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Abstract

Alzheimer’s disease (AD) is the most common form of dementia marked by cognitive
decline and memory loss. Early detection is essential for timely intervention; however,
traditional biomarkers, including cerebrospinal fluid (CSF) assays, neuroimaging, and cog-
nitive assessments, are limited by cost, invasiveness, and accessibility. Digital biomarkers,
obtained from wearable sensors, smartphone applications, speech analysis, and other pas-
sive monitoring technologies, represent a promising alternative for scalable, non-invasive,
and continuous assessment of early cognitive decline. This paper provides a comprehensive
review of the current landscape of digital biomarkers for AD diagnosis, emphasizing their
potential application in the preclinical and prodromal stages of the disease. In addition,
a bibliometric analysis demonstrates the rapid expansion of digital biomarker research,
highlighting key trends in publication volume, influential authors, institutions, and interdis-
ciplinary collaborations. Despite the significant promise of digital biomarkers, challenges
remain regarding validation, regulatory approval, data privacy, and integration into clin-
ical practice. The results indicate that future research should prioritize standardization,
multimodal biomarker integration, and large-scale longitudinal studies to fully realize the
potential of digital technologies in AD detection.

Keywords: digital biomarkers; Alzheimer’s disease; early detection; wearable sensors;
smartphone applications; speech analysis; bibliometric analysis

1. Introduction

Alzheimer’s disease (AD) is a progressive neurodegenerative disease that is marked
by the loss of memory and cognitive impairment [1]. The disease typically begins with
atrophy in the medial temporal lobe, progressing to the lateral-temporal and parietal cor-
tices. At the same time, atypical forms may present with hippocampus-sparing patterns in
the early stages. Early diagnosis of AD is important, as it enables early intervention and
may slow disease progression [2]. In this context, early detection is used as an umbrella
term encompassing both preclinical AD (biomarker evidence of pathology without clinical
symptoms) and prodromal AD, typically manifesting as mild cognitive impairment (MCI)
attributable to AD pathology. Traditionally, clinicians have relied on a combination of
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cognitive assessments and biomarkers to identify AD in its prodromal stages. Classical
biomarkers include cerebrospinal fluid (CSF) assays for amyloid-g and tau proteins and
neuroimaging measures, such as magnetic resonance imaging (MRI) and positron emission
tomography (PET) scans, that detect brain atrophy or protein deposits [3]. The identi-
fication of biomarkers like amyloid- (AB) and tau has established a robust diagnostic
foundation for AD [4]. However, these traditional biomarkers frequently involve invasive
procedures (such as lumbar puncture for CSF), are expensive (like PET scans), or have
limited accessibility, restricting their application for large-scale early screening [5].

In recent years, digital biomarkers have emerged as a promising tool for the early de-
tection and monitoring of AD. A biomarker is generally defined as an objectively measured
indicator of normal biological processes, pathogenic processes, or responses to therapeutic
interventions [1]. Digital biomarkers represent a subclass of biomarkers derived from data
captured by digital devices, such as wearable sensors, smartphones, and ambient technolo-
gies, and are characterized by continuous, remote, and high-frequency measurement of
physiological, behavioral, or cognitive signals [6]. These objective, quantifiable physio-
logical and behavioral measures enable continuous, real-world monitoring of cognitive
and functional changes that may precede clinical symptoms [1]. Unlike traditional clinical
measurements, which are infrequent and may not detect subtle changes, digital biomarkers
provide a scalable, non-invasive way to monitor cognitive abilities of individuals [7]. No-
tably, wearable and mobile technologies facilitate data collection at an unprecedented scale
and frequency, surpassing the capabilities of conventional biomarkers [8].

One of the major strengths of digital biomarkers is their high ecological validity,
meaning they can measure real-life behaviors with minimal bias. This makes them less
susceptible to educational or cultural biases compared to standard pen-and-paper cognitive
tests [8]. Furthermore, digital methods are also low-risk and cost-effective, making them
ideal for large-scale screening and early intervention programs. Given the urgent need for
early diagnosis of AD, integrating digital biomarkers into clinical and research settings has
transformative potential. By enabling real-time data collection and analysis, these tools
have the potential to significantly improve early detection and treatment outcomes and,
ultimately, patients” quality of life [1,7].

The field of digital biomarkers encompasses various applications, including web-based
cognitive testing tools and remote measurement technologies that monitor behavioral
changes indicative of AD. For instance, initiatives such as the RADAR-AD study [9] use
passive data collection methods to track cognitive and functional decline, highlighting
the potential of digital tools to yield insights that traditional diagnostic methods may
overlook [7]. Furthermore, eye tracking using machine learning (ML) algorithms is being
explored to enhance diagnostic accuracy. This enables clinicians to identify early signs of
AD before significant cognitive impairment occurs [7].

Although the implementation of digital biomarkers in clinical practice shows promise,
challenges remain in data quality, technological barriers, and ethical issues related to patient
privacy [9]. It is important to validate these biomarkers to determine their clinical relevance
and reliability. Current research is developing regulatory models to enable the use of these
biomarkers in clinical settings. However, inequality in access to technology raises concerns
about the fair implementation of policies and the potential exacerbation of health disparities
among populations.

Digital biomarkers are an innovative area of study in combating AD and can provide
access to new avenues for early diagnosis and personalized treatment. Digital biomarkers
present a pioneering frontier in the fight against AD, offering new pathways for early detec-
tion and personalized interventions. As research advances and validation efforts progress,
the integration of these technologies could revolutionize the landscape of Alzheimer’s
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diagnosis and management, ultimately contributing to improved patient outcomes in the
broader context of neurodegenerative diseases. Despite the rapid growth of this field, exist-
ing reviews largely focus on individual digital modalities or specific sensing technologies,
while few studies integrate a cross-modality methodological synthesis with a quantitative
bibliometric mapping of research evolution and maturity.

This article reviews the current state of these biomarkers and outlines future direc-
tions for their use and integration into clinical practice. It addresses the fragmentation of
existing reviews by combining cross-modality methodological synthesis with a quantita-
tive bibliometric analysis of the field’s evolution and maturity. Throughout this review,
digital biomarkers are organized according to their primary functional roles across the AD
research and care continuum. Specifically, they are examined as population-level screening
tools for early risk identification, enrichment or stratification tools to support clinical trials
and targeted diagnostic pathways, and longitudinal monitoring instruments for capturing
real-world changes in cognitive and functional performance over time. This functional
framework underpins the structure and interpretation of evidence across modalities and
clarifies how different digital signals contribute to distinct research and clinical objectives.
We begin with a brief overview of traditional AD biomarkers to set the context. We then
focus on key categories of digital biomarkers, including wearable sensors, smartphone
applications, speech and language analysis, and other emerging technologies. We review
the literature for evidence of the use of digital biomarkers to detect early cognitive decline.
In addition, we present a bibliometric analysis of the research landscape for AD digital
biomarkers, covering trends in publications, prevalent keywords, leading contributors,
and prominent publication venues. The literature for this review was drawn from reputable
databases, including PubMed, Scopus, Web of Science, and IEEE Xplore, to ensure a broad,
multidisciplinary perspective.

2. Biomarkers in Alzheimer’s Disease

Biomarkers have an important role in AD research and clinical practice because they
are quantifiable measures of underlying neuropathological processes, disease progression,
and therapeutic response. Traditional biomarkers, such as imaging, CSFE, and blood-based
indicators, are used to provide information on key pathological factors. Recently, digital
biomarkers have emerged to collect real-time physiological and behavioral data using
wearable devices and smartphone applications. The combination of traditional and digital
biomarkers has the potential to detect and monitor AD early, enabling personalized inter-
ventions. The following subsections present detailed descriptions of traditional, digital,
and emerging biomarkers, along with their advantages and limitations.

2.1. Traditional Biomarkers

Conventional biomarkers are essential for identifying neuropathological features for
AD. These features include the deposition of amyloid-beta, tau pathology, and neurode-
generation, often many years before the onset of clinical symptoms. These biomarkers,
developed from neuroimaging studies and CSF analysis, have been widely used to detect
early AD. For instance, neuroimaging techniques such as structural MRI can detect re-
gional brain atrophy, particularly in the medial temporal lobe. On the other hand, positron
emission tomography (PET) can be used to visualize amyloid plaques and tau tangles in
the brain in vivo using specific ligands. Similarly, analysis of CSF collected by lumbar
puncture can directly quantify levels of soluble AD proteins. ABy; is typically reduced due
to sequestration into plaques, while total tau (t-tau) and phosphorylated tau (p-tau) are
elevated in line with neuronal injury and tangle formation.
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The following subsections describe these biomarker modalities in greater detail, includ-
ing neuroimaging and CSF-based assays, emerging blood-based biomarkers, and genetic
risk factors that contribute to disease susceptibility and onset.

2.1.1. Neuroimaging and CSF Markers

Over the past two decades, Alzheimer’s research has been guided by biomarkers
that reflect the disease’s core pathological processes. Neuroimaging techniques, such as
structural MRI, detect brain atrophy, particularly in the hippocampus and entorhinal cortex,
while PET imaging identifies abnormal protein aggregates, including amyloid plaques (via
amyloid-PET) and tau tangles (via tau-PET). Notably, these imaging biomarkers can reveal
disease-related changes years before the onset of clinical AD [4]. Similarly, CSF analysis
obtained through lumbar puncture allows for the quantification of ABy, (which is typically
reduced in AD due to amyloid plaque deposition) and tau or phospho-tau (elevated due
to neurofibrillary tangle pathology). These CSF biomarkers are well established in early
cognitive impairment and incorporated into research-based diagnostic criteria for AD.

Tau PET has become one of the most valuable modalities in imaging biomarkers.
Tau PET is a highly sensitive (92-100%) and moderate-to-high specificity (52-92%) direct
neurofibrillary tangle marker, the only autopsy-validated biomarker, as its validation relies
on the neurofibrillary tangles as its target [1]. It has been found that tau PET patterns are
related to the clinical and neuroanatomical variability of AD, suggesting the possibility
of predicting cognitive decline even in asymptomatic individuals. Such developments
highlight the critical importance of biomarker-based methods of AD progression and
improving early diagnosis.

2.1.2. Genetic Risk Factors

Genetic factors play a major role in the vulnerability of an individual to AD, especially
in familial or early-onset AD [10]. The most established genetic risk factor of late-onset AD
is the apolipoprotein E (APOE) gene, particularly the allele of it called the 4 allele. This
variant has been linked to a higher amount of amyloid-beta deposition and an earlier onset of
symptoms [11]. Individuals homozygous for APOE-¢4 carry a substantially increased risk and
typically experience more rapid disease progression compared to non-carriers. Beyond APOE,
several other loci have been implicated in AD through genome-wide association studies
(GWAS), including variants in CLU, PICALM, BIN1, and TREM2 [12,13]. These genes are
involved in lipid metabolism, immune response, endocytosis, and microglial activation,
pathways increasingly recognized as necessary in the pathogenesis of AD [14].

In familial AD, which typically has an early onset, gene mutations in APP (amyloid
precursor protein), PSEN1, and PSEN2 (presenilins 1 and 2) result in autosomal domi-
nant inheritance and near-certain disease penetrance [15]. These mutations directly affect
amyloid-beta production and aggregation, offering strong mechanistic links to the amyloid
cascade hypothesis. As genetic testing becomes increasingly available, these molecular
markers are emerging as valuable tools for risk stratification, early clinical intervention,
and the recruitment of individuals into prevention-oriented or personalized therapeutic
clinical trials.

2.1.3. Blood-Based Biomarkers

Until recently, assessing AD biomarkers depended on CSF sampling or specialized
PET imaging. Recent technological progress, however, has enabled blood-based assays that
mirror central AD pathology [16]. For instance, plasma concentrations of phosphorylated
tau (p-tau) and the AB4y/ APy ratio can align with underlying brain alterations. These
blood biomarkers are emerging as promising, minimally invasive tools for screening,
with analytical sensitivity now approaching that of CSF-based tests [17].

https:/ /doi.org/10.3390/jdad3020018


https://doi.org/10.3390/jdad3020018

J. Dement. Alzheimer’s Dis. 2026, 3, 18 50f37

Although blood tests overcome many limitations of PET and CSF, such as high cost
and limited availability, they predominantly capture molecular-level pathology. It therefore
remains essential to also evaluate functional deficits in cognition and everyday functioning
alongside these molecular indicators to determine whether an individual is in the prodromal
phase of the disease [8].

2.1.4. Limitations of Traditional Biomarkers

Even though traditional biomarkers are highly valuable, they demonstrate significant
weaknesses, particularly in early diagnosis and population screening. Neuroimaging,
as well as CSF-based measurements, can be costly, intrusive, and confined to a specific
clinical setting. Consequently, they are not well-suited for frequent repetition, particu-
larly when tracking subtle longitudinal changes. Cognitive tests provide a non-invasive
alternative; however, their outcomes are heavily shaped by factors such as educational
attainment, language skills, and cultural context. These factors can compromise diagnos-
tic validity among varied populations. These limitations have driven growing interest
in complementary approaches, most notably digital biomarkers, which aim to address
gaps in scalability, frequency, and ecological validity. While traditional biomarkers offer
molecular specificity, they are often invasive, costly, or difficult to repeat frequently. Digital
biomarkers, in contrast, enable continuous, remote monitoring of functional and behavioral
changes that may reflect early-stage disease processes. Used together, these modalities can
support a tiered model of risk detection, wherein digital methods help identify individuals
who would benefit from confirmatory molecular testing. The following section explores
major categories of digital biomarkers along with their current applications, limitations,
and potential role in early AD detection.

2.2. Digital Biomarkers

Digital biomarkers represent a class of non-invasive, technology-enabled indicators derived
from real-world data sources such as wearable devices, smartphones, and other sensors [18].
In AD, digital biomarkers aim to capture the subtle changes in cognition and daily function that
occur in preclinical or prodromal stages, such as MCI, before significant impairment is evident.
These biomarkers encompass data from wearable sensors, smartphone applications, speech and
language patterns, and other sensor-based or software-based assessments.

Figure 1 provides an overview of the different digital biomarkers and the devices
that can be used to collect them. These tools enable continuous, non-invasive monitoring
of physiological and behavioral signals, offering unprecedented opportunities for early
detection and personalized intervention in AD.

Below, we discuss each category of digital biomarkers, highlighting their contributions
to early AD detection and citing key findings from recent studies. Importantly, unless ex-
plicitly stated otherwise, digital biomarkers discussed in this section are interpreted as
indicators of functional or behavioral change associated with elevated risk or progression
along the AD continuum, rather than as direct measures of amyloid or tau pathology.
Furthermore, across all digital biomarker modalities, observed signals may be influenced
by non—-AD factors. Motor impairments, arthritis, or vestibular disorders can affect gait and
mobility. Sensory deficits, such as hearing or vision loss, may confound analyses of speech
and eye tracking. Similarly, linguistic background and education can influence language-
based features and comorbid conditions, fatigue, or mood disorders may alter daily activity
patterns. In addition, differential access to and familiarity with digital technologies can
impact data quality and participation. Consequently, most digital biomarkers should be
interpreted as markers of functional change or elevated risk rather than disease-specific
indicators unless validated against biomarker-anchored outcomes.
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Figure 1. Illustrative overview of digital biomarker modalities relevant to AD detection. Physiological
and behavioral measures, including heart rate, physical activity, gait, sleep, respiration, cognition,
EEG, skin temperature, voice, stress levels, and eye blinking, can be captured using wearable and
mobile technologies such as smartwatches, rings, hearables, headbands, smart clothing, insoles, skin
patches, and smartphone applications.

2.2.1. Wearable Devices and Sensors

Wearable technologies, such as smartwatches, fitness bands, and other body-worn sen-
sors, enable continuous monitoring of an individual’s physical activity, movement patterns,
physiology, and behavioral aspects [19]. Such wearable devices have created an opportunity
to collect real-world data on functions that may signal early cognitive decline [6].

One area of focus is gait and mobility. Subtle changes in gait (walking speed, stride
length, stride variability, and balance) can serve as early indicators of cognitive impairment.
Research shows that everyday behaviors like ambulation and navigation are affected
in the very early stages of AD and related dementias [20]. A recent systematic review
highlighted that wearable sensors that measure navigation ability and gait can identify
individuals at risk of dementia who would not be detected by conventional tests [8]. Gait
analysis via wearable motion sensors or smartphones can detect slowed walking, hesitation,
or balance issues that correlate with cognitive decline. Spatial navigation, often assessed
via virtual reality or smartphone-based tasks, is another behavior of early AD: the brain
regions responsible for navigation (entorhinal cortex and hippocampus) are among the first
affected by AD pathology [21]. Impairments in spatial navigation have been observed to
precede memory loss in people at risk of AD [22]. Wearable devices (and apps) that track
how a person moves through space, for instance, how effectively they navigate in a new
environment, can serve as digital biomarkers.

Beyond gait and navigation, wearables can monitor general physical activity levels,
sleep patterns, and heart rate variability, which might change subtly with emerging cogni-
tive impairment [23]. For instance, decreased daily activity or changes in sleep-wake cycles
might indicate apathy or disorientation associated with prodromal AD [24]. Continuous
passive monitoring of such parameters enables the capture of behavioral changes that are
not readily detected during a clinical examination [25,26]. Importantly, wearable-derived
data can be collected at scale and low cost, enabling screening of large populations [27].
For instance, virtual reality (VR) combined with wearable motion sensors has been used to
simulate daily living tasks and measure kinematic data [28]. In one study, older adults with
MCI performed instrumental activities of daily living while their gait and motion were
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recorded. Machine learning analysis of these motion patterns successfully distinguished
MCI patients from healthy controls [29]. Such approaches illustrate how combining wear-
ables with advanced analytics can uncover “invisible” markers of cognitive decline in
otherwise high-functioning individuals.

More recently, foundation and language-model-based architectures have been ex-
tended to wearable and sensor data, enabling unified representation learning across het-
erogeneous time-series modalities [30]. Rather than relying on handcrafted gait, activity,
or physiological features, these models learn high-level latent representations directly
from raw multimodal sensor streams, capturing cross-signal dependencies and temporal
structure. For example, SensorLM demonstrates that transformer-based models can en-
code accelerometer, gyroscope, and physiological signals in a semantically coherent and
interpretable latent space, supporting downstream prediction and monitoring tasks across
health domains [31]. In the context of dementia research, such approaches are best viewed
as scalable tools for behavioral enrichment and longitudinal risk monitoring, rather than
direct indicators of Alzheimer’s pathology, as they remain sensitive to non-AD factors
including musculoskeletal impairment, cardiovascular health, and lifestyle variability.

In summary, wearable and ambient sensing technologies provide objective measures
of motor and functional behavior that are sensitive to early cognitive and neurological
changes. These digital biomarkers show promise in identifying early AD, with studies
demonstrating that everyday movement data can differentiate at-risk individuals even
before conventional tests. As sensor technology advances (including GPS, accelerometers,
gyroscopes, and physiological monitors) and becomes more integrated into daily life,
the potential to detect AD through passive monitoring of natural behavior will continue to
grow. Evidence from large longitudinal cohorts demonstrates that gait-related measures
are robust predictors of future dementia risk, while smaller cross-sectional and mechanistic
studies show that fine-grained gait dynamics and activity patterns differ in MCI and early
AD. However, most wearable-based approaches should currently be interpreted as tools for
risk stratification and longitudinal monitoring rather than standalone diagnostic methods,
with substantial heterogeneity in cohort size, ground truth, and validation strength across
studies. To enable structured comparison across studies regarding cohort size, ground
truth, and validation design, representative evidence for wearable and ambient-sensing
approaches is summarized in Table 1.

Table 1. Wearable and ambient-sensing studies supporting digital motor and behavioral biomarkers
in cognitive impairment and dementia.

Study Cohort Size Digital Signal Ground Truth ]SE::;gznlz:mgn and Key
12-year
1265 population-based

Kuate-Tegueu et al.,
[20]

Buegler et al., [19]

community-dwelling
older adults;
203 incident dementia

Incident dementia (AD, longitudinal cohort;
VaD, other) diagnosed  slower gait speed
using DSM-IV criteria ~ independently

Gait speed (6-m walk),
psychomotor speed

cases predicted dementia

years before diagnosis.
Multisite prospective

Neuro Motor Index Clinical progression validation (up to
548 total; 496 in derived from from MCI to dementia; 40 months); IEOC— AUC
external validation; smartphone inertial CSF amyloid/tau and ~ 0.91-0.9 4’ across
213 MCI sensors (gait, motion, MRI available in clin'ical a'n d home
navigation) subsets

settings.
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Table 1. Cont.

Study

Cohort Size

Digital Signal

Ground Truth

Study Design and Key
Evidence

Mc Ardle et al., [21]

Martin-Gonzalo,
Juan-Andrés, et al., [28]

Akl et al., [29]

Zhang et al., [31]

Controls: 25; AD: 32;
DLB: 28

Small clinical cohorts
(controls, MCI, early
AD)

97 older adults
monitored over ~3
years

Large-scale multimodal
wearable datasets

Lower-back (L5)
body-worn
accelerometer; lab and
free-living gait
characteristics

Nonlinear gait
kinematic features
(permutation entropy,
irreversibility)

Passive in-home
sensors capturing
walking speed and
daily activity patterns

Raw accelerometer,
gyroscope,

and physiological
sensor streams

Clinical diagnostic
group labels (AD, DLB,
controls)

Clinical group labels
(MCT, early AD)

Clinical diagnosis of
MCI

Task-specific
behavioral and health
outcomes

Cross-sectional gait
variability and
asymmetry
differentiated dementia
subtypes in lab and
free-living conditions.
Cross-sectional
mechanistic study;
reduced gait
complexity and
irreversibility observed
in MCTI and early AD,
indicating sensitivity of
gait dynamics to
neurodegeneration.
Longitudinal
unobtrusive
monitoring; ROC-AUC
0.97 using 24-week
aggregation windows.
Transformer-based
foundation model for
wearable signals;
demonstrates unified
representation learning
across heterogeneous
sensors, enabling
scalable longitudinal
monitoring.

2.2.2. Smartphone Applications and Cognitive Tests

Smartphone applications offer a flexible platform for administering cognitive tests and

functional tasks remotely. Researchers have developed app-based tests that evaluate memory,
attention, spatial skills, language, and other cognitive domains relevant to AD through
utilizing the widespread ownership of smartphones and tablets [32]. These digital tests
used a smartphone/tablet-based digital biomarker platform (the Altoida app) that captures
granular data (reaction times, error patterns, etc.) beyond simple right-or-wrong answers.
One notable example is using augmented reality (AR) and smartphone sensors to generate
immersive cognitive assessments. A study used a smartphone/tablet-based digital biomarker
platform (the Altoida app), which implements AR tasks inspired by complex activities of daily
living [19]. Participants performed tasks that assessed spatial memory and navigation (such
as hiding and retrieving virtual objects using the device’s camera and sensors). Data from
these tasks, including motion trajectories, errors, and reaction times, were analyzed using ML
models. Such AR-based cognitive testing has demonstrated high sensitivity in identifying
individuals at elevated risk of cognitive decline and progression to dementia, distinguishing
those at risk of progression in longitudinal validation settings. A structured comparison of
representative smartphone-based cognitive digital biomarker studies, including cohort size,
task type, ground truth, and validation scope, is provided in Table 2.

As shown in Table 2, a study introduced the “Gallery Game,” a smartphone-based tool
within the Mezurio app, designed to assess episodic memory processes that are vulnerable
in the early stages of AD [33]. This game evaluates long-term memory by requiring
users to recall images and their associated contexts over extended periods. The Gallery
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Game encourages consistent participation through an engaging, user-friendly interface that
enables remote and large-scale cognitive monitoring. Since episodic memory decline is
strongly linked to early tau pathology, this approach holds promise for detecting subtle
cognitive changes in pre-symptomatic individuals, although current evidence is based on
small, exploratory cohorts without biomarker-confirmed disease status.

Table 2. Representative smartphone-based cognitive digital biomarker studies in AD and at-risk populations.

Study Cohort Size Digital Signal Ground Truth ::;gg’n?:“g“ and Key
Exploratory feasibility
study; longer retention

35 cognitively No clinical diagnosis; intervals revealed

Lancaster et al., [33]

Buegler et al., [19]

Coutrot et al., [34]

Coughlan et al., [35]

unimpaired adults
(40-59 years), enriched
for familial dementia
risk

548 total participants;
213 MCI; external
validation cohort

(n =496)

>3.7 million global
participants

Gallery Game episodic
memory task (delayed
recall up to 13 days)

Augmented-reality
cognitive-motor tasks
(navigation, object
interaction, motion
metrics)

Sea Hero Quest spatial
navigation game

comparison with
standard
neuropsychological
memory tests

Clinical diagnosis and
longitudinal
progression; CSF
amyloid/tau and MRI
available in subsets

Population-level
normative benchmarks

measurable forgetting;
associations with
clinic-based tests were
small and preliminary,
with no biomarker
confirmation.
Multisite prospective
longitudinal validation
(up to 40 months);
smartphone-derived
digital biomarkers
predicted progression
from MCI to dementia
with ROC-AUC

~ 0.91-0.94.
Large-scale
crowdsourced study
establishing normative
distributions of spatial

Laboratory cohort
(n = 60) with benchmark
comparison (1 = 27,108)

performance navigation ability across
age, sex, and geographic
regions.

Laboratory validation
study; spatial navigation
measures discriminated
genetic risk status
(AUC ~ 0.71), whereas
standard episodic
memory tests did not,
supporting risk
sensitivity rather than
diagnosis.

Sea Hero Quest
navigation metrics

APOE genotype
(e3e4 vs. e3e3)

Other smartphone apps focus on classic neuropsychological tests delivered digitally.
For instance, there are apps for memory card matching games, continuous monitoring of
reaction time, or n-back tasks for working memory [36]. Some apps use phone sensors to
test executive function and multitasking (for example, walking while doing a phone-based
task to see if dual-task performance degrades). Smartphone assessments” high frequency
and convenience mean cognitive changes can be tracked over time, potentially catching
decline as it begins [37]. Moreover, smartphones can collect passive data in the background:
GPS for movement patterns, phone usage logs (how often and how quickly one responds
to messages), or even keystroke dynamics. Changes in how someone interacts with their
phone, such as increased typing errors or slower navigation through apps, might serve as
subtle signals of cognitive change [38].
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An interesting development in smartphone-based digital biomarkers is the use of
games to crowdsource data from large populations. A famous example is Sea Hero Quest,
a mobile game developed to study spatial navigation. Millions of people worldwide
played this game, which involved navigating mazes of islands and waterways, and the
anonymized data provided a normative distribution of navigation abilities across ages [34].
Researchers found that performance on certain Sea Hero Quest levels could distinguish
high-risk individuals (e.g., those with a genetic risk for AD) from others, suggesting that
subtle navigation difficulties correlated with early AD risk factors, rather than serving as a
diagnostic marker [35]. This approach demonstrates how cleverly designed smartphone
games can serve as large-scale experiments to identify digital biomarkers (in this case,
spatial navigation deficits) associated with AD.

Smartphone applications enable active digital biomarkers (requiring user input) and
passive biomarkers (collected in the background). They bring clinical-grade cognitive tests
into users’ daily lives, offering frequent, ecologically valid monitoring. Early studies are
encouraging: app-based cognitive tests have successfully detected MCI and subtle changes
in cognitively normal people who may be in preclinical AD, primarily supporting early risk
detection and longitudinal monitoring rather than definitive diagnosis [17]. As these tools
continue to be validated against traditional measures (e.g., comparing app results with
CSF or PET findings) in large, biomarker-anchored longitudinal cohorts, they are likely to
become an integral part of early detection strategies.

2.2.3. Speech and Language Analysis

Changes in speech and language are among the hallmark features observed in individ-
uals developing AD, even at preclinical stages. Speech-based digital biomarkers involve
analyzing a person’s spoken or written language for subtle alterations in vocabulary, syntax,
fluency, and acoustics that may indicate cognitive decline [39]. With advances in natural
language processing (NLP) and speech recognition, it is now feasible to collect speech
samples (for example, by asking a patient to describe a picture or have a conversation) and
automatically extract features that quantify their language performance [40]. Representa-
tive speech and language-based digital biomarker studies, including cohort size, speech
modality, ground truth, and validation scope, are summarized in Table 3.

Table 3. Representative Studies Using Speech and Language-Based Digital Biomarkers for Detection
and Monitoring of Cognitive Impairment and AD.

Study Design and Key

Study Cohort Size Digital Signal Ground Truth Evidence

Cross-sectional study;
affective and paralinguistic
speech features
differentiated AD from
controls, highlighting
emotional prosody
degradation beyond lexical
content.

Early mobile-app
deployment; automatic
speech analysis achieved

Affective speech features
Haider et al., [41] Control (30), AD (30) (prosody, emotional Clinical AD diagnosis
expression, voice quality)

Multitask speech features

Konig et al,, [39] Control (15), MCI (23), AD  (fluency, picture Clinical diagnosis of MCI :ni? é;i/cigii}];for MCI
& v (26) description, verbal and AD ? f ,bl ¢
repetition) supporting teasibility o

mobile speech-based
screening rather than
definitive diagnosis.
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Table 3. Cont.

Study

Cohort Size

Digital Signal

Ground Truth

Study Design and Key
Evidence

Martinez-Nicolas et al.,
[42]

Agbavor and Liang, [43]

Bang et al., [44]

Ali et al., [45]

35 studies (systematic
review)

Control (79), AD (87)

Acoustic, thythmic,
and prosodic speech
features

Spontaneous speech
transcripts with GPT-3
embeddings

Clinical diagnosis across
studies

Clinical diagnosis; MMSE
regression

Systematic review; most
diagnostic studies report
AD accuracy > 88% and
MCI > 80%, but with
substantial heterogeneity
in tasks, features,

and sample sizes, limiting
clinical generalizability.
LLM-based semantic
embeddings significantly
outperformed acoustic
feature pipelines (AUC

= 0.80-0.83) and enabled
continuous cognitive score

Control, MCI, AD (Korean
cohort)

Multiple public speech
datasets

estimation, demonstrating
feasibility for scalable AD
screening using speech
alone.

Fine-tuned LLMs applied
to spontaneous speech
achieved robust AD
classification across
linguistic tasks,
supporting cross-linguistic
generalization while
highlighting sensitivity to
task design and transcript
quality.

Demonstrated that
foundation model
embeddings provide
transferable linguistic
representations for
dementia detection across
tasks, reducing
dependence on
handcrafted features but
requiring careful domain
validation.

Spontaneous speech with
transformer-based
language models

Clinical diagnosis

Clinical labels across
datasets

Foundation language
model representations

Research has shown that people in the early stages of AD often exhibit lexical retrieval
difficulties (using more pronouns or filler words when specific words fail them), shorter
or simpler sentences, and pauses or hesitations in speech [46]. Acoustic changes may
include slower speech rate, reduced pitch variation, or vocal tremors [42,47]. ML models
can be trained to distinguish between healthy aging and pathological cognitive decline
by turning these speech characteristics into quantitative data [48]. More recently, large
language models (LLMs) have shifted the field of speech-based digital biomarkers by
enabling high-level semantic representation learning without reliance on handcrafted lin-
guistic features [44,49]. Transformer-based LLMs can encode discourse structure, semantic
coherence, and contextual language use from spontaneous speech, capturing impairments
that may not be reflected in surface-level acoustic or lexical metrics [43,44]. Empirical
studies applying pretrained and fine-tuned LLMs to dementia speech corpora demonstrate
competitive or improved discrimination of AD and related cognitive impairment compared
to conventional machine-learning pipelines, while also enabling continuous estimation of
cognitive severity from language alone [44,45]. Importantly, current LLM-based approaches
primarily support scalable screening, enrichment, and longitudinal monitoring rather than
direct inference of Alzheimer’s pathology, with most evidence derived from retrospective
benchmark datasets and limited biomarker anchoring [45,49].
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In one study, Hajjar et al. (2023) developed processes for deriving lexical-semantic
and acoustic features from audio recordings as digital voice biomarkers of AD [39]. They
collected spoken language samples from cognitively unimpaired participants (some with
preclinical AD pathology) and those with mild impairment. They compared the speech-
derived features to standard neuropsychological tests and biomarker status. The results
revealed that lexical-semantic features (related to word usage and sentence structure) could
detect MCI with an AUC of 0.80, outperforming a traditional memory test’s accuracy.
Moreover, the speech-based measures correlated with cognitive test scores and aligned
with biological markers. Similarly, acoustic features (voice properties) are significantly
associated with hippocampal volume on MRI and with CSF amyloid levels. These findings
suggest that voice recordings, analyzed by Al, can reveal patterns associated with AD-
related cognitive impairment and risk states, even before clinical diagnosis in selected
research cohorts, supporting speech as a promising digital biomarker.

Several other studies support these findings. For example, researchers using the
openSMILE toolkit [50] reported accurate detection of AD from short speech tasks [41].
They used ML on features like pronunciation, pause frequency, and voice intensity to
differentiate AD patients from controls and demonstrated potential as a low-cost, non-
invasive screening method [51]. Similar investigations have focused on transcript analysis
of verbal fluency tests or narrative recall tasks. Consistently, language impairments (such as
using fewer unique words or more grammatical errors) have been observed in individuals
with MCI or early AD, and algorithms can pick up on these subtle differences. However, it
is important to note that there is currently no universal speech- or language-based solution
for AD detection, as existing approaches vary substantially in terms of linguistic features,
acoustic representations, decision models, and validation cohorts [52].

Speech samples can be gathered easily via smartphone or telephone, making this
approach highly scalable. For instance, a smartphone app might periodically prompt
users to describe what they did that day or read a sentence aloud, creating a longitudinal
record of their speech [53]. Even changes in everyday phone conversations, like increased
difficulty finding words, could be monitored with consent. The non-intrusive nature of
voice analysis and its strong connection to cognitive function make it one of the most
promising digital biomarkers for large-scale monitoring and risk stratification, rather than a
standalone clinical diagnosis [42]. Ongoing efforts aim to refine these models and establish
normative datasets so that a quick speech test could be part of routine dementia screening
in the future, contingent on large, biomarker-anchored longitudinal validation.

2.2.4. Emerging Digital Biomarker Technologies

Beyond wearables, apps, and speech, various other technologies are being investigated
for early AD detection. Many of these utilize sensors and methods to capture physiological
or behavioral signals that were once challenging to measure continuously. Here, we
highlight a few emerging areas:

1.  Eye-Tracking and Pupillometry: Subtle changes in eye movements and pupil re-
sponses can reflect early cognitive changes. Patients with AD have been found to
show impairments in certain eye movement tasks, for example, less ability to track
moving objects smoothly or altered patterns when reading, even in very early disease
stages [54]. Digital eye-tracking (using camera-based sensors on computers or smart-
phones) can measure metrics like gaze fixation, saccade patterns, or the reaction of
pupils to light/cognitive load. These metrics serve as potential digital biomarkers.
For instance, difficulty focusing on a target or taking longer to initiate eye movements
may signal neurological changes. Cameras and light sensors are commonly used to
collect such eye movement and pupillary data [55]. These studies indicate that these
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vision-based biomarkers might differentiate AD from normal aging in controlled
research settings, as the visuospatial networks are affected by AD controlling eye
movement behavior. Similarly, Pupillometry for measuring pupil dilation in response
to stimuli is another promising tool, as specific cognitive tasks elicit distinctive pupil
responses that can be blunted in people with prodromal AD [56,57].

Handwriting and Fine Motor Tracking: Changes in fine motor control can be an-
other early indicator. For example, electronic pens or tablets have digitized the
well-known clock drawing test (asking a person to draw a clock) used for cognitive
assessments [58]. Instead of just scoring the final drawing, the digital version captures
the process: how the pen moves, hesitations, corrections, and timing. These dynamic
features can provide a richer assessment of cognitive planning and motor function.
Research with a digital pen has shown that certain features (like total drawing time or
number of pauses) can distinguish MCI/early AD from healthy elders better than the
standard scoring of the clock drawing [59]. Similarly, typing dynamics on keyboards
or smartphones, such as typing speed, errors, and corrections, might change subtly
with cognitive decline and are being studied as a passive biomarker [60].

Smart Home Sensors and Daily Activity Patterns: In instrumented homes or assisted
living facilities, sensors can monitor daily routines such as appliance usage, movement
from room to room, and sleep duration via bed sensors. Passive digital monitoring
of daily activities can capture otherwise “inaccessible” changes to clinicians [27].
For example, a person with emerging dementia might start forgetting to take meals,
which can be detected by a lack of kitchen sensor activation at mealtimes or wandering
or pacing at odd hours detected by motion sensors [61]. Such tendencies as leaving
the stove on or opening doors frequently may be a sign of memory loss or anxiety.
Research has demonstrated that these sensor networks are capable of identifying
changes in habits, months to years prior to a medical diagnosis, essentially warning
of individuals facing a medical follow-up [62]. While smart home sensors especially
vision based-sensors have privacy concerns, it offers a powerful way to continuously
and passively gauge cognitive health in residential environments such as care homes.
Multimodal Digital Signatures: The combination of multiple digital biomarkers
is an exciting frontier. Rather than relying on a single sensor or test, researchers
are integrating data from wearables, smartphones, and other sources to build a
comprehensive digital phenotype for brain health [63]. For example, a multimodal
system could learn the gait (through smartwatch), sleep (through bed sensor), speech
(through phone app), and cognitive game performance of a person. ML can then
identify patterns across these data streams that may help distinguish early AD risk
states from normal aging. By using multimodal data, the system can compensate for
noise or variability in any one measure, potentially improving accuracy. Early work
in this direction is ongoing, with the aim of developing a composite digital biomarker
index for preclinical AD risk detection [64].

The landscape of digital biomarkers is rapidly expanding. Technologies ranging

from eye trackers to IoT devices are being repurposed to detect the subtle behavioral
and physiological signs of AD onset. Each offers unique advantages: some are highly
sensitive to specific impairments (such as navigation or language), while others allow
passive, continuous observation of general function. The convergence of these tools with
artificial intelligence (Al) for data analysis is accelerating progress. However, evidence
across these emerging modalities remains heterogeneous, with most studies limited to
small cohorts, cross-sectional designs, or surrogate clinical endpoints. As non-invasive
technologies advance and new data is generated, integrating Al and deep learning will
further enhance the detection capabilities of digital biomarkers. A key consideration is
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how digital biomarkers compare with traditional biomarkers in terms of clinical utility,
sensitivity, and accessibility. An overview of the strengths and weaknesses of each approach
is provided in Table 4. Going forward, digital biomarkers are expected to complement
traditional biomarkers. For example, someone identified as high risk by digital monitoring
could be referred for confirmatory PET or CSF testing. This tiered approach could make
early risk identification more efficient and accessible on a population level.

Table 4. Strengths and Limitations of Traditional Versus Digital Biomarkers for AD detection

and monitoring.

Metric Traditional Biomarkers Digital Biomarkers
. Often invasive (e.g., CSF lumbar puncture, Non-invasive or minimally invasive approaches
Invasiveness - . . . . . L
positron emission tomography imaging) using wearables, mobile applications, and sensors
Cost High cost; requires specialized imaging Lower cost; relies on consumer-grade devices and
equipment and laboratory tests remote monitoring
- Limited; typically requires in-clinic or High; enables remote use and large-scale
Accessibility . . o
hospital-based assessments population monitoring
High sensitivity for detecting molecular Potentially sensitive to early functional or
Sensitivity pathology (e.g., amyloid and tau imaging), cognitive decline, though further validation is
typically at later disease stages required
. . . . . Lower disease specificity, as behavioral or
Specificity High disease specificity (e.g,, PET imaging functional changes may arise from non-AD

Measurement Frequency

Clinical Validation

confirms Alzheimer’s pathology)

Infrequent; usually conducted as one-time or

annual assessments

Well established in both research and routine

clinical practice

conditions

Continuous or high-frequency monitoring,
allowing real-time tracking of disease progression
Emerging, with a need for large-scale validation
prior to widespread clinical adoption

2.2.5. Advantages and Challenges

Digital biomarkers offer several key advantages in the context of AD. They are gener-
ally noninvasive and can be used continuously without relying on one-time observations.
They are also highly ecologically valid, as they assess performance during real-life tasks
(walking, speaking, and working with devices), which may be more representative of the
individual’s daily functioning than a clinical test [8]. Online tools may significantly increase
the size of surveillance, for example, using the number of smartphones around the globe or
the number of people using wearables to track thousands of patients at once, which is im-
practical when using clinic-based biomarkers. This scalability paves the way for preemptive
intervention at a large scale, possibly even before people realize they have memory issues.
Moreover, digital technologies can help reduce health inequities by addressing individuals
who might not have ready access to specialty clinics. A smartphone application can be
installed anywhere, potentially enhancing early diagnosis in underserved communities.

Despite their promise, there are challenges and considerations with digital biomark-
ers. One major issue is data privacy and ethics: continuous monitoring of personal data
(movements, speech, phone use) raises concerns regarding consent, data security, and the
use of the information. There is a need to ensure that sensitive data is protected and that
individuals are comfortable with being monitored. Another challenge is validation and
standardization. Digital biomarkers must be rigorously validated against clinical outcomes
or established biomarkers to ensure they truly reflect early AD changes and not unrelated
factors. Importantly, higher sensitivity to functional or behavioral change should not be
mistaken for specificity to AD pathology. Many digital biomarkers capture nonspecific
indicators of neurological or functional alteration that may arise from aging, comorbid
medical conditions, mood disorders, or other neurodegenerative processes. As such, their
primary value in early-stage research lies in risk stratification and screening rather than
conclusive diagnosis.
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Furthermore, many current studies are exploratory with relatively small samples;
larger longitudinal studies are needed to establish reliability and predictive value. In par-
ticular, translational validation would require demonstrating that digital biomarkers can
prospectively predict clinically meaningful outcomes (such as progression from cognitively
normal status to MCI or AD dementia), show consistent associations with established bio-
logical reference standards (e.g., amyloid or tau PET imaging, CSF or plasma biomarkers),
or provide measurable utility for participant enrichment and stratification in clinical trials.
There is also the risk of false positives and false negatives; for example, not everyone who
walks slowly has AD, as other health conditions may contribute to functional changes. As a
result, digital algorithms must achieve an appropriate balance between sensitivity and
specificity to avoid misclassification. An overview of the key challenges and their potential
solutions is provided in Table 4.

User adherence can also be a practical challenge. Not everyone will regularly wear a
device or play a game as instructed, especially if they are not yet experiencing symptoms.
Therefore, digital interventions must be user-friendly and engaging, and ideally operate
through passive monitoring to minimize user burden.

Furthermore, issues of algorithm bias and generalizability need attention. If a digital
biomarker algorithm is trained on a certain population (say, highly educated volunteers
in a research study), it might not perform as well in a different population (different
culture, language, socioeconomic background). Ensuring these tools work across diverse
groups is essential for broad clinical adoption. Finally, integration into healthcare systems
and regulatory approval will require demonstrating that digital biomarkers can provide
clinicians with actionable, reliable information. Despite the hurdles, the momentum of
research and technological progress remains strong. In the next section, we examine trends
in the scientific literature in this domain through a bibliometric analysis, shedding light on
how far the field has come and where it is headed.

3. Bibliometric Analysis of Digital Biomarker Research in AD

To understand the development and current landscape of research on digital biomark-
ers for AD, we conducted a bibliometric analysis using an integrated method proposed in
our previous work [64]. This analysis is based on publications from the past 10 years, drawn
from databases including PubMed, Web of Science, Scopus, and IEEE Xplore, focusing on
studies involving digital biomarkers and AD (particularly early detection).

3.1. Search Strategy and Data Collection

To ensure a comprehensive and systematic retrieval of relevant publications, we
developed a structured search strategy incorporating multiple synonyms and related terms
for both digital biomarkers and AD. The search queries were customized for each database
to optimize coverage and relevance. Table 5 presents the final search strings used across
the selected databases.

We applied the following inclusion criteria: (1) studies published in the last 10 years,
(2) English-language publications, and (3) peer-reviewed articles, conference papers, or re-
views. Bibliographic data were exported in CSV, RIS, and BibTeX formats to ensure consis-
tency across platforms.

To ensure data integrity, we performed deduplication and metadata harmonization us-
ing the method described in our previous work [64]. The consolidated dataset was analyzed
using the bibliometrix R package [65], a widely adopted tool for bibliometric analysis.
Key analytical procedures included trend analysis, keyword co-occurrence mapping, source
and author impact metrics, and identification of leading publication venues.
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Table 5. Search queries used for bibliometric data collection across multiple databases.

Database Search Query
(“digital biomarkers” OR “wearable technology” OR “mHealth” OR “speech analysis” OR “eye tracking” OR
PubMed “remote monitoring”) AND (“Alzheimer Disease”[MeSH] OR “AD” OR “dementia” OR “mild cognitive
impairment” OR “cognitive decline”)

TITLE-ABS-KEY(“digital biomarkers” OR “wearable technology” OR “mobile health” OR “passive monitoring”
Scopus OR “speech analysis” OR “eye tracking”) AND TITLE-ABS-KEY(“Alzheimer’s disease” OR “AD” OR “dementia”

OR “mild cognitive impairment” OR “cognitive decline”)

TS = (“digital biomarkers” OR “wearable sensors” OR “mHealth” OR “speech analysis” OR “eye tracking” OR
Web of Science  “remote monitoring”) AND TS = (“Alzheimer’s disease” OR “AD” OR “dementia” OR “mild cognitive

impairment”

OR “cognitive decline”)

(“digital biomarkers” OR “wearable technology” OR “smart health” OR “mobile health” OR “mHealth” OR
IEEE Xplore “sensor-based monitoring”) AND (“Alzheimer’s disease” OR “AD” OR “dementia” OR “MCI” OR “cognitive
impairment”)

In the following sections, we present the principal findings of this bibliometric analy-
sis, illustrating the evolution of digital biomarker research and its implications for early
detection and monitoring of AD.

3.2. Publication and Citation Trends

Research on digital biomarkers for AD has grown substantially over the past decade.
The annual number of publications in this domain has steadily increased, particularly
from 2019 onward, as shown in Figure 2. Prior to 2018, annual output remained below
120 publications, but this number exceeded 200 by 2020 and continued to rise thereafter.
These findings align with a bibliometric study of Al in dementia research [66]. This growth
is driven by technological advancements, particularly in mobile and wearable sensor-based
assessments, and by the increasing integration of ML techniques into dementia research.
The cumulative volume of research is substantial and multidisciplinary.

400

300

200

Number of Publications

100

>

9

N\
oY

%

5 A o
N < N
N » »

%,

Year

Figure 2. Annual number of publications in the study domain by year. Only fully indexed publication
years are included.

The citation trajectory (Figure 3) further illustrates the evolving scholarly attention
to digital biomarker research. Before 2018, citation counts remained relatively low, but a
marked increase in total citations was observed thereafter, with peak citation volumes
occurring between 2019 and 2021. This trend suggests that foundational studies—such
as those on smartphone-based cognitive testing and wearable sensor applications in AD,
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have gained significant attention, fostering cross-disciplinary integration across neurology,

geriatrics, and digital health research.

4000

3000

2000

1000

Total Citations (solid), Avg Citations %10 (dashed)

‘—b——"——&——-ﬁ——-‘—__‘
i e Ry G
0 A —4
» N \\q \f\,\ »
> S S S D
Year

Figure 3. Citation trend of digital biomarker studies in AD research. The solid line indicates the
total number of citations per year, while the dashed line (scaled) represents the average number of
citations per publication.

Annual publication output increased sharply between 2018 and 2021, with year-to-
year growth rates consistently exceeding 25% and peaking above 30%, indicating a phase of
rapid expansion. After 2021, publication volume remained high, but growth rates became
more variable, including a marked deceleration in 2023 followed by renewed growth
in 2024. This pattern suggests a transition from early exponential expansion toward a
consolidation phase characterized by sustained high output and episodic surges rather
than steady linear growth. Longer-term data will be required to determine whether this
reflects true field maturation or cyclical fluctuations in research activity.

This bibliometric analysis reveals a sharp increase in interest in digital biomarkers
for AD over the past decade. This trend aligns with advancements in mobile and wear-
able technology, as well as the growing urgency for early-detection tools in AD research.
The significant citation impact of key papers indicates that digital biomarkers are now
widely acknowledged as a crucial research avenue, likely to maintain sustained research
activity in the coming years. We anticipate that outputs will remain high as extensive
cohort studies and international projects (e.g., the AD Digital Biomarker initiatives) yield
results. The citation trend illustrates that pivotal publications in this domain are attracting
considerable attention, suggesting that digital biomarkers are now recognised as essential
to the Alzheimer’s research puzzle.

3.3. Keyword Analysis and Research Themes

Examining the common keywords in the literature provides insight into the themes
and focus areas of digital biomarker research. Keyword frequency was computed based on
author-provided keywords, with frequency indicating the number of publications in which a
given keyword appears. Keywords were further grouped into high-level thematic categories
to enhance interpretability. Not surprisingly, “Dementia”, “Alzheimer’s disease”, and “mild
cognitive impairment” emerge as the most frequent terms, reinforcing the field’s primary
objective of early and accurate detection of neurodegenerative disorders, as shown in Figure 4.
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Figure 4. Most frequent keywords in digital biomarker research. Keywords are grouped into
thematic categories reflecting clinical conditions, population characteristics, computational methods,
assessment techniques, digital health technologies, and data constructs.

As shown in Figure 4, several terms that frequently occur reflect the technological
methodologies employed in digital biomarker research. Keywords such as “Wearables”,
“Mobile Health (mHealth)”, “Remote Monitoring”, and “Telemedicine” underscore the
growing importance of mobile and sensor-based systems for tracking patient health in
real-world settings. Similarly, the prominence of assessment-oriented terms such as “Eye
Tracking”, “Speech Analysis”, and “Gait Analysis” highlights a strong focus on digital
techniques for capturing behavioral and motor signals relevant to AD. Additionally, compu-
tational approaches play a central role, as evidenced by the frequent occurrence of “Machine
Learning”, “Artificial Intelligence”, and “Deep Learning” within the computational meth-
ods category. These techniques are essential for processing and analysing high-dimensional
data derived from digital health technologies. The co-occurrence of clinical condition
keywords (e.g., “Dementia”, “Alzheimer’s Disease”, “Mild Cognitive Impairment”) with
digital health and computational terms underscores the field’s interdisciplinary integration
of clinical neuroscience, data science, and mobile health technologies.

Interestingly, emerging terms such as “Telemedicine” and “Remote Monitoring” indi-
cate a shift toward digital-first healthcare solutions, particularly in light of increasing efforts
to enable at-home disease monitoring and early intervention. The inclusion of population-
and condition-related keywords such as “Aging”, “Older Adult”, and “Cognitive Impair-
ment” further emphasizes the field’s relevance to age-related cognitive decline and the
need for accessible, scalable diagnostic tools. These findings confirm that digital biomarker
research increasingly intersects with computational methods, remote healthcare technolo-
gies, and clinical neuroscience, with a strong emphasis on leveraging digital systems for
real-world monitoring of neurodegenerative diseases.

To understand the intellectual structure of the digital biomarker field, a keyword
co-occurrence network was constructed using the bibliometrix R package [65]. Author-

provided keywords (DE field) were first preprocessed using standard normalization steps,
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including lowercase conversion, removal of duplicates, and harmonization of synonymous
terms (e.g., “Alzheimer’s disease” and “AD”). The keywords were then ranked accord-
ing to their global frequency across the merged dataset, and the top 50 most frequent
normalized keywords were selected for network construction. In the resulting network,
nodes represent keywords, while edges indicate co-occurrence relationships, defined as the
joint appearance of two keywords within the same publication. Edge weights reflect the
frequency of such co-occurrences across the dataset. To account for differences in keyword
prevalence, the co-occurrence matrix was normalized using the association strength metric.
Clusters were detected using the Walktrap community detection algorithm, which identifies
densely connected groups of keywords based on short random walks within the network.
The network was visualized using a Fruchterman-Reingold force-directed layout, where
node size is proportional to keyword frequency and edge thickness reflects normalized
co-occurrence strength. Figure 5 shows the resulting thematic structure.

The network reveals several distinct thematic clusters. One prominent cluster centers
on neurodegenerative disease monitoring and diagnosis, including terms such as dementia,
Alzheimer’s disease, mild cognitive impairment, cognitive dysfunction, and executive function,
reflecting the strong research focus on clinical assessment and cognitive decline. Another
cluster is driven by wearable technology and real-world monitoring, featuring keywords
such as wearable devices, daily life activity, gait, and telemedicine, illustrating the importance of
ubiquitous health tracking in digital biomarker development.
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Figure 5. Keyword co-occurrence network of the top 50 most frequent normalized author keywords.
Nodes represent keywords, with size proportional to their frequency of occurrence. Edges represent
normalized co-occurrence relationships (association strength) between keywords that appear together
within the same publication, with thicker edges indicating stronger associations. Colors denote
thematic clusters identified using the Walktrap community detection algorithm.

A third cluster is centered on ML and neuroimaging approaches, with keywords
including machine learning, deep learning, magnetic resonance imaging, diagnostic imaging,
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and artificial intelligence. This reflects the expanding role of computational methods in
analyzing multimodal health data. Another notable cluster highlights speech and cognitive
performance as digital phenotypes, incorporating terms like speech, speech analysis, attention,
task performance, and Montreal Cognitive Assessment.

Additional keywords such as biomarkers, caregiver, and quality of life reflect interdis-
ciplinary interest in combining technological, psychological, and clinical perspectives.
The overall structure underscores the convergence of neuroscience, data science, and mo-
bile sensing technologies in advancing digital biomarker research for neurodegenerative
conditions such as Alzheimer’s disease.

3.4. Top Contributing Authors and Institutions

The growth of digital biomarker research in AD has been driven by contributions
from various disciplines, including neurology, cognitive psychology, computer science,
and biomedical engineering. While thousands of researchers have contributed to this
domain over the past 10 to 15 years, a smaller core group has emerged as particularly
prolific in the digital biomarker subfield.

We performed a bibliometric analysis using full-name disambiguation across records
from multiple databases, including Scopus, PubMed, Web of Science, and IEEE Xplore to
identify these leading contributors. Standard author fields (e.g., AU) were supplemented by
full-name metadata (AF) to resolve ambiguities, and publication output was tracked over
a 10-year window. Author productivity was visualized alongside total citations per year,
providing insight into both research activity and scholarly impact as shown in Figure 6. This
dual-metric approach also enabled the recognition of emerging authors with high-impact
papers, even if they had a relatively modest number of publications.
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Figure 6. Top 10 authors in digital biomarker research for AD, based on publication volume and cita-
tion impact for last 10 years. Bar shading represents the number of publications per year, and bubble
size indicates total citations per year. Author names are based on full-name disambiguation across
bibliographic records.

The results highlight authors with sustained and influential contributions to digital
biomarker research. These individuals have led or co-authored multiple studies focusing
on wearable technologies, sensor-based cognitive assessments, speech and language pro-
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cessing, and home-based digital monitoring for dementia detection. For example, Jeffrey
Kaye and Nora Mattek have been instrumental in developing continuous in-home moni-
toring systems for older adults, contributing to a growing body of work on unobtrusive
behavioural sensing [67,68]. Jekel et al. have led efforts to integrate digital tools for early
diagnosis in clinical cohorts [69]. Nicklas Linz has published extensively on speech-based
biomarkers and ML in dementia [70], while Bijan Najafi is well-known for his work on
wearable gait and mobility sensors in older populations [71,72]. Researchers like Stavropou-
los and Kompatsiaris have contributed through multidisciplinary Al and IoT applications
to support ageing and cognitive health monitoring [73].

Interestingly, this group differs significantly from the most cited figures in tradi-
tional AD biomarker research. Influential names such as John C. Morris, Dinggang Shen,
Kaj Blennow, and Henrik Zetterberg, while central in the development of fluid, imag-
ing, and neuropathological biomarkers, are not among the top contributors to the digital
biomarker space. This suggests that digital biomarker research is not merely an extension
of classical biomarker science but represents a parallel, interdisciplinary trajectory, often
led by experts in data science, ageing technology, and behavioural monitoring. The author-
level analysis illustrates digital biomarker research’s interdisciplinary and collaborative
structure. While grounded in clinical need, the field’s momentum comes from integrating
technology, behavioural science, and ML to build scalable, ecologically valid assessment
tools. The top contributors are productive researchers and active in multi-site collabora-
tions, helping transition digital biomarkers from conceptual tools to real-world, clinically
actionable innovations.

In terms of institutions, the research is globally distributed, yet our bibliometric analy-
sis reveals several prominent institutional hubs that drive the field. While contributions
come from many regions, the top institutions are predominantly based in North America,
with important representation from Europe and Asia. Our analysis indicates that lead-
ing centres include Northwestern University and Harvard Medical School, which have
emerged as major contributors to digital biomarker research, as shown in Figure 7.
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Figure 7. Top institutions in digital biomarker research. The horizontal bars represent the number of
publications by each institution.
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The University of Pennsylvania also appears among the top institutions, underscoring
its longstanding impact in Al and dementia biomarker studies. Notably, Asian institutions
are also well represented; for example, Osaka University ranks highly, reflecting Japan’s
strong research output in innovative digital approaches. Additionally, key U.S. centers
such as the University of California (with notable contributions from its San Francisco
campus) and Oregon Health & Science University further emphasize the dominance of
North American research in this area. In Europe, Imperial College London and the Univer-
sity of Toronto (representing a broader international influence) demonstrate that leading
institutions outside the U.S. are also contributing significantly.

Our country-level collaboration network analysis reveals a highly interconnected yet
somewhat fragmented landscape in digital biomarker research for AD. As illustrated in
Figure 8, the United States emerges as the central hub, showing extensive collaboration
links with several key countries, including the United Kingdom, Germany, and China.
European nations, such as Italy, Spain, the Netherlands, France, Sweden, Switzerland,
Greece, Belgium, Portugal, and Norway, also contribute significantly, while countries like
Canada and Australia further underscore the strong North American and Oceania presence
in the field. In Asia, emerging contributors such as China, Japan, Korea, and India highlight
the region’s growing investment in Al and dementia research.
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Figure 8. Country collaboration network in digital biomarker research for AD. Nodes represent
countries, and edges indicate co-authorship links.

The results also suggest that while the overall output is high, the collaborative net-
works among institutions, such as those seen in consortia like the AD Neuroimaging
Initiative (ADNI) [74] are still evolving. This suggests considerable potential for further
strengthening stable, interdisciplinary, and international partnerships. Enhancing such
collaborations is essential not only for the consolidation of research methods but also for
validating digital biomarkers across diverse populations and accelerating their translation
into clinical practice.

3.5. Leading Journals and Conferences

Digital biomarker research in AD is published across a wide range of scholarly venues,
highlighting its inherently interdisciplinary nature. Our bibliometric analysis of the most
relevant sources reveals a striking diversity in publication outlets that together bridge
engineering, digital health, and clinical research. The results are shown in Figure 9.
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The data indicate that the top source of publication volume is Sensors, reflecting the
field’s strong emphasis on sensor technology and wearable devices. Closely following,
Frontiers in Aging Neuroscience underscores the clinical focus on aging and neurological
changes. At the same time, the Journal of Medical Internet Research and the Journal
of AD serve as leading forums for reporting innovative digital approaches alongside
traditional biomarker studies. JMIR Aging and Lecture Notes in Computer Science continue
this interdisciplinary trend by integrating digital health innovations with computational
methods. Moreover, JMIR mHealth, uHealth, and PLOS ONE provide platforms for applied
and methodological research, while JMIR Formative Research emphasizes emerging pilot
studies and digital proof-of-concept initiatives. Finally, BMJ Open rounds out the top
10, illustrating that general medical and open-access venues are increasingly receptive to
findings that cut across conventional disciplinary boundaries.

This broad distribution of publication venues mirrors the complex and multifaceted
nature of digital biomarkers and points to the necessity for researchers to engage with
audiences in both clinical and technological communities. The diverse range of journals,
from technical and engineering outlets to high-impact clinical journals, demonstrates
that digital biomarker research is being recognized, developed, and disseminated at the
intersection of neurosciences, computer science, and geriatrics.
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Figure 9. Leading journals in digital biomarker research for AD. The figure ranks sources by publica-
tion volume.

Taken together, these bibliometric findings reveal several important gaps and unmet
needs in the digital biomarker literature. Despite the rapid growth in publication vol-
ume and the diversity of sensing modalities, the thematic structure remains dominated
by exploratory, modality-specific studies, with comparatively limited emphasis on large-
scale longitudinal validation, clinical translation, or regulatory readiness. Keyword and
co-occurrence analyses highlight strong methodological focus on sensing technologies
and ML, but relatively sparse representation of terms related to standardization, clini-
cal decision-making, or biomarker qualification frameworks. In addition, author- and
institution-level analyses indicate that digital biomarker research is concentrated within a
limited set of geographic regions and research hubs, suggesting potential challenges for
generalizability and equitable deployment across diverse populations. These trends sug-
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gest that, while technical innovation in digital biomarkers is advancing rapidly, systematic
validation, multimodal integration, and clinically grounded outcome definitions remain
key unmet priorities.

4. Discussion

Digital biomarkers for AD are emerging as innovative tools that contrast with tra-
ditional biomarkers in several ways. Traditional AD biomarkers, such as CSF assays of
amyloid-f or tau, neuroimaging (PET/MRI), and standardized cognitive tests, are well
established and often highly specific to neuropathology such as gait speed, keystroke
patterns, speech characteristics, and costly, as they typically provide only snapshot as-
sessments during clinic visits. For example, obtaining CSF biomarkers requires lumbar
puncture, and PET imaging requires radioactive tracers and specialized facilities, limit-
ing their frequent use [75]. Traditional biomarkers also tend to focus on a narrow set of
molecular or structural indicators; relying on one or a few such measures can lead to false
negatives/positives and may not conclusively diagnose AD on their own. In contrast,
digital biomarkers are objective data measured via digital devices such as smartphones,
wearables, and passive sensors that capture behavioral and physiological changes in real
environments [76]. These can include metrics such as gait speed, keystroke patterns, speech
characteristics, and daily activity rhythms, which reflect subtle cognitive and functional
changes relevant to early AD [77]. A major strength of digital biomarkers is their ability to
enable continuous, real-time monitoring in a non-invasive manner. Portable and wearable
devices can remotely collect data frequently, providing a longitudinal view of the patient’s
cognitive health. Such continuous, multidimensional data can reveal dynamic changes
over time that traditional episodic assessments might miss [78]. Moreover, digital measures
are often more accessible and convenient. Data can be gathered at home without hospital
visits, potentially increasing the reach of early detection programs.

However, digital biomarkers also have limitations relative to traditional methods.
Many digital measures are indirect proxies of cognitive decline (e.g., changes in typing
speed or social media use) rather than direct neuroimaging, making their clinical interpre-
tation and specificity challenging [79]. They are newer and lack the extensive validation
history of fluid or imaging biomarkers. Early studies on digital biomarkers often have small
samples and heterogeneous methods, making it difficult to comprehensively assess their
feasibility and biological relevance [76]. In contrast, traditional biomarkers benefit from
decades of research establishing their pathological significance. For instance, amyloid PET
directly visualizes a core AD pathology. Despite these differences, digital and traditional
biomarkers are increasingly seen as complementary. Digital biomarkers can supplement
and enhance conclusions from traditional biomarker assessments by capturing additional
dimensions of disease expression in daily life [80]. For example, while a PET scan might
confirm amyloid deposition, a digital gait sensor could detect subtle motor slowing or
balance changes that occur years before clinical dementia, adding context to the patient’s
condition. The two approaches can provide a more holistic picture: traditional biomark-
ers anchor the diagnosis in biology, and digital biomarkers add continuous functional
monitoring. Indeed, combining multimodal digital measures with classical biomarkers
and neuropsychological tests has been suggested to improve early detection accuracy [81].
Digital biomarkers offer strengths in accessibility, frequency, and real-world sensitivity,
whereas traditional biomarkers offer specificity and validated clinical significance. When
integrated, digital and traditional biomarkers hold the potential to establish a more robust
framework for the early detection of AD.

Across the reviewed literature, several digital biomarker modalities emerge as particu-
larly promising, based on the consistency of findings, cohort sizes, and reported validation
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strategies. Among motor-based measures, gait speed and gait variability, captured via
wearable or ambient sensors, are supported by longitudinal population studies and have
demonstrated predictive value for incident cognitive impairment and dementia. Speech
and language-based biomarkers, including lexical-semantic features, fluency measures,
and acoustic markers, demonstrate robust discriminative performance across multiple
independent studies and align with known neurodegenerative processes, although method-
ological heterogeneity remains. Smartphone-based cognitive assessments, particularly
those targeting episodic memory and spatial navigation, have demonstrated sensitivity to
preclinical and prodromal changes, with growing evidence from longitudinal validation
cohorts. Finally, passive monitoring of daily activity patterns in smart-home environments
has shown potential for early detection by capturing subtle functional decline over ex-
tended periods. While no single digital biomarker can currently be considered definitive,
these domains represent the most mature and reproducible directions within the digital
biomarker landscape for AD.

It is important to emphasize that the apparent promise of these modalities reflects
sensitivity to functional and behavioral change rather than specificity for AD pathology.
Alterations in gait, speech, navigation, or daily activity patterns may arise from normal
aging, comorbid medical conditions, psychiatric factors, or other neurodegenerative disor-
ders. Consequently, these digital biomarkers should be interpreted as indicators of elevated
risk or deviation from individual baseline functioning, and their principal clinical value
currently lies in population-level screening, risk stratification, and clinical trial enrichment,
rather than standalone diagnostic confirmation of AD.

4.1. Challenges and Limitations

Despite their promise, significant challenges and limitations hinder the clinical adop-
tion of digital biomarkers for early AD detection. One primary concern is validation and
reliability. Many digital biomarker findings are in early-stage research, and results can be
inconsistent across studies [82]. The reproducibility and replicability of digital biomarker
analyses have often been poor [80], with few studies able to replicate each other’s results
rigorously. Initial models or algorithms may perform well in a limited sample but falter
when tested in broader populations or different settings. Many digital tools are validated
only against patients with established diagnoses or against traditional biomarkers, which
may overestimate their accuracy in real-world, pre-symptomatic populations. From a
translational perspective, stronger validation would require demonstrating longitudinal
predictive value (e.g., conversion from cognitively normal status to MCI or from MCI to
AD dementia), consistent associations with established biological reference standards such
as amyloid or tau PET imaging, CSF or plasma biomarkers, and evidence of utility for
cohort enrichment or outcome stratification in clinical trials.

Another challenge lies in clinical applicability and workflow integration. Healthcare
providers need confidence that a digital biomarker device or app will provide consistent,
actionable information. However, technical reliability issues (sensor errors, data dropouts)
and lack of standard protocols can undermine clinician trust. Additionally, the sheer
volume of continuous data from wearables or phones can be overwhelming, making sense
of this data in a busy clinic is non-trivial, and there may be no clear thresholds for action
(unlike a defined CSF amyloid cutoff). This ties into the issue of standardization; currently,
there is no consensus on which digital biomarkers (e.g., step counts, voice recordings, sleep
patterns) are most indicative of cognitive decline, nor how to measure and analyze them
uniformly. Without standard data formats and analytic frameworks, comparing results
across studies or deploying them at scale is challenging [83]. The field is still coalescing

2

around definitions, as illustrated by the lack of consensus on the term “digital biomarker
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itself. This ambiguity complicates validation and regulatory approval (as discussed in
Section 4.4), hindering widespread clinical acceptance.

Accessibility is intertwined with these adherence issues. There is a risk of a “digital
divide” in which only certain populations benefit from digital biomarker advances. Indi-
viduals from lower socioeconomic backgrounds or rural areas may have limited access
to smartphones, reliable internet, or wearables. Similarly, older adults with sensory im-
pairments (poor vision/hearing) or cognitive difficulties might find it hard to use these
tools without assistance. These factors can introduce bias in data collection; for instance,
those who drop out or never start digital monitoring might systematically differ (in health
literacy, education, etc.) from those who participate, potentially skewing study findings
and real-world applicability. Ensuring devices and apps are inclusive and easy-to-use for
diverse populations (with different languages, cultures, and tech familiarity) remains a crit-
ical challenge. In summary, issues of validation, reliability, usability, and equity currently
limit the clinical utility of digital biomarkers. Addressing these will be essential before
digital biomarkers can reliably complement traditional diagnostics in routine practice.

4.2. Future Directions and Integration into Healthcare

In the future, several important developments are needed for the successful integration
of digital biomarkers into healthcare for early AD detection. First, efforts towards stan-
dardization are of the utmost importance. As a field of study becomes more mature, clear
standards for collection, processing, and interpreting digital biomarker data are required.
This includes coming up with a consensus on definitions of different digital biomarkers
(cognitive, motor, sensory, etc.), agreed-upon units or metrics for each (e.g., defining a
standard protocol for measuring gait speed via smartphone), and normative databases.
Standardization would allow for meaningful comparison between studies and on dif-
ferent study platforms that would improve reproducibility. It also feeds into regulatory
acceptance, as they are more likely to accept technologies developed against well-defined,
validated metrics. Studies specify that possibly new “digital gold standards” need to
be developed for this emerging group of biomarkers instead of trying to force fit digital
measures into traditional measuring validation frameworks [84]. Collaborative efforts,
possibly led by professional societies or other groups such as the Alzheimer’s Association,
will likely be developed to define these standards and best practices.

With the introduction of standardization, regulatory pathways will also become clearer
(see Section 4.4 below). Agencies are expected to formalize the process for obtaining ap-
proval for digital biomarker tools, either as medical devices, diagnostic assays, or qualified
trial endpoints. Future work should be aimed at demonstrating clinical validity and use in
broad studies that will aid in the submission to regulatory bodies [85]. Notably, experts are
calling for new regulatory approaches, which can address the dynamic and adaptive nature
of digital biomarker algorithms (which may become more effective over time through
ML). We may see the creation of validation sandboxes or phased approval processes where
algorithms may be updated with ongoing oversight, ensuring that innovation doesn’t
outpace safety and efficacy checks.

Another future direction could be the deeper integration of digital biomarkers into clin-
ical workflows and electronic health records (EHRs). For digital biomarkers to move from
research to actual use, they need to become a natural part of a clinician’s workflow [86].
This implies establishing interoperability in digital health platforms and their existing
healthcare IT systems. For instance, information gathered from a patient’s wearable device
or cognitive test running on a patient’s own phone could automatically be incorporated as
an integrated part of the patient’s EHR and summarized in an easy-to-interpret dashboard
available to clinicians. Achieving this requires standardised data formats and exchange
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protocols and software interfaces that display digital biomarker results in clinically mean-
ingful ways [87]. Ongoing efforts between healthcare providers, technology developers,
and informatics experts are concentrating on such integration issues. There is also the
question of who is monitoring and acting on the data. In future, clinical roles may change
as Al system in a clinic could pre-screen the data and alert the neurologist if concerning
patterns emerge. Ultimately, integration into the clinical workflow will allow continuous
monitoring of people at risk. Instead of periodic cognitive testing in the clinic, a physician
may have monthly reports of a patient’s cognitive and functional trends based on passive
digital monitoring.

The future is also likely to see the emergence of multimodal biomarker fusion. The tra-
ditional and digital could be use in combination for early detection of AD [88]. Rather than
the digital and traditional measures being considered in isolation, researchers are exploring
models that use a combination of data from different sources (e.g., smartphone cognitive
tests, gait sensors, speech analysis) and blood-based biomarkers or genetic risk factors for
better predictions [89]. Al and ML are playing an important role in this fusion as they
have the ability to analyze complex, high-dimensional data to detect subtle patterns that
are indicative of prodromal AD. For instance, an Al-driven model might integrate voice
recording features, sleep patterns, and heart rate variability to predict cognitive decline,
flagging potential issues that could then prompt confirmation with a blood test or PET scan.
Early studies suggest that such integrated approaches can significantly boost diagnostic
accuracy and reliability compared to any single modality alone [90,91]. In practice, this
may mean that the diagnostic workup of AD risk in the future may include some form of
digital assessment (feeding an Al risk algorithm) as well as traditional tests, providing a
risk score or profile with more confidence.

To reach this future state, interdisciplinary collaboration will be essential. Clinicians,
data scientists, engineers, and regulatory experts will be needed to work together to design
tools that work for clinicians, are appropriately validated, and have refined algorithms
based on clinical needs. Ongoing large-scale studies and pilot programs will yield useful
data on the feasibility of implementing digital monitoring on a population scale (e.g., smart
home sensors in senior living communities to detect changes in daily functioning). With the
growing body of evidence and the development of new technology, digital biomarkers
will move from the research level into mainstream use. In the coming years, the digital
biomarker platforms can be offered as part of routine preventive health checks for older
people, such as colonoscopies or mammograms, which is a shift from reactive to proactive
care. By identifying cognitive changes early, patients could start a course of interventions
(lifestyle changes, cognitive training or emerging therapies) sooner which could slow down
the progression of the disease. The use of digital biomarkers in healthcare is a promising
approach for more personalized, continuous and preventive management of AD, provided
the necessary standardization, validation and workflow adoption is achieved to support
such tools.

4.3. Ethical Considerations

The emergence of digital biomarkers for AD raises important ethical questions that
need to be addressed alongside technical development. Data privacy and security are
also one of the primary concerns [18,92]. Digital biomarker platforms, in particular, often
collect vast quantities of personal data, such as the traces of the GPS location, logs of
daily activity and even voice recordings. Safeguarding this sensitive information is crucial,
as any breaches could contain intimate information on a person’s life and health status.
Unfortunately there have been high-profile incidents that have made the risks apparent.
For instance, in a 2012 data breach involving a health ministry’s data, patient information
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was compromised. It resulted in a suspension of the sharing of medical data, which
highlights the impact that a failure in data security can have on a piece of research and on
public trust [93]. Ensuring strong encryption, safe data storage, and adherence to privacy
laws (such as HIPAA in the U.S., or GDPR in Europe) is required. Patients need to be
confident that their digital health data will be safe from unauthorized access or misuse.

Additionally, there needs to be clear policies on data ownership and sharing. There is
an ongoing debate on who “owns” the data from digital devices: the patient, the company
providing the app or the researchers [94]. Clarity on this point is important both for the
purposes of informed consent and for avoiding the exploitation of data for commercial gain
without the patient’s consent. Many ethicists suggest that participants should still own
their digital information and consent for it to be used for certain purposes, and hopefully
benefit from any insights the data can provide. Transparency with data use (for example,
if data is likely to be sold or used to train proprietary Al algorithms) is an ethical imperative
in maintaining trust.

Informed consent in the context of digital, continuous monitoring presents novel
challenges. Traditional one-time consent forms may not be adequate when data are to be
collected 24/7, and algorithms may be updated over time [95]. There is the risk of the
“routinization of consent” in which the user clicks through long digital consent agreements
without fully understanding the content. Moreover, in Alzheimer’s research we must
take into account when participants might be cognitively normal at the beginning of the
monitoring but would develop impairment with time. It is difficult to obtain truly informed
ongoing consent of persons that may become cognitively impaired. Researchers are testing
dynamic consent models, which might include periodic re-consent prompts or involving the
involvement of caregivers or proxies if a person’s decision-making capacity diminishes [96].
The consent process must be accessible as well, in understandable language and where
relevant media, since many of the digital consent forms currently exist are much more
complicated than necessary and not user-friendly [97]. Ethically, participants need to know
what, how, and why data is being collected and the risks of participation, as well as their
rights to withdraw at any point [63]. Special protection standards is required for vulnerable
populations, such as people with MCI to ensure they are not unwittingly forced or confused
when enrolling in digital biomarker research.

Another ethical aspect is the issue of algorithmic bias and fairness. If the algorithms
analyzing digital biomarker data are trained on unrepresentative datasets, they may not
perform well for certain groups; e.g., underdetecting risk in women, minorities or individu-
als with atypical lifestyle patterns [98]. In order to ensure that the results are generalizable,
data needs to be collected from a diverse population. For example, speech-based biomark-
ers should be validated in different languages and accents [99]. Similarly, gait or mobility
metrics should take into account cultural differences in activity levels and physical move-
ment [100]. Without such diligence, there is potential that digital diagnostics work well
for some populations and misclassify or overlook others, leading to inequitable access
to early detection [18]. Similarly, the issue of access to technology itself is an ethical con-
cern. As mentioned earlier, not everybody can afford or use wearables and smartphones.
If digital monitoring becomes part of standard care then there would be provisions to
include those who do not have personal devices or internet connection [101]. Ensuring
equity means possibly providing devices or data plans to patients who need them, or de-
signing low-cost, low-tech options for monitoring. Otherwise, we could see a scenario
where affluent, tech-savvy patients benefit from early AD detection and intervention, while
underserved communities fall further behind [102]. Regulators and policymakers must
consider programs to bridge this digital divide as part of ethical deployment.
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Beyond data privacy, consent and algorithm bias, non-AD confounders raise impor-
tant ethical and interpretive concerns. Digital biomarkers may reflect physical disability,
sensory loss, language background, or socioeconomic constraints rather than neurode-
generative pathology. In population-level screening or clinical triage, such confounding
can lead to misclassification, over-referral, or missed detection in specific groups. Ethical
deployment, therefore, requires transparency about what digital biomarkers do and do
not measure, careful adjustment for modality-specific confounders, and validation across
diverse populations to minimize unintended harm or inequity. Finally, the psychosocial
effects of using digital biomarkers should be considered. Continuous monitoring could
potentially violate one’s privacy or autonomy. Individuals may become anxious or self-
conscious when they realize their behaviour is being monitored for indicators of cognitive
decline [6]. There is also the question of how and when to communicate results; for instance,
if an algorithm recommends a high risk of developing AD, communicating such informa-
tion carries ethical implications similar to those of genetic risk disclosure. Patients should
be counseled on what digital biomarker findings mean to them in order to ensure that they
don’t misunderstand or become distressed [103]. Ongoing ethical oversight, perhaps by
institutional review boards or ethics committees, is recommended as digital biomarker
programs expand. By proactively addressing data privacy, consent, bias, and equity issues,
researchers and clinicians can ensure that the transition to digital biomarkers is driven by
respect for patient rights and social responsibility.

4.4. Regulatory Frameworks

The regulatory landscape of digital biomarkers in healthcare is also evolving,
with varying regions of the world developing policies at different rates [104]. In the
United States, the Food and Drug Administration (FDA) is working on the classification
and approval process for digital health technologies, including those that are aimed at the
detection or diagnosis of Alzheimer’s. Traditional biomarkers (such as CSF or PET tracers)
usually follow known regulatory routes as diagnostic tests or drug development tools.
Still, digital biomarkers are often in the form of software and wearables, which belong to
the category of software as a medical device (SaMD). The FDA has programs dedicated
to streamlining digital health oversight, including the Digital Health Program, and it has
a Biomedical Classification Program to endorse biomarkers (including digital-derived
endpoints) to be used in drug trials. However, there is not yet a specific, separate approval
category for “digital biomarkers” as diagnostics; instead, developers have to use existing
pathways. One path is ensuring clearance or approval as a medical device (for example,
an app claiming to be able to predict the risk of AD would probably qualify as a Class II
medical device, for which the FDA should be consulted). Another pathway is qualification
as a digital endpoint in clinical trials, which can be formally recognized by the FDA as
a qualification for drug approval studies. FDA officials have also suggested that digital
biomarkers may be more appropriately considered as clinical outcome assessments (COAs)
when utilized in trials [105]. A major challenge is the fact that regulatory standards are
behind the innovation in this area. Guidelines are constantly being revised to identify what
digital health tools should or should not be regulated, but distinctions are still evolving,
and sometimes case-specific [83].

Despite these challenges, progress is being made. Notably, the FDA has demonstrated
a willingness to expedite groundbreaking digital diagnostic tools through programs such as
the Breakthrough Devices designation. In 2021, an Al-based cognitive assessment platform
based on tablet-based AR and digital biomarkers (developed by Altoida) was given the
Breakthrough Device status by the FDA as an adjunct tool for the prediction of conversion
from MCI to Alzheimer’s within a year [106]. This is an indication of regulatory recognition
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on the potential value of digital biomarkers and a case study of how such tools could find
their way to the market. However, it also points out the hurdle of regulation: At the time of
that designation, the product was for investigational use only and still required full FDA
review for final marketing authorization. The path to approval includes proving that the
device is safe and effective, which in the case of digital tools includes proving the accuracy
of the algorithm, the reliability of the data it collects, and the clinical benefit of using the
tool. Gathering this evidence tends to require extensive, pivotal trials or studies, not unlike
the kind that are done for drug trials, which can take a lot of time and money. Therefore,
one regulatory bottleneck is the evidence threshold: digital biomarker tools have to pass
a high bar for validation in order to be accepted, and the community is still determining
what types of studies and endpoints are acceptable to regulators.

In Europe, the regulatory environment is slightly different in that the approval of drugs
is regulated by the European Medicines Agency (EMA), but not medical devices specifically.
Digital biomarkers that are intended to aid in drug development (e.g., as an endpoint
in a clinical trial for Alzheimer’s therapy) can undergo the EMA’s novel methodology
qualification process. The EMA issued a Q&A guidance in 2020 to clarify the qualification of
methodologies based on digital technology to be used to support the approval of medicinal
products [107]. This is a pathway for an official acceptance of a digital measure as evidence
in the context of drug trials. On the other hand, if a digital biomarker tool is to be used as
a stand-alone diagnostic or monitoring device in clinical practice, it is under the purview
of European medical device regulations. Europe’s new Medical Device Regulation (MDR
2017/745), which came into full effect in 2021, placed software under a more stringent
regulatory framework and placed greater clinical evidence and oversight requirements
on software. Under the MDR, many digital health products are categorised by risk and
those products that provide diagnoses or impact on treatment (which digital AD tools
likely would) have to be certified (CE-marked) by notified bodies [108]. One complexity
in Europe is that in the past, devices were regulated by the authorities of the individual
countries (thus possible variability), but the MDR aims to harmonize this across EU member
states. The EMA itself now has a more defined role in advising on particular high-risk
devices and co-supervising trials of devices. Additionally, data privacy laws, such as the
GDPR, have a direct impact on the implementation of digital biomarkers as they impose
strict rules regarding data consent and security. Currently, there are a limited number of
approved digital diagnostic tools for neurological conditions in Europe, similar to the US.
Nevertheless, regulatory bodies in the EU are working hard on frameworks. For example,
the qualification opinions of the EMA and the use of digital measures in projects such as the
EU’s Innovative Medicines Initiative project are helping to clear the path for the acceptance
of digital endpoints.

Other regions are also developing their own approaches. In Asia, countries like Japan
and China are coming up with regulatory policies on digital health, in many cases in
line with international standards. Japan’s Pharmaceuticals and Medical Devices Agency
(PMDA) has begun to approve digital therapeutics [109]. It may take a position on biomark-
ers as evidence in trials while China’s NMPA is revising guidelines on Al-based medical
devices. Global organizations, such as the World Health Organization (WHO), are indirectly
involved, but they are involved in the setting of broad digital health strategies and ethical
guidelines. The WHO has urged member states to use digital health tools to improve care,
but also to focus on governance, data security, and equity when introducing digital health
tools [110]. Although the WHO doesn’t regulate devices, it can influence policy by way of
its recommendations and by facilitating the sharing of best practices between countries.

To sum up, the regulatory frameworks of digital biomarkers for AD are still evolving
and somewhat fragmented. The FDA and EMA are engaged in these activities in the field:
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the FDA through the adaptation of device and biomarker qualification pathways, and the
EMA through guidance on digital measures in drug development, in line with the new
device regulations. Both of these agencies realize the potential but need strong evidence to
ensure patient safety and data integrity. One of the current challenges is that rules need
to balance between innovation and oversight; too stringent rules could potentially inhibit
useful tools, while too lenient rules could cause unreliable technologies to get into the
hands of patients. Collaboration between developers and regulators is on the rise to get
through these hurdles. Regulatory science efforts are being made to establish the criteria for
assessing algorithms, updates to Al models after approval, and to standardize benchmarks
for performance. More explicit guidelines are expected to emerge over the next few years,
possibly including specific pathways for digital biomarker-based diagnostics. Until then,
developers often have to take a dual approach with their digital biomarker, validating it
as a clinical tool (for approval of the device) and as a qualified endpoint (for drug trials),
depending on the intended use. The role of regulating bodies is extremely important in
shaping the field. By determining the rules of the road, agencies such as the FDA, EMA,
and others will have an impact on how fast and safe digital biomarkers are introduced as a
part of routine Alzheimer’s care. Early dialogue and pilot programs could help bring these
technologies to the patient much sooner and help ensure that they’re up to the necessary
standards for medical use.

5. Conclusions

Digital biomarkers represent a promising frontier in early AD detection, complement-
ing and extending the capabilities of traditional biomarkers. Through wearable devices,
smartphone applications, speech analysis, and other sensor-based technologies, it is now
possible to continuously and unobtrusively measure subtle changes in cognition and be-
havior that were previously difficult to capture. These digital signals, such as changes
in walking patterns, speech clarity, or navigation performance, may reflect early signs of
neurodegenerative changes. The application of Al to this high-frequency data enables
the detection of complex temporal patterns, which may help identify individuals at risk
before clear clinical symptoms emerge. A key finding of this review is the consistent
identification of certain digital biomarkers that appear promising across a range of study
designs and methods. These include measures related to mobility, speech and language,
smartphone-based memory and navigation tasks, and passive observation of daily routines.
Although no single method is currently accurate enough for a definitive diagnosis, the re-
peated appearance of these markers in independent studies suggests that they represent
the most mature and reliable directions in current AD research. Digital biomarkers are not
intended to replace established pathological biomarkers such as CSF assays or PET imaging,
but they can be used to augment and contextualize them. Digital screening tools may help
identify individuals who warrant further confirmatory testing, thereby enabling a more
efficient, tiered diagnostic strategy. In addition, digital biomarkers offer unique value for
monitoring disease progression and treatment response in real-world settings, providing
continuous outcome measures that are difficult to obtain through periodic clinic-based
assessments alone. Beyond summarizing individual modalities, the bibliometric analysis
presented in this paper provides a quantitative map of how digital biomarker research in
AD has evolved over the past decade. The observed growth patterns, thematic clustering,
and convergence around wearable technologies, mobile cognitive testing, speech analysis,
and Al-driven methods highlight a field transitioning from exploratory innovation to
methodological consolidation and validation. Future research should focus on large-scale,
long-term studies that link digital biomarkers to biological markers and long-term clinical
outcomes. There is also a need for standardization, including shared protocols, task de-
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signs, and data formats, to improve comparisons between studies. Combining digital and
traditional biomarkers may offer the best chance to improve early detection and clinical
decision-making. At the same time, ethical, regulatory, and equity issues must be addressed
to ensure responsible and fair use of these technologies.
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