This
identity, however, is not formed in isolation; it is dynamically
shaped in an intricate interaction between self-perception and
the perception of others and interaction with them. Rosfort [13]
argued that this conceptualization of personhood reveals its
profoundly relational and social nature, demonstrating how
identity and perception of self-worth are inextricably woven
into interactions and the broader human context.

The concept of “personhood” has long served as a centra
criterion in bioethical discussions, determining which entities
deserve moral consideration and rights [3]. As a result, this
notion has a so functioned as amechanism of exclusion, denying
basic rights and opportunities to those deemed cognitively
“abnormal” [14].

For example, historically, people with cognitive disabilities
were excluded from the public sphere and denied the right to
make decisions for themselves [15,16]. Even today, despite
significant progressin discourse and work based on the “ social
model” (an approach that views disability as created by societal
barriers rather than by individual impairments alone) [17] and
the “minority group model” (which recognizes people with
disabilities as a marginalized minority group) [18], exclusion
still exists in various aspects of life. People with cognitive
disabilities still face barriers to accessing higher education and
vocational training because of preconceived notions about their
abilities [19]. Despite relevant skills, they have difficulties
securing meaningful employment and career advancement
opportunities because of social stigma and prejudice [20].
Participation in political or civic decision-making processes,
such as voting or community involvement, is limited by
discriminatory perceptions of the competence of individuals
with cognitive disabilities [21]. They are also excluded from
leisure, social, and cultural activities because of alack of access
or restrictive attitudes toward their participation [22].

These exclusion examples illustrate how, as a result of
conceptualizing what constitutes a person of merit, individuals
with cognitive disabilities are often excluded in the deepest and
broadest ways from society. This mechanism is difficult to
identify because it operates through our language and the most
basic organized mechanisms of any society: law, health care
system, education system, and more [23].

Breaking entrenched concepts and perceptions of personhood
is challenging because they are deeply embedded in societal
structures and norms, but emerging technologies are beginning
to chalengetheselong held beliefs. GenAl offersan opportunity
to challenge the definition of personhood perceptions by
demonstrating skills previously considered unique to humans
[1,4]. Although these capabilities are not yet perfect in Al, their
very existence challenges the idea that such traits belong
exclusively to the “normal” cognitive function of humans and
that social participation is conditional on the presence of these
abilities.
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The revolutionary potential of GenAl invites us to reexamine
the criteriafor membership in the moral community and expand
them beyond limiting standards. Instead of relying on anarrow
model of “correct” cognitive abilitiesasaprerequisitefor rights
and participation in society [14], we may adopt, with the
assistance of GenAl, a more inclusive view that recognizes
human diversity and the inherent value of all individuals,
regardless of their abilities [24]. By showcasing the potential
of machines to exhibit complex cognitive traits, GenAl
challenges the notion that certain abilities are essential for
personhood and moral status. It initiates a discourse on the need
to redefine our understanding of what it meansto be human and
to have moral worth, moving away from a focus on cognitive
benchmarks and toward a more encompassing vision of human
dignity and rights [1,4].

Although Al presents opportunities to chalenge our
understanding of personhood, there are legitimate concerns
about itspotential to exacerbate exclusion and narrow definitions
of “normal” human cognition. Theinherent biasesin Al systems,
stemming from their training data and agorithmic design
[25-28], risk reinforcing and amplifying existing societal
prejudices[29]. As Al increasingly influences decision-making
processesin areas such asemployment, health care, and criminal
justice, thereisadanger that it could lead to more stringent and
narrow criteriafor what constitutes“normal” human functioning.
This could inadvertently heighten barriers for individuals with
cognitive differences, further marginalizing them from full
societal participation [30]. Moreover, as Al systems become
more sophisticated in mimicking certain human cognitive
abilities, there is a risk that societal expectations of human
performance might be unredlisticaly elevated, potentially
creating an even more exclusionary standard of “normal” [31].
Thus, while Al challenges our notions of personhood, it
simultaneoudly risks entrenching and exacerbating existing
forms of exclusion, highlighting the critical need for ethical Al
development and deployment considering diverse human
experiences and capabilities. In the following sections, we will
explore 2 key areas where GenAl has the potential to drive
significant change: GenAl as a social mirror and GenAl as a
cognitive partner. These 2 domains highlight the multifaceted
impact that GenAl can have on reshaping perceptions, removing
barriers, and promoting participation of individuals with
cognitive disabilities on the one hand, and exacerbating existing
biases and exclusions in society on the other.

Generative Al as a Social Mirror:
Opportunity and Challenge

Overview

Vallor's [32] conceptualization of Al as a societal mirror
provides acompelling framework for understanding the role of
Al in reflecting and potentially amplifying societal biases,
particularly concerning cognitive disabilities. This mirror
metaphor can be understood asfollows: just asaphysical mirror
reflects the image of what stands before it, Al systems reflect
the data, values, and biases present in the society that created
them. However, unlike a simple reflection, Al systems can
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amplify and distort these reflections, much asafunhouse mirror
might exaggerate certain features.

Thismirror effect illuminateshow Al systems, trained on biased
data, risk perpetuating existing prejudices against individuals
with cognitive differences. Al essentially learns from and then
projects back the biasesinherent in itstraining data, potentially
reinforcing and spreading these biases further. Paradoxically,
this same reflective quality presents a unique opportunity to
identify and address longstanding societal biases, rendering
implicit prejudices explicit and subject to scrutiny. By closely
examining what the Al “reflects back” to us, we can gain
insights into biases that might otherwise remain hidden or
unacknowledged in society.

Vallor [32] positsthat Al systemsin general, and GenAl systems
in particular, are not merely neutral technological tools but
mirrors reflecting the values, norms, and biases prevalent in
human society. Given that these systems are constructed upon
data and content created by humans, they inherently risk
replicating and perpetuating prejudices and discrimination
against marginalized groups, including people with cognitive
disabilities [27,33].

A study by Gadirgju et a [34] demonstrated thismirroring effect
in action. They conducted 19 focus groups with 56 participants
with various disabilities who interacted with a dialog model
based on a large language model. The researchers found that
the model frequently perpetuated harmful stereotypes and
narratives about disability. For example, the model often fixated
on physical disabilities, particularly wheelchairs, while
neglecting other types of disabilities. It also tended to portray
people with disabilities as passive, sad, and lonely, reinforcing
the misconception that disability is inherently negative.
Additionally, the model sometimes produced what participants
referred to as “inspiration porn,” objectifying people with
disabilities as sources of inspiration for nondisabled people.

For example, if theinformation used to train Al systems contains
stereotypical or derogatory expressions toward people with
cognitive disabilities, thereisasignificant risk that these systems
might “learn” to adopt discriminatory attitudes. The potential
consequences are severe: Al systems could rank individuals
with cognitive disabilities as having lower potential in
employment or educational contexts, limit their accessto certain
services, or make biased decisions about them in critical areas
such asinsurance or credit [35].

When we ook into the societal mirror reflected by Al, severa
possible human responses can be identified. One metaphorical
responseis*breaking the mirror,” representing human resistance
to Al use and the insightsit presents [36]. While this approach
attempts to avoid the uncomfortable truths Al exposes, it risks
missing out on the potential benefits and insights Al can offer.
Another metaphorical strategy is “cleaning the mirror,” where
humans attempt to eliminate biases through Al alignment
processes[37]. Thisapproach aimsto create Al systemsaligned
with human values and intentions, striving for a bias-free
environment. However, it risks producing an artificially sterile
system that failsto reflect the complexities of human cognition
and interaction, potentially making Al less relevant and less
capable of addressing real-world complexities.
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Thethird and most promising approach involves using reflection
asacall toactioninthereal world. This method requires humans
to acknowledge the biases reflected by Al and usethis awareness
asacatayst for societal change. It demands active engagement
and concrete actionsfrom us as humans to address these issues,
both in our Al systems and in society at large [38]. This
approach recognizes that if such action is taken, over time, the
reflection in the Al mirror itself can change, not as a result of
erasing biases in the machine as in the second option, but as a
consequence of real societal change that is then differently
reflected in the Al mirror.

To implement this approach specifically within the realm of Al
development and deployment, we must adopt advanced
techniques and ensure inclusive human involvement. As
contemporary Al systemsincreasingly incorporate vast datasets
populated from the internet, traditional methods of addressing
biases through direct datamanipulation, such asthe“ datasheets”
approach proposed by Gebru et a [39], while still valuable in
certain contexts, have become more challenging to implement
comprehensively. This shift has led to the adoption of
complementary techniques that can handle the scale and
complexity of modern Al systems such as self-supervised
learning [40] and reward modeling [41]. Crucidly, these
techniques still require human decision-making at key junctures.

Hadar Souval €t d

To truly address biases and create more equitable Al systems,
particularly regarding cognitive disabilities, we must ensure
that people with cognitive disabilities are actively involved in
these decision-making processes. This collaborative approach
aligns with our third strategy, emphasizing real-world action
and societal change. By critically examining the biasesrevealed
in Al outputs and involving diverse perspectives in the
development process, we can work toward creating more
inclusive Al systems. This approach not only helps in
developing fairer algorithms and more representative models
but also contributes to broader societal change [1,4]. In this
way, the Al mirror becomes not just a reflection of our current
culture, but a catalyst for the more inclusive society we aspire
to create [16,42].

In conclusion, asillustrated in Figure 1, GenAl hasthe potential
to promote social justice and shift perceptions regarding
cognitive disabilities. To harness this potential, collaborative
work and ongoing effort are required to embed values of
accessibility, inclusion, and respect for diversity at the core of
technological development. These steps can transform the
“reflection in the mirror” into a positive and inclusive image
for people with cognitive disabilities, potentially leading to
broader societal changes in perception and inclusion.

Figurel. GenAl asasocia mirror: collaborative development for societal change. Al: artificial intelligence; GenAl: generative artificial intelligence.
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While this mirror metaphor provides valuable insights, it is
important to recognizeitslimitations. Vallor's conceptualization,
though powerful, doesn’t fully capture the multifaceted potential
of Al, particularly for people with disabilities. It overlooks its
capability to actively solve previously intractable problemsand
enhance accessibility. To provide a more comprehensive
understanding, we must expand our view beyond the perception
of Al as a mere reflective tool. In the following section, we
propose considering Al not only as a mirror but aso as a
cognitive partner for people with disabilities, emphasizing its
potential to actively support and empower individuals with
cognitive differencesin navigating the world.

Generative Al asa Cognitive Partner for People With
Disabilities

Beyond Vallor's mirror metaphor for Al and its contingent
inference on social change for peoplewith cognitive disabilities,
a significant potential of GenAl liesin its ability to serve as a
“cognitive partner,” empowering participation of these people
inlife domainsthat were previously blocked or limited for them
[43-45]. This partnership can be metaphorically described as a
“cognitive copilot” (an Al assistant for complex cognitive tasks),
assisting and empowering the individual with tasks requiring
complex cognitive functions. For example, GenAl can help a
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person with cognitive disabilities manage daily tasks such as
scheduling, budgeting, or navigating urban spaces by providing
personalized reminders, recommendations, and guidance [46,47].
Additionally, it can serve as an advisor in complex social
situations, such as interpreting body language [48], suggesting
appropriate responses to expressions of anger or mockery from
others, or assisting in decision-making [1,49]. In this way,
GenAl may act asakind of “social copilot,” providing real-time
support and feedback, allowing personswith cognitive disability
to expand their circle of socia interactions, inclusion, and
activities.

One of the outstanding strengths of GenAl is its ability to
function as a trandator and mediator between languages,
concepts, and realities. For people with cognitive disabilities,
trandlation and mediation pose acentral challengein daily life,
both in understanding the environment and in expressing
themselvesin away others can understand [50]. With its natural
learning and processing capabilities, GenAl can bridge these
gaps and makeinformation and communication more accessible.

The application of GenAl as acognitive copilot can focuson 3
main areas (Figure 2):
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1 Trandating and making the inner world of people with
cognitive disability accessible to themselves: GenAl can
help people with cognitive disabilities better understand
themselves, their thoughts, emotions, and needs. This is
achieved by providing explanations and conceptualizations
in clear and accessible language, identifying and interpreting
emotional states, and suggesting strategies for coping with
challenges[50]. GenAl can serveasan “internal trandlator”
that through a process of assistive conceptual scaffolding
and cognitive structuring [51] assistsindividualsin accurate
self-understanding and self-expression.

2. Bidirectional trandlation and mediation in interpersonal
communication: By analyzing interpersona and social
information, GenAl can mediate interactions with other
people, making it possible to negotiate the complexities
inherent in human communication more successfully. The
unique contribution of GenAl in thisarealiesin its ability
to bridge the communication gap in both directions, helping
the person with cognitive disability understand the social
environment, the intentions of others, and the implicit
messages in discourse, and making the person’s wants,

Hadar Souval €t d

needs, and emotions more accessible to the socid
environment [1]. For example, on one hand, GenAl can
offer interpretations of socia cues and recommend
appropriate responses, and on the other assist individuals
in articulating their thoughts more clearly and presenting
their unique perspectives. The technology can serve as a
“two-way social translator,” enabling peoplewith disability
and their environment to better understand each other and
promote respectful and equitable communication.

3. Making the physical environment and public spaces
accessible: GenAl can act asan “environmental translator,”
converting complex information about theworld into aclear
and disability-friendly format. This can include, for
example, simplifying official texts, graphically converting
numeric data, or creating interactive guides for navigating
public spaces [52]. Thus, GenAl models that are open to
the public can “see” and “understand” photos and videos
and describetheir content [1], so that peoplewith cognitive
disabilities may gain greater access and independence in
managing their lives.

Figure 2. Three main areas of GenAl application as a cognitive partner. GenAl: generative artificial intelligence.

Cognitive
partner

The goal is not to “normalize” individuals with cognitive
disabilities or to erase their disability. The cognitive partner
metaphor, similar to Vallor's mirror metaphor, can show how
theuse of Al might exacerbate exclusionary attitudesand further
marginalize individuals with disabilities. Therefore, using Al
for social change in our attitude toward people with cognitive
disabilities means that the aim of this technology should be to
enabl e access to environments and spaces that were previously
closed or socialy inaccessible to them, while also facilitating
the accessibility of these environments to the individuas
themselves. The approach should be person-centered, respecting
diversity, and tailored to the unique aspirations and needs of
everyone, rather than imposing a uniform standard of “proper”
functioning.

Serious consideration must be given to the ethical implications
of such a close integration between humans and machines,
particularly in the areas of autonomy and responsibility.
Questions of privacy, data security, and people's ownership of
decisions made by Al systems need to be thoroughly examined
[52,53]. Robust oversight and regulatory mechanisms must be
in place to ensure the responsible and ethical use of Al,
safeguarding the rights and well-being of users. This is
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especialy critical when working with vulnerable populations
such as people with cognitive disabilities, where protecting
individual autonomy isimportant [27,33].

In conclusion, although Al-based “cognitive copilot”
applications for people with cognitive disabilities have the
potential to remove barriers, increase participation, and promote
equal opportunities across variousdomains of life, it isessential
to proceed with caution. This technology must function as a
“trandator” to contribute to a more inclusive and equitable
society, and we must remain vigilant to its risks. Ensuring that
Al development is person-centered, ethically sound, and
involves active participation from the disability community is
crucia for harnessing its benefits without worsening existing
biases and systemic barriers.

Implication for Al Developersand Technologists

GenAl hasimmense potential to promoteinclusion and equality
for peoplewith cognitive disabilities but to realize this potential
requires a perceptual shift on the part of developers, engineers,
researchers, and product managers. Instead of focusing narrowly
on “fixing” certainimpairments, they must adopt amore holistic
approach that views technology asalever for social integration
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and broad improvement in quality of life[54-56]. Thisinvolves
atransition from regarding GenAl as amere technical solution
to perceiving it as a tool for effecting social change for the
population with cognitive disabilities.

In practice, close and ongoing collaboration with people with
cognitive disabilities throughout all stages of development is
important [57]. Development teams must |earn from the unique
experiences and needs of individuals with cognitive disability
and meaningfully integrate them into the design and construction
of GenAl systems and prompts.

Recent research has demonstrated the feasibility and importance
of this approach. For example, Newbuitt et a [58] conducted a
systematic review of studies involving autistic individuals in
the design of extended reality technologies. They found that
out of 20 studies published between 2002 - 2022, several
successfully engaged autistic individual s as active co-designers
and cocreators, alowing them to shape the final products
according to their needs and preferences. This highlights the
growing trend and importance of including the target usersin
the design process.

Thisrequiresajoint definition of goals, adapting user interfaces
and user experience to their modes of thinking and
communication, and clearly formulating principlesof cognitive
accessibility from the earliest planning stages [59]. The
aspiration isfor the empowerment and inclusion of peoplewith
cognitive disabilities to be embedded in the core of the
technology and in the layer of its use.

Bircanin et a [60] presented a practical approach to including
adults with severe intellectual disabilitiesin co-design through
active support. They demonstrated how principles such as“every
moment has potential,” “graded assistance,” “little and often,”
and “maximizing choice and control” can be applied in design
contexts to ensure meaningful participation of individualswith
severe cognitive disabilities. This approach provides concrete
strategies for Al developers to engage with this population
during the development process.
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For example, it isimportant to examine how the prompt-based
user interface can be made accessible and adapted to the
cognitive and communication characteristics of people with
different types of cognitive disabilities. Consideration should
be given to whether the development of dedicated products is
the right direction or whether personal adaptation at the level
of the individual user is preferable [61]. Answering such
guestions requires ongoing discourse and feedback from the
community itself.

Dirks[57] explored the ethical challengesin inclusive software
development projects with people with cognitive disabilities.
The study emphasized the importance of maximizing choice
and control for participants, using agraded assistance approach,
and ensuring every moment has potential for meaningful
engagement. These principles can guide Al developers in
creating more inclusive design processes.

To assist developers and researchers in implementing the
principles presented in this paper, we propose a working
protocol specifically tailored to the development challenges of
GenAl technologies aimed at people with cognitive disabilities.
The protocol (Table 1) is based on the model developed by
Amershi et a [62], which was formulated following
comprehensive research, including a review of academic and
industry literature, interviewswith experts, and an examination
of a wide range of Al-based products. The original model
defines 18 general guidelines for designing human-Al
interactions across different time frames and stages of
interaction. In practice, these guidelines serve as a framework
for developing human-centered Al systems, focusing on aspects
such as transparency, fairness, reliability, safety, privacy,
security, and accountability. Devel opers and designers use these
guidelines to enhance human-Al interaction by implementing
practices such as explaining Al decisions to users, designing
interfaces that enable user control and feedback, and
incorporating mechanismsto identify and mitigate biases[63].
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Table. Protocol for designing artifical intelligence (Al) interactions for people with cognitive disabilities.?
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Stage and dimension

Guidelines for Al interaction with
people with cognitive disabilities

Implementation examples

Initial

During interaction

When the system errs

Over time

Personal

Interpersonal

Personal

Interpersonal

Environmental

Personal

Interpersonal

Environmental

Personal

Interpersonal

Environmental

Collaboration

11. Identify and adapt to the user’s
unigue cognitive and emotional
needs.

12. Show awareness of the social
and cultural context of system use.

D1. Provide custom-tailored, gradu-
a, and structured responses to per-
sonal needs during use.

D2. Promote positive and reciprocal
communication with the human en-
vironment.

D3. Assistin orientation, navigation,
and independent functioning in
complex spaces.

E1. Handle errors respectfully and
inan empowering way, with empha-
sison learning and progress.

E2. Involve support personsin the
process of learning and correction.

E3. Avoid placing responsibility on
the user in complex or unexpected
situations.

T1. Continually adapt to the pace of
development, learning, and changes
in personal needs.

T2. Show sensitivity to changesin
relationships and roles within the
support circle.

T3. Show flexibility and adaptability
to changing environments and tran-
sitions between contexts.

T4. Actively involve users and
stakeholdersin the ongoing devel op-
ment of the system.

I1. Create apersonal profileinclud-
ing preferences, abilities, and chal-
lenges.

|2. Consider the human environment
(eg, caregivers or family members)
as part of system definition.

D1. Identify difficulties and adapt
the level of assistance and feedback
inreal time.

D2. Mediate social interactions by
simplifying and explaining social
cues.

D3. Provide detailed instructions
and cueson proper conduct in differ-
ent places.

E1. Provide repeated opportunities
to try again, together with verbal
encouragement.

E2. Provide apossibility for acare-
giver to assist in problem-solving or
making necessary adjustments.

E3. Make human backup available
by default in case of significant
problems.

T1. Track progress and adapt tasks
and goals accordingly.

T2. Update user profiles and access
settings based on feedback from the
environment.

T3. Automatically detect location
changesand providerelevant recom-
mendations.

T4. Provide mechanismsfor receiv-
ing feedback and involving usersin
decisions about updates and im-
provements.

#The model for this protocol by Amershi et al [62] is based on extensive research and analysis of arange of artificial intelligence products and defines
18 genera guidelines across different stages of interaction. We adapted and extended this model to address specifically the needs and challenges of
designing artificial intelligence technologies for people with cognitive disabilities. The protocol incorporates 4 key dimensions: personal, interpersonal,
environmental, and collaborative, and provides concrete examples of how these considerations can be integrated throughout the life cycle of the artificial
intelligence system. By implementing this protocol, devel opers can create artificial intelligence tools that empower and enhance the lives of individuals

with cognitive disabilities.

Building on the analysis presented in this paper, we expand the
model of Amershi et a [62] and adapt it to the 4 central
dimensionsinwhich Al systems can assist peoplewith cognitive
disabilities: the personal, the interpersonal, the environmental,
and the collaborative. For each of these dimensions, we propose
guidelines and offer practical examples of how the relevant

https://neuro.jmir.org/2025/1/e64182
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considerations can be embedded at different stages of the system
life cycle, from defining the initial requirements, through
ongoing interaction, to continuous adaptation and improvement.
The proposed protocol serves as a foundation that requires
further devel opment, testing, and investigation, but it can serve
as a starting point for discourse and the advancement of best
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practicesin designing Al systemsfor individual swith cognitive
disabilities.

Conclusion

The emergence of GenAl technologies represents a pivotal
moment in reconceptualizing disability and personhood. We
suggest that the advent of GenAl challenges assumptions about
what qualifies an individual as a “person” and questions the
notion that cognitive abilities are the sole determinant of one’'s
rights and societal participation.

In this paper, we explored the transformative potential of GenAl
in reshaping perceptions, dismantling barriers, and empowering
individuals with cognitive disabilities. By serving as a social
mirror [32], Al systems can expose and challenge deeply
ingrained biases and prejudices, compelling us to confront the
ways we have historically marginalized and excluded the
population with cognitive disabilities. Simultaneously, by
functioning as a cognitive partner, GenAl may provide
unprecedented opportunities for individuals with cognitive
disabilitiesto participate in society.

Realizing this vision requires more than technological
innovation, however. It demands a gradual shift in societal
attitudes and a sincere effort to involve people with cognitive
disabilities in the Al development process, granting them
autonomy and recognizing and valuing their abilities. Thisis
where the role of technology professionals and GenAl
developers becomes crucial.

The importance of designing Al thoughtfully lies in the
understanding that whether we consider Al asamirror or as a
cognitive partner, both metaphors indicate that Al will
increasingly mediate how we perceive the world, ourselves, and
others, confirming once again McLuhan's [64] statement that
“the medium is the message.” This means that the significant
effect of Al lies not merely in the content we explore through
it but in how its very use changes us. Therefore, the design and
development of Al tools will profoundly influence the future
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of human society, how we perceiveindividual swith disabilities,
as well as the rights and social positions they will attain.
Therefore, how Al is being shaped now will determine itsrole
in reinforcing existing biases or promoting a more inclusive
and equitable society.

The proposed protocol, based on the work by Amershi et a
[62], offers a practical framework for implementing these
principles as part of GenAl development for people with
cognitive disabilities. This paper marks only the beginning of
the discussion about GenAl and developmental disabilities,
therefore we must remain vigilant regarding the ethical and
social implications of GenAl and continue to engage in open,
multidisciplinary dialogue about how to harness its potential
for the greater good.

The path ahead is complex and challenging, but it is also filled
with immense possibilities. As we look toward the future, the
evolution of Al from reactive, prompt-based systems to
proactive, autopilot models promises to further expand these
possibilities, particularly for individuals with cognitive
disabilities. These advanced systems, capable of |earning user
needs and initiating interactions without explicit prompts, could
provide more seamless and intuitive support, potentially
revolutionizing the way we approach cognitive assistance.

Technological progress also involves an ongoing need for ethical
and inclusive development. We must prioritize user autonomy
and privacy while maximizing the benefits of technological
assistance. This balance is important not only for protecting
individual rights but also for ensuring that Al serves the needs
of those it aims to support.

By embracing the potential of GenAl while remaining vigilant
regarding its ethical implications, researchers, developers, and
policy makers can create technol ogies that not only uplift those
who have been historically marginalized but enrich the human
experience for us al. In doing so, we may take a step toward a
future where technology servesasaplatform for inclusivity and
empowerment.
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Abstract

Background: Speech features are increasingly linked to neurodegenerative and mental health conditions, offering the potential
for early detection and differentiation between disorders. Asinterest in speech analysis grows, distinguishing between conditions
becomes critical for reliable diagnosis and assessment.

Objective: This pilot study explores speech biosignaturesin two distinct neurodegenerative conditions: (1) mild traumatic brain
injuries (eg, concussions) and (2) Parkinson disease (PD) as the neurodegenerative condition.

Methods: The study included speech samples from 235 participants (97 concussed and 94 age-matched healthy controls, 29
PD and 15 healthy controls) for the PaTaKa test and 239 participants (91 concussed and 104 healthy controls, 29 PD and 15
healthy controls) for the Sustained Vowel (/ah/) test. Age-matched healthy controlswere used. Young age-matched controls were
used for concussion and respective age-matched controls for neurodegenerative participants (15 healthy samples for both tests).
Dataaugmentation with noise was applied to balance small datasets for neurodegenerative and healthy controls. Machinelearning
models (support vector machine, decision tree, random forest, and Extreme Gradient Boosting) were employed using 37 temporal
and spectral speech features. A 5-fold stratified cross-validation was used to evaluate classification performance.

Results:  For the PaTaKa test, classifiers performed well, achieving F;-scores above 0.9 for concussed versus healthy and
concussed versus neurodegenerative classifications across all models. Initial testsusing the original dataset for neurodegenerative
versus healthy classification yielded very poor results, with F;-scores below 0.2 and accuracy under 30% (eg, below 12 out of
44 correctly classified samples) acrossall models. Thisunderscored the need for data augmentation, which significantly improved
performance to 60% - 70% (eg, 26 - 31 out of 44 samples) accuracy. In contrast, the Sustained Vowel test showed mixed resullts;
F,-scores remained high (more than 0.85 across all models) for concussed versus neurodegenerative classifications but were
significantly lower for concussed versus healthy (0.59 - 0.62) and neurodegenerative versus healthy (0.33 - 0.77), depending on
the model.

Conclusions: Thisstudy highlightsthe potential of speech features as biomarkersfor neurodegenerative conditions. The PaTaKa
test exhibited strong discriminative ability, especially for concussed versus neurodegenerative and concussed versus healthy
tasks, whereas challenges remain for neurodegenerative versus healthy classification. These findings emphasize the need for
further exploration of speech-based toolsfor differential diagnosis and early identification in neurodegenerative health.

(JMIR Neurotech 2025;4:€64624) doi:10.2196/64624

KEYWORDS

speech biosignatures; speech feature analysis, amyotrophic lateral sclerosis; AL S; neurodegenerative disease; Parkinson's disease;
detection; speech; neurological; traumatic brain injury; concussion; mobile device; digital health; machine learning; mobile health;
diagnosis; mobile phone

https://neuro.jmir.org/2025/1/e64624 JMIR Neurotech 2025 | vol. 4 | e64624 | p.13
(page number not for citation purposes)


http://dx.doi.org/10.2196/64624
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR NEUROTECHNOLOGY

Introduction

Overview

Thefieldsof health care and medical diagnostics have withessed
a significant shift toward noninvasive and accessible methods
for early detection, assessment, and monitoring of medical
conditions. This shift has been driven by technological
advancements and growing research interest in digital health
solutions [1]. Among these, speech analysis has emerged as a
promising avenue, with studiesidentifying speech asapotential
biosignaturefor avariety of neurodegenerative conditions[2,3].
The ability to reliably distinguish between conditions or detect
coexisting disordersis critical for accurate diagnosis, tracking
disease progression, and eval uating treatment effectiveness[4].

This pilot study investigates speech-based biosignatures of 2
distinct  neurodegenerative  conditions, that  are,
neurodegenerative diseases and mild traumatic brain injuries
(mTBIs), specifically concussions. Speech patterns often reflect
neurodegenerative health, with specific speech features showing
promisefor distinguishing between these conditions. The dataset
includes individuals with concussions, patients with Parkinson
disease (PD), and age-matched healthy controlsfor both groups
(15 samplesfor each test). These groups were selected to ensure
demographic compatibility while addressing the unique speech
patterns associated with each condition.

Neurodegenerative diseases, such as PD, are characterized by
the progressive loss of neurons in the brain and spinal cord,
leading to impairments in motor and cognitive functions [5,6].
PD involvesthe degeneration of dopaminergic neurons, resulting
in clinical symptoms such as tremors, rigidity, bradykinesia,
and postural instability [7]. These symptoms worsen over time
and lack curative treatments, necessitating reliable diagnostic
toolsfor early intervention [8]. On the other hand, concussions,
aform of mTBI, result from sudden traumato the brain, causing
temporary cognitiveimpairments, disruptionsin brain function,
and neurochemical changes. Repeated concussions are
associated with aheightened risk of neurodegenerative disorders,
such as dementia, later in life [9]. Despite their prevalence,
approximately 90% of concussions go unreported, leading to
inadequate medical attention and potentially catastrophic
consequences [10].

Traditional diagnostic methods for neurodegenerative diseases
and concussions often rely on observable motor symptoms, such
as tremors, gait disturbances, or muscle rigidity, as well as
subjective assessments of cognitiveimpairments[11]. However,
emerging research hasidentified speech as aval uable biomarker
for neurodegenerative health. Dysarthria and dysphonia,
characterized by changes in articulation and motor speech
production, are prevalent in both concussions and
neurodegenerative conditionslike PD [12-14]. Speech features,
such as mel frequency cepstral coefficients (MFCCs), jitter,
shimmer, harmonics-to-noise ratio (HNR), and other temporal
and spectra attributes, have been shown to correlate with
underlying neurodegenerative conditions.

In this study, we analyzed speech data from 2 well-established
medical speech tasks, the PaTaK atask and the Sustained Vowel
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task. These tasks are widely used in clinical settings for
assessing speech impairments. The objective of this study isto
explore the potential of speech features in differentiating
between concussions and neurodegenerative conditions, aswell
astheir respective healthy controls, and to assessthe feasibility
of using these features as biomarkers for diagnosis. By
addressing this objective, we am to contribute to the
development of speech-based diagnostic tools for early and
accurate identification of neurodegenerative health conditions.

This study evaluated 37 speech-based features (25 temporal and
12 spectral), applying machinelearning model s such as support
vector machine (SVM), decisiontree (DT), random forest (RF),
and Extreme Gradient Boosting (XGBoost) to classify between
the groups.

Theremainder of this paper describes our methodol ogy, feature
extraction and analysis, machinelearning approaches, and results
for the binary classification tasks across the 2 speech tests.

Related Work

Diagnosing brain injuries and neurodegenerative diseases can
be challenging; for instance, concussions may present subtle
featuresthat are difficult to detect, including using third person
witness accounts of the injury, clinica examinations, and
laboratory testing, where diagnostic accuracy is not always
perfect [15]. Recent work has explored the diagnosis of
concussions in athletes using mobile technologies [16] and
speech analysis[17,18], whiledigita assessments, coupled with
speech analysis, areasoincreasingly being used for individuals
with neurodegenerative diseases[19]. In astudy by Tsanas[19],
various speech tasks have been used to distinguish between
healthy people and individuals with PD, with relatively high
accuracy. Other previous research has investigated the overall
symptom severity of individuals with a neurodegenerative
condition[11,20], the effectiveness of voicerehabilitation [21],
and how to distinguish PD from other conditions such as
essential tremor or atypical parkinsonism [22].

The choice of speechtask iscritical to obtaining speech samples
that can be used for subsequent feature extraction and analysis.
One commonly used speech task is to ask an individual to
produce sustained phonation of vowels. For instance, the study
by Mallela et a [23] presents an automatic voice assessment
approach for separating healthy individuals from patients with
amyotrophic latera sclerosis(ALS). Although our study focuses
exclusively on PD as the representative neurodegenerative
condition, references to ALS studies are included to highlight
the broader research landscape on neurodegenerative speech
biosignatures and their diagnostic significance. Linear
discriminant analysis is used to classify phonation, with the
most successful model achieving more than 90% accuracy.
Similarly, a study by Rueda and Krishnan [24] obtained
sustained vowel data from 57 PD patients and 57 healthy
individuals, and the study used 5 hierarchica and 1
partition-based clustering techniquesto compare and cross-check
PD patients at different phases. In some cases, researchers have
relied on existing voice recordings, for example, obtained
through the Parkinson's Voice Initiative project (the largest
speech-PD dataset so far) to analyze voice impairment due to
PD [25].
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Daudet et a [18] developed a mobile app to diagnose
concussions, using data from 47 high-schools and colleges in
the Midwest. The study used several speech tasks such as
repetition of a sequential motion rate, alternating motion rate,
multisyllabic words (words with 4 syllables containing front,
middle, and back vowels, and bilabial, alveolar, velar, and glide
consonants). The work by Vashkevich et al [26] presented
features for detecting pathological changes in acoustic speech
signals for ALS diagnosis. It used recordings from 48 people
(26 with ALS) and investigated vowel harmony. The features
obtained an 88% correct classification performance using linear
discriminant analysis. Various speech-based indicators, such
as shimmer, jitter, HNR, and other temporal and spectral
indicators, have also been explored as dysphonia measures in
individuals with neurodegenerative diseases [27]. Finally, in a
study by Benba et a [22], the authors investigated the most
effective acoustic el ementsfor accurately identifying symptoms
of PD, combining shimmer, jitter, pitch, harmonicity, pulses,
and voicing by using K-Nearest Neighbor classifiers with
different types of kernels (ie, radial basis functions, linear,
polynomial, and multilayer perceptron).

Machine learning—based solutions have become the standard
for most health care decision-making processes, for example,
most previous works focus on differentiating diseased
individuals from healthy controls. For example, the work by
Tsanasand Arora[28] evaluated 2289 individual s (2023 healthy
controls and 246 PD patients) and analyzed 15,227 voice tasks
(9994 for healthy controlsand 5233 for PD patients). Similarly,
the work Bongioanni [29] compared speech-based automatic
classification of patients with ALS and healthy people using
sustained phoneme generation, diadochokinetic task, and
spontaneous speech. They classified voice samples from 25
patientswith AL S and 25 healthy participants using SVMsand
deep neura networks. More recently, more focus has been given
to multiclass scenarios, for example, the study by Benba et a
[22] used a Convolutional Neural Network Long Short-term
Memory to categorize ALS, PD, and healthy controls. The study
analyzed speech data from 60 people, focusing on sentence
reading, sound repetition, and sustained vowels.

Though there are studies that had investigate speech features
pertaining to neurodegenerative disorders or acquired
neurodegenerative disorders like mTBI, there are not many
studies exploring speech feature variations between those
populationswhich might co-occur and impact speech production
differently.

The aim of this study is to investigate whether distinct
speech-based biomarkers, derived from commonly used tasks
like the PaTaKa and Sustained Vowel tests, can effectively
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differentiate between concussed individual s, neurodegenerative
conditions (focused on PD), and healthy controls.

Methods

Data Collection

Thisstudy focused on 2 widely used speech tasks, the sequential
motion rate task (PaTaKa test) and the Sustained Vowel test.
The PaTaKa test evaluates speech-motor function by asking
participants to take a deep breath and repeatedly articulate
“PaTa-Ka’ assteadily aspossiblein 1 breath, providing insights
into the rate and precision of sequential articulatory actions.

In the Sustained Vowel test, participants were instructed to
sustain the vowel sound “ah” for as long as possible, offering
valuable information about voice quality and potential vocal
tremor. Both tasks were assigned to four participant groups,
that are (1) individuals with concussions, (2) individuals with
neurodegenerative conditions (specificaly PD), (3) hedlthy
controls age-matched to the concussed group, and (4) healthy
controls age-matched to the neurodegenerative group.

Individuals diagnosed with a concussion were evaluated by
physiciansor athletic trainers using standardized neurocognitive
assessment tools, such asImPACT (Immediate Post-Concussion
Assessment and Cognitive Testing) by ImPACT Applications,
Inc, SCAT (Sport Concussion Assessment Tool), an open-access
tool , and SAC (Standardized Assessment of Concussion) by
researchers at the University of North Carolina’'s Sports
Medicine Research Laboratory, within 48 hours of the suspected
injury. Individuals with neurodegenerative conditions (ie, PD)
were diagnosed by licensed neurologists or family physicians.
All participants with PD were in the early stages of disease
progression (Hoehn and Yahr stage 1 - 2) and were assessed
using tools such as the MDS-UPDRS (Movement Disorder
Society - Unified Parkinson’s Disease Rating Scal€) and Hoehn
and Yahr Scale.

Healthy controls were divided into two groups: (1) young
healthy individuals age-matched to the concussed group and
(2) older hedthy individuals age-matched to the
neurodegenerative group. This separation ensures more accurate
comparisons between the groups, minimizing the confounding
effects of age-related speech differences.

Participants completed the speech tasks using a mobile app
(smartphone or tablet) that provided both visual and auditory
instructions. The app also recorded the audio samples digitally
for subsequent analysis. Audio datawere collected from atotal
of 235 and 239 participantsfor the PaTaK aand Sustained Vowel
tests, respectively, as shown in Table 1.
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Table. Description of collected samples.
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Test name and population Samples, n Sex Age (years), mean
(SD)
Male n Female, n
PaTaKa
Concussed 97 86 11 17 (3)
Healthy control 94 81 13 17 (3)
(young)
Neurodegenerative 29 17 12 63.67 (4.95)
(PDY
Healthy control (older) 15 5 10 63.67 (4.95)
Sustained Vowel
Concussed 91 82 9 17 (3)
Healthy control 104 90 14 17 (3)
(young)
Neurodegenerative 29 17 12 63.67 (4.95)
(PD)
Healthy control (older) 15 5 10 63.67 (4.95)

3PD: Parkinson disease.

The PaTaKa test dataset includes speech samples from 97
concussed participants, 29 participants with neurodegenerative
conditions (ie, PD), 97 age-matched young healthy controls,
and 15 age-matched older healthy controls. Similarly, the
Sustained Vowel dataset consists of speech samples from 91
concussed participants, 29 participants with neurodegenerative

conditions (ie, PD), 91 age-matched young healthy controls,
and 15 age-matched older healthy controls.

In the remainder of this section, we describe the 4 key
components of the proposed analysis methodology, shown in
Figure 1, that are data preprocessing, feature extraction, model
training, and evaluation.

Figure 1. Overal visualization of the 4 methodological steps: data preprocessing, feature extraction, model training, evaluation. DT: decision tree;
mfcc: mel frequency cepstral coefficient; RF: random forest; SV: Sustained Vowel; SVM: support vector machine; XGBoost: Extreme Gradient Boosting.
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Data Preprocessing

The voiced portions of speech signals typically carry the most
critical information for analysis. Therefore, to enhance the
quality and efficiency of feature extraction, it is essential to
eliminate unnecessary components, such as silence intervals
and extraneous noise, during the preprocessing phase. In this
study, silenceintervalswere removed at 2 pointsin each speech
recording using the free software developed by Muse group
named “Audacity”. Specificaly, silence was cut from the
beginning of the recording to the onset of vocalization and from
the offset of vocalization to the end of the recording.

In addition, recordings that did not meet the study’s
requirements, such asthose where participantsfailed to produce
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the expected utterances (eg, “PaTaKa’ in 1 continuous breath
or sustained vowel production without interruptions), were
excluded from further analysis. This step ensured a high-quality
dataset for feature extraction and classification, thereby
improving the reliability of the results.

Data Augmentation

To address the challenges of imbalanced datasets and improve
classification performance, data augmentation was applied to
specific data subsets, particularly those with limited samples,
such asthe neurodegenerative (ie, PD) and age-matched healthy
datasets. The augmentation process involved adding Gaussian
noiseto the raw audio signals. The noise factor was set to 0.005
to ensurethat the original speech characteristicswere preserved
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whileintroducing subtle variationsto increase sample diversity.
For each audio file, a noise vector was generated using a
Gaussian distribution, scaled by the specified noise factor, and
added to the original signal. The augmented audio signalswere
then normalized to ensure they remained within the acceptable
amplitude range for further processing.

This step increased the dataset size from 29 PD and 15 healthy
samplesto 58 PD and 30 healthy samples, resulting in anotable
improvement in classification accuracy from under 30%
(original data) to 60% - 70% (augmented data).

Feature Extraction

Feature extraction isthe process of transforming raw audio data
into numerical features while retaining the critical information
embedded within the original signal. Among various methods
for converting speech into numerical data, temporal and spectral
features are widely used in speech-processing research
[22,26,27,30]. In these studies, both types of features were
extracted using Python’s Librosa library [31].

Temporal features describe the changesin an audio signal over
time, such asamplitude and pitch variation. This study extracted
25 tempora features, including 4 fundamental frequency
measures (eg, mean and SD of F0), 5jitter measures, 6 shimmer
measures, and the HNR. These features provide insights into
voice quality and stability, commonly associated with motor
speech dysfunctions. The full list and descriptions of these
temporal features are provided in Multimedia Appendix 1.

Spectral features analyze the frequency components of the
speech signal and are commonly used in applications such as
speech recognition and speaker identification. This study
extracted 12 spectral features, including MFCC, spectral
centroid, chromafeatures, and spectral flatness. These features
capture frequency-domain characteristics that are sensitive to
articulation and vocal tract configurations. Detailed descriptions
of these spectral featuresare presented in Multimedia A ppendix
1.

All 37 extracted features (25 temporal and 12 spectral) were
included in the training and evaluation of machine learning
models. By retaining the full feature set, we ensured that
potentially valuable information was preserved, particularly
given the small sample size. Data augmentation techniques,
such as adding noise to the audio samples, were used to improve
the robustness of the models and enhance performance,
especialy for the classification between neurodegenerative and
healthy controls, where the original dataset resulted in poor
classification performance.

Model Training

In recent years, the trend in digital health care has been to use
machine learning modelsto classify input data (speech samples)
into 2 or more classes based on extracted features. In thiswork,
we employed several popular machinelearning techniques, such
asSVM, DT, RF, and XGBoost [18]. These model swere chosen
due to their interpretability, robustness, and ability to handle
small datasets effectively, which is essential for clinical
applications.
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SVM, asupervised learning algorithm proposed by Boser et al
[32], isgrounded in statistical learning theory and is particularly
effective for high-dimensional data [33]. It uses hyperplanes
and margins to separate data into classes, with its performance
being highly dependent on data scaling and the choice of kernel
functions. DTs, on the other hand, divide feature space into
regions by recursively splitting data and assigning classes to
leaf nodes [34]. Despite their simplicity, DTs are prone to
overfitting, especially on small datasets.

RFs mitigate this issue by employing an ensemble of DTs
trained on bootstrapped datasets, with each tree built using a
random subset of features [35]. The final class prediction is
based on amajority vote acrossall trees, which reduces variance
and enhances model robustness. Finally, XGBoost, a gradient
boosting implementation, constructs DTs sequentialy,
optimizing performance by correcting errors from previous
iterations [36]. It is known for its computational efficiency and
scalability, making it a popular choice for structured datasets.
For a given sample, the final prediction can be calculated by
summing up the scores of overall leaves, whichisillustrated in
Multimedia Appendix 2.

Given the limited size of our dataset, we prioritized traditional
machine-learning models over deep learning methods. While
deep learning agorithms have demonstrated exceptional
performance on large datasets, their effectiveness diminishes
with smaller datasets due to overfitting and computational
requirements. Traditional machine learning models, such as
SVM and RF, offer superior interpretability, which is critical
for clinical decision-making [28]. For instance, the study by
Pishgar et a [37] found that on a small voice disorder dataset,
SVM outperformed adeep neural network intermsof sensitivity
and specificity.

In this study, all 37 extracted features (25 temporal and 12
spectral) were used without any feature selection or filtering.
Data augmentation was applied to address the limited sample
size, particularly for the neurodegenerative versus healthy
dataset, where the augmented dataset improved model
performance.

To train and evaluate the machine learning models, we applied
a75 - 25 stratified split of the dataset into training and test sets,
ensuring that class distributionswere preserved. Stratified 5-fold
cross-validation was used to evaluate model performance more
reliably, and Grid Search was used to fine-tune hyperparameters
for all algorithms.

Evaluation

In this study, we assessed the performance of our classification
models using multiple eval uation metrics, with aparticular focus
on the F;-score due to its robustness in handling unbalanced
datasets. The F;-scoreis particularly well-suited for situations
where there is an imbalance in the class distribution, as it
provides a harmonic mean of precision and recall, balancing
the trade-off between these 2 metrics. The F;-score is defined
asfollowsin Multimedia Appendix 2.

Both precision and recall are crucial in medical applications,
where the consequences of false positives or fal se negatives can
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be severe. The F;-score offers a balanced view of a model’'s
performance when neither precision nor recall can be prioritized
over the other. A higher F;-score (ranging from 0to 1) indicates
a better-performing model.

In addition to the F;-score, we evaluated our models using
precision, recall, and accuracy to provide acomprehensive view
of model performance. These metrics helped compare the
performance of models across different speech tasks (PaTaKa
and Sustained Vowel) and combinations (eg, concussed vs
healthy, concussed vs neurodegenerative, neurodegenerative vs
healthy). The results section discusses these findings in detail,
highlighting the implications of our model’s performance for
clinical applications.

Ethical Considerations

This research was conducted in compliance with ethical
standards and approved by the Institutional Review Board at
the University of Notre Dame. The approval numbers for this
study are 18-01-4338 and 18-01-4340 for PD and concussion,
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respectively. All participants provided informed consent
(Multimedia Appendices 3 and 4), and their confidentiality was
ensured throughout the study.

Results

Overview

The performance of the models was evaluated using precision,
recall, F;-score, and accuracy across 3 participant combinations
(ie, concussed vs healthy, concussed vs neurodegenerative, and
neurodegenerative vs healthy) for 2 widely used speech tasks,
PaTaKaand Sustained Vowel. The results provide insightsinto
the discriminative ability of each test and highlight the
comparative effectiveness of different classifiers in
distinguishing between participant groups. While the PaTaKa
task generally demonstrated robust performance across al
combinations, the Sustained Vowel test showed varying levels
of accuracy, particularly for certain groups and classifiers. The
performance for each combination and test, along with
discussions on their implications are illustrated in Figure 2.

Figure 2. Performance metrics by test type, model, and combination. SVM: support vector machine; XGBoost: Extreme Gradient Boosting.
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Concussed Versus Healthy

PaTaKa Test

The models performed exceptionaly well, achieving
near-perfect precision, recall, F;-score, and accuracy acrossall
classifiers. DT and RF dightly outperformed SVM and
XGBoost, consistently achieving 0.95. There are no sourcesin
the current document across all metrics. Theseresults highlight
the PaTaKa test's robustness in distinguishing between
concussed and healthy participants.

Sustained Vowel Test

Performance dropped significantly compared with the PaTaKa
test. SVM and X GBoost achieved slightly higher metrics, with
F,-scores around 0.59 - 0.62. DT and RF had the lowest
performance, with metrics around 0.56. The reduced
performance might indicate that sustained vowels are less
effective for distinguishing concussed participants from healthy
individuals.

Concussed Versus Neurodegener ative

PaTaKa Test

All models performed perfectly, achieving precision, recall,
F,-score, and accuracy of 1.0. This demonstrates the
effectiveness of the PaTaKa test for differentiating concussed
participants from those with neurodegenerative conditions.
Consistency across al classifiers reinforces the reliability of
thistask for this combination.

Sustained Vowel Test

Similar to the PaTaK atest, most models achieved perfect scores
across all metrics. However, DT and XGBoost showed dlightly
reduced performance, with F,;-scores of 0.87 and accuracy of
0.92. Despite slight variahility, the Sustained Vowel test remains
astrong indicator for distinguishing these groups.

Table. Top 10 most frequent features across all tests.

Rubaiat et al

Neurodegener ative Ver sus Healthy

PaTaKa Test

Resultsvaried significantly acrossclassifiers. RF and X GBoost
outperformed others, achieving F;-scores of 0.63 and 0.72,
respectively. DT and SVM performed poorly, with F;-scores
around 0.52 - 0.55. These results indicate that the PaTaK a test
has moderate effectiveness for this group but requires careful
classifier selection.

Sustained Vowel Test

Similar trends were observed. XGBoost achieved the highest
F,-score (0.40) and accuracy (0.67), while other models showed
significantly lower performance. Thisunderscoresthe challenge
of distinguishing neurodegenerative participants from healthy
controls using sustained vowel tasks.

Feature Set Analysis

Understanding the importance of individua features in
classification tasks is crucial for interpreting the predictive
power of machine learning models. In this study, we examined
featureimportance across all tests and combinationsto identify
the most influential speech features contributing to the
classification of concussed, neurodegenerative, and healthy
individuals. Feature importance was calculated for each model
(SVM, DT, RF, and XGBoost) using a combination of metrics,
such as Gini importance, SHAP values, or permutation
importance, depending on the model.

To identify globally significant features, we analyzed the
frequency of featuresranked among thetop 5 acrossall 24 tests.
A summary of thetop 10 most frequent featuresis presentedin
Table 2, while Table 3 provides combination-specific feature
importance values. The most frequently identified featureswere
temporal and spectral characteristics, which are known to
capture both short-term and long-term speech patterns.

Rank Feature Frequency Mean importance
1 duration 15 0.29
2 Zero_crossing_rate 13 0.33
3 spectral_flatness 12 0.30
4 mfcc? u 0.25
5 spectral_bandwidth 7 0.42
6 spectral_centroid 6 0.07
7 spectral_contrast 5 0.07
8 chroma_stft 5 0.32
9 HNRP 4 0.06
10 f4_median 4 0.04

8mfcc: mel frequency cepstral coefficient.
PHNR: harmonics-to-noise ratio.
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Table. Combination specific feature importance value.

Rubaiat et al

Combination and test Feature Value
Concussed versus healthy
PaTaKa Duration 19
PaTaKa Zero-crossing rate 0.47
Sustained Vowel Spectral flatness 0.12
Concussed ver sus neur odegener ative
PaTaeKa Spectral bandwidth 13
Sustained Vowel MFCC? 29
Neur odegener ative ver sus healthy
PaTaKa HNRP? 0.43
Sustained Vowel Spectra flatness 0.76

AMFCC: mel frequency cepstral coefficient.
PHNR: harmonics-to-noise ratio.

Among the top 10 features, duration, zero-crossing rate, and
spectral_flatness were the most influential, appearing
consistently across multiple tests and combinations. These
features reflect critical aspects of speech production, including
articulation rate, periodicity, and frequency smoothness. For
instance:

« Duration: Thisfeature providesinsightsinto motor control
and speech articulation by measuring the length of
utterances.

« Zero-crossing rate: Indicative of voice signa periodicity,
this feature is particularly significant in distinguishing
voiced and unvoiced speech segments.

- Spectra_flatness: Thisfeature quantifies the uniformity of
the speech spectrum, distingui shing between harmonic and
noise-like components.

Combination-specific patterns further highlight the variability
in feature importance depending on the test (PaTaKa or

https://neuro.jmir.org/2025/1/e64624

Sustained Vowel) and the target classification task (concussed
vs healthy, concussed vs neurodegenerative, and
neurodegenerative vs healthy). For example, (1) in the concussed
versus healthy classification, features like mfcc and spectral
bandwidth were highly impactful, particularly in the PaTaKa
test, (2) in the Concussed concussed versus neurodegenerative
classification, spectral_centroid and chroma stft played a
significant rolein distinguishing between the 2 groups, and (3)
for the neurodegenerative versus healthy classification, features
such as f4 median and HNR were key discriminators,
particularly in the Sustained Vowel test.

The distribution of feature importance values across
combinations and tests is visualized in Figure 3, while the
detailed numerical values for each combination and test are
available in Table 3. These findings emphasize the variability
of feature contributions across different tasks and highlight the
importance of task-specific feature analysis for robust
classification.
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Figure 3. Top 10 most frequent features across all tests. mfcc: mel frequency cepstral coefficients.
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Principal Findings

The findings of thisstudy provide valuableinsightsinto the use
of speech-based features for differentiating between
neurodegenerative conditions, particularly mTBI (concussions)
and neurodegenerative diseases (eg, PD). By leveraging 2
commonly used speech tasks, the PaTaK atest and the Sustained
Vowel test, and a variety of machine learning models, we
achieved classification accuracies ranging from 60% to 90%,
with RF and X GBoost model s consistently outperforming others.
In addition, we identified key speech features, such asduration,
zero-crossing rate, and spectral flatness, as critical biomarkers
for distinguishing between these conditions. These results
underscore the potential of speech features as noninvasive
biomarkers for neurodegenerative health assessment and
highlight the complementary roles of the PaTaKaand Sustained
Vowel tests in revealing task-specific and globally significant
features.

Key Observations

First, task-specific performance. The PaTaKa test consistently
outperformed the Sustained Vowel test acrossall combinations.
Thismay be attributed to the sequential articulatory movements
required in the PaTaKa test, which can better capture subtle
motor and speech deficits. For example, in the concussed versus
healthy classification, F;-scoresfor PaTaK aexceeded 0.9 across
all models, whereasthe Sustained Vowel test achieved F;-scores

below 0.6 for the same classification. These findings highlight
the importance of task selection in speech analysis and suggest

https://neuro.jmir.org/2025/1/e64624

RenderX

information.

Second, model-specific trends. Among the machine learning
models, RF and XGBoost consistently performed well,
demonstrating their ability to handle complex, nonlinear
relationshipsin speech data. This alignswith previousresearch
highlighting the robustness of ensemble learning methods in
biomedical and speech signal processing tasks [38].

Third, the high interpretability of DTs also provides an
advantage for clinical applications, particularly in scenarios
wheretransparency iscritical for adoption in health care settings.

Fourth, despiteitsslightly lower performancein some scenarios,
DT models remain valuable due to their ssimplicity and ease of
implementation.

Fifth, interestingly, SVMs displayed strong performance in
balanced datasets, particularly in the concussed versus
neurodegenerative classification, where precision and recall
consistently reached 1.0 for the PaTaKa test. This finding is
consistent with previous studies showing that SVMs are
effective for high-dimensional data, especially when datasets
are carefully preprocessed and balanced [39]. The performance
of SVM inthisclassification task further underscoresits utility
in distinguishing nuanced differences between distinct
neurodegenerative conditions using speech features.

Finally, featureimportance. The analysis of feature importance
revealed that a small subset of features consistently played a
dominant role across tests and combinations. Temporal features
such as duration and zero-crossing rate were particularly
influential, likely reflecting disruptions in motor control and
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speech rhythm caused by both concussions and
neurodegenerative conditions. Spectral features, including
spectral_flatness, mfcc, and spectral_bandwidth, were aso
critical, highlighting their utility in capturing frequency-domain
variations associated with speech pathologies. These results
align with previous research, which has emphasized the role of
both temporal and spectral features in detecting
neurodegenerative impairments.

Comparison With Previous Studies

Our findings corroborate and extend existing literature on
speech-based biomarkers for neurodegenerative conditions.
Previous research has demonstrated the utility of features such
asMFCC and jitter for detecting PD [4], aswell asfeatureslike
zero-crossing rate and duration for identifying concussions[19].
However, this study uniquely emphasizes the differentiation
between neurodegenerative diseaseslike PD and mild traumatic
brain injury (eg, concussions), a task that remains relatively
underexplored in existing literature.

Furthermore, theinclusion of both PaTaKaand Sustained Vowel
tests enables a more comprehensive analysis of task-specific
feature relevance. While previous studies have evaluated the
diagnostic utility of individual speech tasks (eg, sustained
phonation for ALS in studies by Allison et a [13] and Tsanas
et a [27]), thiswork highlights how combining multiple tasks
can revea unique and complementary insights into speech
biosignatures associated with diverse neurodegenerative
conditions.

In addition to confirming the significance of widely used
features such as spectral flathess and zero-crossing rate, our
study identifies new combinations of features, including spectral
contrast and chromabased features, as being critica for
distinguishing between these groups. These results align with
recent advancements in the field, where ensemble learning
models, such as RF and XGBoost, are increasingly used to
capture theintricate, nonlinear relationships within speech data
[23].

By addressing age-related variability and introducing data
augmentation to mitigate the challenges of limited datasets, this
study not only validates previoudy established findings but also
sets the stage for future research aimed at improving the
diagnostic accuracy of speech-based assessments across distinct
but potentially overlapping neurodegenerative conditions.

Implicationsfor Clinical Practice

Theresultsof thisstudy highlight several practical implications
for clinical applications.

First, noninvasive diagnostics. The reliance on speech features,
which can be collected using readily available devices like
smartphones, opens up possibilitiesfor remote and noninvasive
diagnostics. Thisisparticularly valuablein resource-constrained
settingswhere accessto advanced imaging or neurophysiological
tests may be limited.

Second, early detection. The ability to detect subtle speech
impairments associ ated with neurodegenerative conditions could
enable earlier diagnosis, allowing for timely interventions.

https://neuro.jmir.org/2025/1/e64624
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Finally, task selection. The superior performance of the PaTaKa
test suggeststhat it should be prioritized in future speech-based
diagnostic protocols, particularly for distinguishing between
concussions and neurodegenerative conditions.

Limitations

Despite the promising results, there are several limitations to
this study.

First, small dataset—the dataset size, particularly for
neurodegenerative diseases, wasrelatively small. Thismay limit
the generaizability of the findings to larger, more diverse
populations.

Second, demographic differences—the age gap between the
concussed (younger) and neurodegenerative (older) populations
posesapotential confounding factor. While age-matched healthy
controls were included, the results could be influenced by
inherent age-related differences in speech production.

Third, feature engineering and contextual factors—while the
study identified important features, the reliance on manual
feature extraction may overlook nuanced patterns. Advanced
techniques, such as deep | earning—based feature discovery, could
revea hidden characteristics in speech data. Future research
should also account for comorbidities and age-related factors,
as these can influence speech biosignatures and potentialy
confound results. Age-normalized datasets and statistical
adjustments can further enhance the robustness of classification
models.

Future Directions

This study demonstrates the potential of speech-based features
to differentiate between concussed, neurodegenerative, and
healthy individuals. While promising, the findings also highlight
several areasfor improvement and expansion, which weaimto
address in future work.

First, dataset expansion and diversity. The current dataset
includes limited samples from each group, particularly for
neurodegenerative diseases. Future studies will expand the
dataset to includelarger and more diverse popul ations, ensuring
broader generalizability of the results. In addition, we aim to
achieve a more balanced age distribution across all participant
groups, enabling more robust analyses and minimizing potential
biases.

Second, age-related effects. While we mitigated some
confounding effects of age by including 2 distinct healthy
control  groups (age-matched for concussed and
neurodegenerative participants), future studieswill incorporate
more advanced strategies to address age-related variations in
speech features. These include (1) explicitly including age as a
covariatein statistical modelsto control its effects and quantify
its influence on the results, (2) conducting age-matched
subgroup analyses to validate that classification performance
is not driven by age-related biases but by the underlying
neurodegenerative conditions, and (3) expanding the dataset to
improve the representation of younger and older age groups
across al conditions.
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Third, feature engineering and discovery. While this study
focused on predefined temporal and spectral features, advanced
deep learning model s such as autoencoders or transformer-based
models could uncover latent features that may better distinguish
between neurodegenerative conditions. In addition, further
exploration of task-specific feature relevance could reveal
complementary insightsinto speech patternsfor different health
conditions.

Fourth, longitudinal data analysis. Future work should explore
longitudinal datato track changesin speech biosignatures over
time. Thiswould help identify temporal patterns associated with
disease progression and recovery, providing valuable insights
for monitoring treatment efficacy and early diagnosis.

Fifth, integration with clinical practice. To enhance the clinical
utility of thisresearch, future efforts should focus onintegrating
speech-based diagnostic tools into real-world health care
settings. Thisincludes (1) devel oping user-friendly mobile apps
or web applications for noninvasive speech analysis and (2)
collaborating with cliniciansto validate the model s and evaluate
their effectivenessin clinical decision making processes.

Finally, evaluation metrics and benchmarking. Expanding the
evaluation metrics to include area under the receiver operating

Rubaiat et al

characteristic curve and precision-recall curves would provide
a more comprehensive understanding of model performance.
In addition, benchmarking against existing speech-based models
or aternative diagnostic tools could further contextualize the
findings and demonstrate the added value of the proposed
methods.

By addressing these areas, future research can build upon the
findings of this study to further advance the field of speech
analysis in neurodegenerative health, improve diagnostic
accuracy, and pave the way for noninvasive, scalable diagnostic
tools.

Conclusion

This study demonstrates the potential of speech features,
particularly those derived from the PaTaKa test, as effective
biomarkers for distinguishing between  concussed,
neurodegenerative, and healthy individuals. By identifying
task-specific and globally important features, the findings lay
the groundwork for developing noninvasive, speech-based
diagnostic tools that can be readily implemented in clinical
practice. Further research addressing the study’s limitations
could pave the way for broader applications of speech analysis
in neurodegenerative health.
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Abstract

Background: Interestinusing digital sensorsto monitor patientswith prior strokefor depression, arisk factor for poor outcomes,
has grown rapidly; however, little is known about behavioral phenotypes related to future mood symptoms and if patients with
and without previously diagnosed depression experience similar phenotypes.

Objective: This study aimed to assess the feasibility of using digital sensorsto monitor mood in patients with prior stroke with
aprestroke depression diagnosis (DD) and controls. We examined rel ationships between physical activity behaviors and self-reported
depression frequency.

Methods: Inthe UK Biobank wearable accel erometer cohort, we retrospectively identified patients who had previously suffered
astroke (N=1603) and conducted cross-sectional analyses with those who completed a subsequent depression survey follow-up.
Sensitivity analyses assessed a general population cohort excluding previous stroke participants and 2 incident cohorts: incident
stroke (1S) and incident cerebrovascular disease (IC).

Results: In controls, the odds of being in a higher depressed mood frequency category decreased by 23% for each minute spent
in moderate - to - vigorous physical activity (odds ratio 0.77, 95% CI 0.69 - 0.87; P<.001). This association persisted in both
genera cohorts and in the IC control cohort.

Conclusions:  Although moderate - to - vigorous physical activity was linked with less frequent depressed mood in patients
with prior stroke without DD, this finding did not persist in DDs. Thus, accel erometer-mood monitoring may provide clinically
useful insights about future mood in patients with prior stroke without DDs. Considering the finding in the |C cohort and the lack
of findingsin the|S cohorts, accel erometer-mood monitoring may al so be appropriately applied to observing broader cerebrovascular
disease pathogenesis.

(JMIR Neurotech 2025;4:e€56679) doi:10.2196/56679

KEYWORDS
depression; cerebrovascular disease; remote monitoring; stroke; accelerometers; mobile phone

research suggests that not all patients will experience PSD

Introduction symptomsimmediately after astroke and, for thosewho do, the
Overview majority will experience recurrent depression episodes in the

o _ ) years after astroke[4]. A reason for thisgap in screening isthe
Depression isan established risk factor for poor outcomesafter  gyoriage of neurologists, particularly those with diagnostic

a stroke and transient ischemic attack (TIA), including i 5ning inidentifying PSD [5]. Accelerated by the widespread
subsequent stroke and other cerebrovascular diseases (CeVDS)  qqoption of personal mobile devices, from computers to
[1,2]. Although postsiroke depression (PSD) affects roughly  gmariwatches, it is critical to investigate the potential of such
one-third of patients with stroke, screening for depression in - geices to collect meaningful data outside of clinical settings,

patients after a stroke is not routine, with less than 10% of  4qing cliniciansin identifying depressed mood in patientswith
patients with stroke screened [3]. Furthermore, it remains

unclear when follow-up PSD screening should occur, ascurrent
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stroke—and, potentially, those most at risk for subsequent stroke
and CeVDs|6].

Background

The prevalence of PSD remains unknown, partly due to its
heterogeneous nature, spanning unique somatic, behavioral,
cognitive, motivational, and emotional components [7]. The
severity of its manifestation ranges from mild symptoms to
clinical-grade depression, the former of which relies on
self-reported scoring methods inherently subject to bias,
especialy in patients with cognitive impairment for whom
self-reported surveys may not be reliable [8]. Although
clinician-administered assessments, like the
Montgomery—Asberg Depression Rating Survey (MADRS),
offer gold-standard assessments of symptoms, nurse and
physician shortages complicate the routine administration of
such instruments[9].

In some survivors, depression may emerge alongside the
incipient pathogenesis of cerebrovascular dysfunction, while
for others, depression may be a reaction to being conscious of
cognitive impairment or the putative manifestation of silent
cerebra infarcts [10,11]. As such, individual depression
phenotypes may vary greatly across survivors with identical
survey summary scores. Although investigations into the
associations between stroke location within the brain and
self-reported depression survey scores haveyielded inconclusive
results, a recent cross-sectional study of patients with prior
stroke (n=200) found that symptoms assessed by MADRS
correlate with specific macrostructural characteristics [12].
Considering that clinician-administered assessments, like
MADRS, are more accurate than self-reported survey scoresin
patients with prior stroke, the need for a modified approach to
monitoring patients with stroke for depression emerges.

In recent years, objective data from portable and wearable
sensors have demonstrated the feasibility of augmenting
self-reported mood surveys outside of clinics, a promising
approach for monitoring patients with symptomatic and
asymptomatic deteriorating brain health outside of standardized,
clinica environments [13-20]. In addition, accelerometer
measures of behavior have established a difference in PA
engagement stratified by depression severity, highlighting the
need for athoughtful approach to PSD screening and monitoring
that ensures patients with emerging or mild depression
symptoms, unlike those with previous documented depressive
episodes, are not neglected [21].

While triaging patients with PSD for preventative intervention
couldyield clinically meaningful functional recovery outcomes,
the potential of such an approach for preventing future CevVD
diagnoses remains to be seen. Numerous studies have found
that depressive symptoms are associated with an increased risk
of subsequent CeV D, from acute CeVDs, like stroke and TIA,
to more chronic conditions, like cerebral arterial stenosis and
vascular dementia [11,22-24]. Furthermore, recent research
suggests daily functioning and cognitive changes may be
observable up to 10 years before some types of CeVD [25].
Thus, particular attention should be paid to behaviora patterns
in patients with PSD to elucidate phenotypes with predictive
potential for functional outcomes and neurologic disorders.

https://neuro.jmir.org/2025/1/€56679
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Previous Work

Blending self-reported assessments of phenomena, like mood,
recorded through web browsers and smartphone apps, with
passive sensor data, like that from wearable accel erometers, is
gaining popularity in real-world settings [26,27]. Numerous
pilot studies have demonstrated the potential for wearable and
minimally invasive sensors to detect neurologic conditions;
however, these tools have neither been validated in population
cohorts nor combined with survey sampling of mood [28].

Early-stage evidence suggests that monitoring lifestyle behavior
and mood in PSD is feasible [29-31]. The results of a small
longitudina study (n=40) suggest that self-reported
moderate-to-vigorous physical activity (MVPA) before stroke
is associated with improved mobility and self-care as well as
decreased discomfort after stroke [32]. While the study did not
sample mood outside of clinical environments, Reinholdsson
et a [33] used self-report surveys to expand on the above
findings, demonstrating that patients who engage in higher
levels of prestroke physical activity (PA) experienced less severe
PSD compared with patients who were physically inactive .

In addition, current literature on accel erometersin PSD suggests
that distinct behavioral patterns may identify patients with
depression within the first year after a stroke. In a 2022
prospective observational study of recently discharged patients
with minor ischemic stroke (n=76), participants wore
accelerometers in-hospital for 1 week. Analyses revealed that
only increased sedentary behavior (SB) and reduced light
physical activity (LPA) were linked with more intense
depression, assessed through a written Geriatric Depression
Scale survey, 3 months after hospitalization in this older adult
cohort [34]. In a small pilot study (n=40) of stroke survivors,
MV PA waslinked with positive mood [ 35]. Although extensive
research has confirmed links between sleep disorders and both
depression and incident CeVD (IC), no research has observed
both depressive symptomsand objectively measured sleep after
stroke[36,37]. Furthermore, no previous accel erometer research
into PSD beyond the first year of stroke recovery has been
published.

Goal of This Study

The goal of this study is twofold: first, to investigate potential
associations between objectively measured behavior and future
depression frequency in patients with prior stroke assessed by
a remote approach and second, to explore whether that
association varies between patients with prior stroke with a
prestroke depression diagnosis (DDs) and those without
(contrals).

We conducted a cross-sectional analysis with the UK Biobank
(UKBB), the most extensive lifestyle and mood cohort to date,
assessing the relationships between accel erometer-measured
deep, SB, LPA, and MVPA and a subsequent depression
descriptor (depressed mood frequency). Given that depression
before stroke may yield behavioral phenotypes distinct from
those emergent in participants without a prestroke depression
diagnosis, we created 2 cohorts of patients with prior stroke:
those with a clinical depression diagnosis before stroke and
those without. Asthisanalysisfocuses on participants who may
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develop or have undiagnosed PSD, participants whose PSD
diagnosis was recorded were excluded. Adjusting for age, sex,
ethnicity, multiple relevant comorbidities, and time elapsed
between accelerometer monitoring and depression survey
submission, we hypothesized that increased LPA and MVPA
time would be associated with areduction in the odds of being
in a more frequent depressed mood category while increased
SB time would be associated with arise in the odds of being in
a more frequent depressed mood category. Considering the
established rel ationship between sleep and depressed mood, we
created abinary variable (yes or no) for guideline-recommended
deep (7 - 9h/d). We hypothesized that guideline-recommended
sleep would be associated with areduction in the odds of being
in amore frequent depressed mood category.

Methods

Recruitment

The UKBB enrolled middle-aged (40 - 69 y) participants
(N=502,364) at 22 assessment centers across the United
Kingdom a a baseline assessment (2006 - 2010), which
included in-person interviews, touchscreen surveys, and physica
examinations to extract lifestyle and environmenta data used
in this study. Although al baseline participants (n=502,151)
wereinvited, only 72,652 enrolled in the 1-week accel erometer
study (2013 - 2015) and completed the depression frequency
survey (2016 - 2017). Hospital and other diagnostic registries
were linked to enrolled participants.

Figure 1. Classification algorithm for participant cohorts.

Participants who completed 2-phase remote
monitoring (accelerometer + depression survey)
(n=72,652)

Zawada et al

Participant Cohorts

Among participants who completed both remote monitoring
components, those with dementia (n=23) were excluded. Quality
control filtering demonstrated by Madjedi et al [38] wasapplied
(n=70,785), which excluded those with outlier acceleration
(>100 mg), more than 1% of readings exceeding £8 g (clips),
accelerometer wear time less than 3 days, and missing data for
at least one 60-minute interval throughout 24-hour periods.
Only participants with a previous stroke, including ischemic
stroke, hemorrhagic stroke, and TIA (G45), were included
(n=1660). Retinal artery occlusion (H34) was included as a
stroke, asit is now considered a type of acute ischemic stroke
[39]. Participants who were diagnosed with depression after
stroke but before the accelerometer study (n=57) were excluded.

Among those meeting the inclusion criteria (n=1603),
participants were divided into two cohorts. (1) those with a
prestroke depression diagnosis at accelerometer study
commencement (n=155) and (2) contrals, that is, those without
a prestroke depression diagnosis (n=1448) (Figure 1). No
participants were diagnosed with depression between the
accelerometer study and the follow-up depression survey.

Participants with a history of depression (International
Classification of Diseases, Tenth Revision [ICD-10] codes
F32-39) comprised the depression diagnosis (DDs) cohort.
Definitions (ICD-10 codes) used for inclusion and exclusion
criteria as well as diagnostic classification are available in
Multimedia Appendix 1.

Participants with
-poor calibration (n=1859)

A\ 4

Participants after quality control
(n=70,785)

\ 4

-clips (1%) (n=0)
-outlier acceleration (n > 100 mg) (n=8)

Participants

y

Participants with a previous stroke diagnosis
(n=1603)

Participants with a
previous stroke
diagnosis and a

prestroke depression
diagnosis
(n=155)

Participants with a
previous stroke
diagnosis without a
prestroke depression
diagnosis
(n=1448)

Data Collection

Accelerometer study participants were instructed to wear the
Axivity AX3 commercia accelerometer wristwatch continuously
on their dominant arm for 1 week. The depressed mood
frequency question was administered through alink accessible

https://neuro.jmir.org/2025/1/€56679
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-without a previous stroke diagnosis (G45; H34; 160-64)
(n=69,125)
-with a depression diagnosis after stroke (n=57)

on smartphone, tablet or PC browsers as part of the standardized
Patient Health Questionnaire-2 (PHQ-2) survey: “ Over the past
two weeks, how often have you felt down, depressed, or
hopeless?” Responses were ordinal scores indicating the
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frequency of depressed mood, with 1="Not at all”; 2=" Several
days’; 3="More than half of days’; and 4="Nearly every day.

Permanent covariableswere obtained at baselinevisit, including
sex and ethnicity. For each participant, age at the time of
accelerometer study was calculated. Time-to-assessment was
individually calculated by subtracting the accelerometer start
date from the date of submitting the depressed mood survey.
Comorbidity diagnoses before the accelerometer study were
obtained from linked patient and hospital databases.

Statistical Analysis

To compare continuous and categorical covariables, the
Mann-Whitney U test and X2 test, respectively, were used. A
cross-sectional analysis using ordinal logistic regression to
investi gate the associ ati on between objective behavior predictors
and the ordinal outcome variable, depressed mood frequency
over the past 2 weeks, was conducted on data obtained at the
accelerometer study and remote follow-up survey.

For both DD and control cohorts, separate models were fitted
to evaluate whether the role of objective behavior predictorsin
depressed mood frequency differed between cohorts.

Analyses were performed in R (R Foundation for Statistical
Computing), using polr fromthelibrary MASS. The effect sizes
of objective behavior predictors, adjusted for confounders, on
depressed mood frequency were plotted as odds ratios with 95%
Cls. The Likelihood Ratio Test was used to obtain all P values
and associated Cls. P<.05 was statistically significant.

Sensitivity Analysis
Three sensitivity analyses (also using ordinal logistic regression
models), each considering DDs and controls, were performed

using UKBB data. First, a general population dataset wasf
generated. Thisincluded all participants eligible for inclusion

https://neuro.jmir.org/2025/1/€56679
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in the accel erometer study and follow-up depression frequency
survey who did not have a previous stroke diagnosis.

Next, participants with an initial IC diagnosis (after the
depression frequency survey) were filtered into a separate
dataset. Ordinal logistic regression modelswerefitted to assess
the relationships between objective behavior predictors and
depressed mood frequency. Finally, participantsin the | C cohort
who had an IS diagnosis were filtered into a separate dataset,
and ordinal logistic regression models were fitted to assess the
target relationship. The investigation of 1C as a composite end
point reflects updated understanding of stroke as sharing
etiology with other neurologic rather than circulatory system
disorders, as defined in the most recent International
Classification of Diseases, Eleventh Revision (ICD-11) [37].

For each filtered cohort, sample characteristics were obtained
for review.

Ethical Consider ations

National Hedth Service Research Ethics Committee
(1UNW/0382) granted ethical approval for the UKBB
population cohort study. Informed consent was obtained from
all UK Biobank participants under National Health Service
National Research Ethics Service (Ref 11/NW/0382). All UKBB
data are deidentified.

Results

Study Characteristics

For participants in the 2-stage remote monitoring study (Table
1), the DDs had a higher proportion of women compared with
controls (58.7% vs 40.7%). On average, DDswere younger (64
vs66Y), sept slightly longer (9.2 vs 9.0 h/d), spent slightly less
time in MVPA (29.3 vs 37.3 min/d) and SB (580.1 vs 583.6
min/d), and spent slightly more time in LPA (281.4 vs 278.2
min/d).
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Table. Baseline characteristics of patients with previous stroke.

Zawada et al

Prestroke depression Controls P vaue

Number of participants, n 155 1448
Age, mean (SD) 64 (7) 66 (6.5) <.001
Gender, n (%)

Men 64 (41.3) 859 (59.3) <.001
Race, n (%)

White 153 (98.7) 1418 (97.9) .68
Sleep, mean (SD) 9.2(1.8) 9.0(18) <.001
Sleep (7 - 9 h/d), n (%) 71 (45.8) 736 (50.8) 27
S8 mean (SD) 580.1 (114.4) 583.6 (112.8) <.001
LPAP, mean (SD) 281.4 (106.9) 278.2 (102.4) <.001
MVPAS, mean (SD) 29.3(31.2) 37.3(33.0) <.001
Time-to-assessment, mean (SD) 1.8(0.7) 1.8(0.6) <.001
Diabetes, n (%) 21(135) 130 (9.0) .09
Hyperlipidemia, n (%) 76 (49) 615 (42.5) 14
Hypertension, n (%) 155 (100) 1448 (100) 1
Multiple strokes, n (%) 40 (25.8) 348 (24.0) .70
Time since most recent stroke, mean (SD) 7.8 (6.4) 9.8(8.8) <.001

83B: sedentary behavior.
bLpA: light physical activity.
°MVPA: moderate-to-vigorous physical activity.

All participantshad ahypertension diagnosis. Theaveragetime
between accelerometer study start and depressed mood survey
submission (time-to-assessment) was 1.8 yearsfor both cohorts.

The average time from the initial stroke to the accelerometer
study commencement was less for DDs than controls (7.8 vs
9.8y).

Among DDs, 9 participants dept less than 7 hours while 75
slept more than 9 hours. In the control group, 79 participants
slept less than 7 hours while 633 slept more than 9 hours.

Cross-Sectional Analysis

No significant association persisted in both the DD and control
cohorts (Table 2). In controls, for each minute spent in MVPA
per day, the odds of being in ahigher depressed mood frequency
category decreased by 23% (P<.001).

Table. Ordina logistic regression ng objective behavior predictors and depressed mood frequency.

Previous stroke participants  Prestroke depression Controls
OR?(95% CI) P value OR (95% CI) P vaue
Sleep (7 - 9 hr/d) 0.49 (0.23 - 1.03) .06 0.88 (0.66 - 1.19) 41
SBP (min/d) 1.00 (1.00 - 1.01) .10 1.00 (1.00 - 1.00) .63
LPAS (min/d) 1.00 (0.99 - 1.00) .20 1.00 (1.00 - 1.00) .35
MVPAY (min/d) 0.86 (0.64 - 1.17) .33 0.77 (0.69 - 0.87) <.001
®0R: odds ratio.

bsB: sedentary behavior.
CLPA: light physical activity.
dMVPA: moderate-to-vigorous physical activity.

Mode swere adjusted for age, sex, ethnicity, time-to-assessment,
hyperlipidemia diagnosis, and diabetes diagnosis. Odds ratios
(ORs) with 95% Cls for frequency of depressed mood are

https://neuro.jmir.org/2025/1/€56679

reported (Figure 2). ORs above 1 correspond to an increasein
the accelerometer-measured behavior associated with increased
depressed mood frequency.
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Figure2. Forest plot of oddsratiosfor depressed mood frequency by accel erometer-measured behavior comparing participants with prestroke depression
diagnosis (DDs) and control cohorts. LPA: light physical activity; MV PA: moderate-to-vigorous physical activity. *** denotes statistical significance.
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Sensitivity Analysis

Study Characteristics

In each filtered cohort (Multimedia Appendix 2), DDs were
younger than controls (general cohort: 60 vs62y; IS: 64 vs 66
y; IC: 65 vs 67 y) and had a greater proportion of females
(69.4% vs 56.8%; 60.0% vs 45.6%; 61.8% vs 45.1%). In the
general population cohort, DDs had a greater proportion of
White participants (97.7% vs 97%). On average, DDs also spent
less time across cohortsin MVPA (35.0 vs 42.9 min/d; 31.0 vs
39.5 min/d; 32.0 vs 38.4 min/d), less time in LPA (295.0 vs
300.3 min/d; 286.7 vs 291.0 min/d; 287.5 vs 287.7 min/d), and
more time asleep (9.1 vs 8.9 h/d; 9.1 vs 9.0 h/d; 9.04 vs 8.98
h/d).

While DDs in the general cohort spent slightly less time, on
average, in SB than controls (564.3 vs 564.4 min/d), DDs in
the IS and IC cohorts spent more time sedentary on average
(577.1vs 569.9 min/d; 578.2 vs 575.3 min/d).

In the general cohort, DDs had a higher proportion of diabetes
(4.4% vs 2.9%) and hyperlipidemia (17.9% vs 14.9%) diagnoses
and a lower proportion of participants with optimal sleep
duration per day (49.5% vs 55.4%).

For the IS cohort, the average time from the completion of the
depression survey to first stroke diagnosis was slightly more
for DDs (1.9, SD 0.7 y) than controls (1.8, SD 0.6 y). IntheIC
cohort, the average time from the completion of the depression
survey to first CeVD diagnosis was similarly more for DDs
(1.9, SD 0.7 y) than controls (1.8, SD 0.7 y).

Cross-Sectional Analysis

Inthe general model (Multimedia Appendix 3), for each minute
spent in MV PA, the odds of being in a higher depressed mood
frequency category decreased by 18.4% (P<.001) and 13.5%

https://neuro.jmir.org/2025/1/€56679

0.8 1.0 1.2

Odds Ratio (95% Cl)

(P<.001) for
respectively.

DDs (n=6096) and controls (n=62,589),

Also in the general model, specific only to controls, getting
guideline-recommended sleep hours (7 - 9 h) each day was
associated with adecreased odds of being in ahigher depressed
mood frequency category (5.3%; P=.02).

No significant associations were identified for those in the
IS-only cohort (Multimedia Appendix 4).

For the final sensitivity analysis (Multimedia Appendix 5),
assessing only those participantswith an 1C diagnosis, including
stroke, the odds of being in a higher depressed mood frequency
category decreased by 12.2% for each minuteincreasein MV PA
(P=.03), only in controls (n=1526).

Discussion

Principal Findings

Thisinvestigation partialy supportsthe hypothesisthat objective
behavior predictors would be associated with future depressed
mood frequency. Although we found no significant associations
between depressed mood frequency and SB, LPA or sleep for
patients with prior stroke, regardless of prestroke depression
diagnosis, we did find that the odds of being in a higher
depressed mood frequency category decreased for each minute
spent in MV PA; however, this association was only observed
in participants without a prestroke depression diagnosis. This
finding supports the exploratory aim of this manuscript,
suggesting that participants with prestroke depression may
experience different behavioral patterns compared to those
without a prestroke depression diagnosis. Such a finding can
potentially help clinicians tailor programs monitoring patients
at risk of PSD.

The sensitivity analysis in the genera cohort corroborates
established findings that MV PA confers a protective effect on
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mood, regardless of previous depression diagnosis. The lack of
findingsfor the sensitivity analysisincluding only IS cases may
be driven by the smal sample sizes; however, the lack of
findings aso brings into question the potential for
accelerometers to capture clinically actionable aberrations in
patients before a stroke. Given that the protective effect of
MVPA on depressed mood frequency was observed in the
control cohort of patients with IC, accelerometer monitoring
may be more appropriately directed to assess a broader range
of neurologic changes, not just those linked with strokes.

Overall, theresults suggest that accel erometer-based monitoring
of behavior linked to depressed mood frequency may help
clinicians identify patients who would benefit from
resource-intensive screening, likethe MADRS assessment. The
sensitivity analyses support a separate approach for monitoring
patients with a previous depression diagnosis, or more severe
depression, compared to those with no documented depression
or mild undiagnosed depression. When applied to predictive
monitoring, aremote accel erometer-mood survey approach may
be useful in cohorts of patients without a previous depression
diagnosis, considering that patients with 1C without clinical
depression may experience observable behavior and mood
changes before a CeVD diagnosis while their clinically
depressed counterparts may not.

Limitations

A chief limitation of this study is that self-report data, like the
depressed mood frequency survey, are subject to inaccuracies.
Self-reported bias in survey responses may lead to
misclassification of depressive symptom frequency and could
influence different time-dependent results in our cohorts.
Furthermore, the frequency of depression measures was not
obtained by a clinician-graded protocol but, rather, by a survey
guestionnaire. Also, as the accelerometer study was only
administered for one week and, on average, over ayear before
the follow-up mood survey, the impact of time between the
objective measures and follow-up could have introduced
substantial changes. The lack of associations observed for DDs
may be due to the small sample size of participants with a
previous depression diagnosis across cohorts. Moreover, the
accelerometer study was only 1-week long and, therefore, may
not generalize well to accurately represent busier or less busy
weeks for patients. Accelerometer data collected on weekends
versus weekdays may be distinct; however, this was not
considered in this study.

The dichotomous investigation of clinically depressed and
control patients are study strengths. In addition, UKBB
participants were primarily White, limiting the generalizability
of our findings outside of European populations. This UKBB
study also primarily included participants aged 60 years and
older and, as such, may not generalize well to young or
middle-age adult populations. The mgjority of DDswerefemale
across cohorts, a frequent finding in studies, however, male
patients are less likely to seek out mental health resources, and
the cohort stratification may be impacted by this.

Also, in the main analysis of previous stroke patients,
parti cipants diagnosed with clinical-grade depression after first
stroke were excluded from this analysis. Considering the long

https://neuro.jmir.org/2025/1/€56679
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gap in time from initial stroke to accelerometer study
commencement, participants with a more immediate PSD
diagnosis may either exhibit more intense symptoms or
experience an underlying pathogenesis distinct from participants
whose PSD symptoms are mild or emerge in the years after
stroke.

Combining stroke types together as a single end point, as was
donein the main analysis aswell asthe IS sensitivity analysis,
may not consider unique characteristics of each stroke type and,
assuch, generated no significant results. Sleep was al so assessed
asadaily composite value, without consideration for time spent
in a nap or broken sleep throughout the day. Together, these 2
limitations may have introduced confounding effects when
considering sleep and depressed mood frequency, as previous
research has shown short and long sleep to be associated with
increased risk of intracerebral hemorrhage and ischemic stroke,
respectively [40]. Furthermore, considering that all participants
in our cohorts were hypertensive, MV PA's protective effect on
depressive mood frequency may occur through improved
cardiovascular health, rather than by conferring direct cerebral
effects.

Comparison With Previous Work

No previous study assessed objective behavior measures and
self-reported depressed mood frequency in patients with prior
stroke years after their initial diagnosis. A key problem inherent
in accelerometer research is that adherence to study designsis
less-than-satisfactory for most studies [41]. This study also
excluded participants with a more immediate PSD diagnosis,
considering only those with prestroke depression diagnoses or
those with no or mild depression after stroke. A self-report
survey study of recent patients with prior stroke found that
patients with high levels of PA before a stroke experienced less
severe PSD [33]. Although our study could not confirm this
analysis due to the design of the UKBB study, we extended
those results by confirming that MVPA confers a protective
effect on mood before a CeVD diagnosis in patients without a
previous depression diagnosis, but not before a stroke-only
diagnosis.

One plausible explanation for the lack of association between
MVPA and depressed mood frequency in DDs may be that
stroke survivors with a previous depression diagnosis have
persistently deficient levels of brain-derived neurotropic factor
(BDNF), atrophic factor released after exercise that is linked
with improved mood benefits. It iswell established that stroke
patientsin general have lower levelsof BDNF, amarker of poor
functional recovery [42]. The lack of alink between improved
mood and MVPA in DDs may be driven by a less intense
“exercise high” due to reduced or impaired BDNF function. In
addition, other contributing factors, such astime spentin MVPA
or neuroinflammation, may play arole in modulating BDNF
expressionin DDs. Of note, the lack of asignificant association
between MV PA and depressed mood frequency in participants
with a previous depression diagnosis may be attributed to less
time spent in MV PA compared with controls across all cohorts
(patientswith prior stroke, general population, IS, and IC). Time
spent in MVPA may need to exceed a time threshold in
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participants with previous depression diagnoses to improve
mood.

The significant findings for IC cases, compared with the lack
of findings for IS-only cases, are consistent with the updated
ICD-11 classification of CeVDs as atype of brain disease with
shared etiology, rather than circulatory system disorders [37].
The protective effect of guideline-recommendation sleep (7 - 9
h/d) only observable in controls in the general cohort
corroborates established work; however, thelack of associations
across other cohorts may be explained by high levels of
individual variability in sleep patterns, that is, nighttime
disturbances, insomnia, and so on, previously identified in
patients with depression as well as those at high risk of stroke
[43,44].

A small pilot study of patients with minor ischemic stroke that
found SB was positively associated with depression intensity
and LPA was inversely associated with depression intensity
[34]. Considering that this accelerometer study was conducted
within the first 3 months after hospital discharge, our results
extend these findingsto look at mood in the years after astroke.
For instance, SB and LPA may be significant to monitor in the
months after a stroke, while MVPA may be appropriate to
monitor in the years after a stroke. Alternatively, MVPA may
be less useful to monitor in minor ischemic stroke cases.

Using a larger dataset, our study builds on the feasibility
demonstration of a small real-world study with patients with
prior stroke, years after diagnosis, collecting one week of
accelerometer dataand ecol ogical momentary assessments[45].
The results of our general cohort analysis considering
participants without a previous depression diagnosis align with
thosefrom Sarriset a [46], who found that self-reported optimal
deep and PA werelinked with decreased frequency of depressed
mood in UKBB participants.

Conclusions

Our results highlight the importance of encouraging MVPA in
patients with prior stroke without a depression diagnosis.
Patients with prior strokes may be able to minimize short- and
long-term disability and improve outcomes by proactively
managing depressive symptoms. Applying MV PA to improve
mood provides the added benefits of exercise-induced
inflammation reduction and enhanced vascular elasticity while
simultaneously reducing the risk of developing comorbidities
and arterial stenosis or occlusion [47].
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Considering that the only significant associations in the main
analysis and incident sensitivity analyses were those that
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accelerometer and depressed mood frequency survey data
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from remote monitoring, that is, this approach may generate
more noise than signal over time. This study only considered a
brief (1-week) accelerometer study, and over ayear, on average,
eclipsed between thein situ accelerometer study and the remote
mood follow-up survey. Since neither the main analysis
(previous stroke cohort) nor the incident sensitivity analyses
resulted in significant associations for participants with a
previous depression diagnosis, this underscores the need for
additional research to determine whether thistype of monitoring
strategy can generate clinically actionableinsightsin participants
with a previous depression diagnosis. Behavioral monitoring
with accelerometer data and self-report surveys may not be
helpful in patients with severe, or clinical-grade, depression.
Future research should consider large sample sizes, longitudinal
study designs, and analyze results stratified by time-to-diagnosis.
Relevant to remote monitoring researchers, our findings
highlight behavioral differencesfor those devel oping exploratory
programs and clinically meaningful digital endpoints.

Overall, the cross-sectional analyses offer arobust perspective
into the appropriateness of depression monitoring by digital
sensors, using accelerometer wristwatches and smartphone,
tablet, or PC-linked sensors. Theseinsights offer clinical teams
a dtrategy for trandating digital health data, in this case,
objective and subjective behavior measures, into scientifically
valid frameworksfor investigation. Future monitoring of patients
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PSD researchers should aim to characterize behavior measures
linked with depressed mood across defined and clinically
meaningful time periods, such as in the 3-month routine
monitoring period after a stroke or TIA, considering that
observable behaviors may evolve as CeVD or other neurologic
disorder pathogenesis progresses.
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ICD-10: International Classification of Diseases, Tenth Revision
ICD-11: International Classification of Diseases, Eleventh Revision
I S: incident stroke

L PA: light physical activity

MADRS: Montgomery—Asberg Depression Rating Survey
MVPA : moderate-to-vigorous physical activity
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