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Precision mental health aims to improve care by tailoring interventions based on individual
neurobiological features. Functional near-infrared spectroscopy (fNIRS) is a cost-effective and
portable alternative to traditional neuroimaging, making it a promising tool for this purpose. This study
evaluates a self-administered, wearable fNIRS platform designed for precision mental health
applications, focusing on its reliability and specificity in capturing individualized functional
connectivity patterns. The platform incorporates a wireless, portable multichannel fNIRS device,
augmented reality guidance for reproducible device placement, and a cloud-based system for remote
data access. In this proof-of-concept study, eight adults completed ten dense-sampled sessions
involving cognitive tasks and resting-state measurements. Results demonstrated high test-retest
reliability and within-participant consistency in functional connectivity and activation patterns. These
findings support the platform’s feasibility for individualized functional mapping. Future research with
larger and more diverse cohorts, including clinical populations, is necessary to explore its potential for

disorder-specific applications.

Mental illnesses affect approximately one in three individuals during their
lifetime'. However, more than half of those affected may not receive ade-
quate care due to challenges in diagnosis or accessing appropriate
treatment’. Despite advancements in mental health care, current clinical
practices in psychiatry heavily depend on structured interviews and patient
self-reports for diagnosis and treatment monitoring’. These methods, lar-
gely based on the Diagnostic and Statistical Manual of Mental Disorders
(DSM-5), offer symptom-based categorizations but lack objective, biologi-
cally informed diagnostic criteria™’. Additionally, the significant hetero-
geneity of psychiatric conditions, coupled with the complexity of their
subtypes®, underscores the limitations of traditional approaches that apply
uniform treatment paradigms. Addressing these challenges requires novel
strategies that prioritize personalized, biologically grounded methods of
assessment and intervention.

To address this challenge, there has been a notable increase in the
pursuit of personalized healthcare in recent years, particularly evident in the
field of mental health™™. This shift reflects a growing tendency to move
beyond conventional care delivery paradigms and standards of one-size-
fits-all towards the adoption of tailored diagnoses and treatments. Amidst

this evolving landscape, the concept of “precision mental health” has sur-
faced as a central focus within the broader scope of personalized medicine®.
It aims to facilitate a more nuanced and analytical diagnosis and customize
interventions more accurately based on patient-specific phenotypes, thereby
enhancing the efficacy of mental healthcare’. Moreover, it underscores the
necessity of moving away from relying solely on traditional self-reported
data and understanding the biological basis of mental disorders to provide
an empirical basis for clinical psychiatric decisions. This emerging model of
precision psychiatry aims to address challenges in enhancing disease clas-
sification and improving diagnostic precision. However, translating this
promise into improved clinical outcomes requires further empirical
validation.

Functional magnetic resonance imaging (fMRI) has revolutionized our
understanding of human brain function over the past three decades'’, yet its
integration into mental health clinics remains limited. While fMRI offers
crucial insights into brain activity, its reliance on group-average activation
maps can obscure individual-specific patterns, which are critical for
understanding the heterogeneous nature of mental illnesses' ™. To accu-
rately measure individual differences in brain activity, it is imperative to
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ensure the reliability and specificity of the measuring system by identifying
the factors that affect reliability and evaluating how they influence mea-
surement variability. Moreover, traditional fMRI studies often rely on short
measurement durations, which may not capture the full variability of brain
activity and can lead to less reliable results'.

Previous research highlights the importance of individualized
approaches, revealing unique patterns of brain activity and variability in
functional organization across individuals''™*’. Moreover, as Gordon et al. **
demonstrated, the precision functional mapping of individual human
brains requires dense-sampled fMRI data to reliably identify individual-
specific brain activity. However, the cost and practical limitations of fMRI
restrict the collection of dense-sampled data (i.e., collecting a large amount
of data over multiple sessions, providing a more comprehensive and reliable
view of brain data) necessary for reliable diagnosis and classification in
psychiatric patients'*'>"”. To address these challenges, functional near-
infrared spectroscopy (fNIRS) has emerged as a promising optical func-
tional brain imaging alternative'* . With its affordability, portability, and
tolerance to motion artifacts, fNIRS offers a viable solution for studying
brain function in naturalistic settings’"*”. Concurrent {NIRS-fMRI studies
have demonstrated strong agreement between the two methods, affirming
the reliability and utility of fNIRS in psychiatric research™.

By providing localized brain data detection and greater tolerance to
noise and movement compared to other portable brain imaging techniques
such as electroencephalography (EEG), fNIRS presents significant advan-
tages for studying psychiatric populations’™*"*, Its compatibility with
clinical bedside studies further enhances its appeal, offering a valuable tool
for investigating neurological conditions and psychiatric disorders™. With
its ability to capture task-driven activations and reproduce patterns of brain
activity observed in fMRI, fNIRS holds promise for advancing our under-
standing of mental illnesses and improving clinical care.

Despite the advancements and potential of fNIRS, there are significant
technical and administrative gaps in current systems that hinder their
widespread adoption in psychiatric research and patient care. Existing
fNIRS systems are often cumbersome, wired, and designed for adminis-
tration by a technician in the lab settings, posing challenges for at-home or
remote monitoring. To address these gaps and in pursuit of integrating
functional neuroimaging into psychiatric clinics, we have developed a
multichannel fNIRS imaging system which is the extension of our single-
channel device”. Designed for easy and comfortable use at home, this
system facilitates the collection of dense-sampled prefrontal cortex (PFC)
data. This system is integrated in a platform that features (a) an intuitive
tablet application that utilizes augmented reality (AR) enabled by the tablet
camera to guide users through proper and reproducible device placement,
(b) a set of app-integrated cognitive tests specifically designed and curated
for the tablet, and (c) wireless synchronized recordings of both cortical brain
activity and behavioral responses. All data are securely stored in a HIPAA-
compliant cloud solution, allowing clinicians to remotely monitor patients’
brain responses and cognitive outcomes through a user-friendly web portal.

Therefore, our proposed wearable fNIRS platform provides a cost-
effective, wireless, and portable functional brain imaging solution, enabling
unsupervised, dense-sampling of brain activity in naturalistic settings (e.g.,
at home, school or office). This allows for remote monitoring and more
accurate representation of brain function during daily activities, which is
crucial for precision mental health. Moreover, the augmented reality-guided
(AR guided) placement procedure enables remote unsupervised data col-
lection in a consistent and reproducible manner. Although the platform
includes AR functionality for guiding proper and reproducible device pla-
cement, this feature was developed post hoc and was not utilized during the
current study. Manual placement following the standard 10-20 system was
employed for this dataset. Finally, the cloud-based data management and
tablet-based standardized cognitive tests synced with brain activity mea-
surements enhance usability and scalability, paving the way for integration
into routine clinical practice and large-scale studies.

The validation of the proposed system holds significant potential for
clinical impact in psychiatry, marking a departure from the current

paradigm of small-scale neuroimaging studies conducted solely in labora-
tory settings. This advancement paves the way for large-scale, population-
based cohort studies conducted in real-world settings, enabling the identi-
fication of both common patterns across individuals and those consistently
present in specific individuals. This approach would facilitate capturing the
heterogeneity of each illness, potentially revealing previously unknown
subtypes and generating new hypotheses regarding their etiology. By
enabling the collection of extensive brain data, the system facilitates the
identification of reliable and reproducible patterns in individuals, thereby
accelerating the development of effective biomarkers that are ecologically
valid and suitable for clinical applications. These biomarkers can either
supplement or replace standard, descriptive measurements, facilitating
diagnosis and early detection of mental illnesses. Additionally, such char-
acterization is essential for informing the development of effective treat-
ments to slow or stop mental illness and preserve brain function, as different
subgroups may respond differently to a given drug. Ultimately, the ability to
capture brain patterns in an ecologically valid condition (e.g., at home) will
enhance the monitoring of treatment response.

Longitudinal sessions involving the same individuals can help stan-
dardize certain sources of variation, thus offering more appropriate data for
assessing the reliability of the measuring system>"'. Therefore, reliability
and specificity stand as crucial concerns in functional activation measure-
ments, as the ability to discern individual differences may be compromised if
the method’s reliability and specificity are uncertain. Multiple reliability
studies in adults have been conducted in fMRI and reported a wide range of
reliability values, influenced by factors such as the duration of measurement,
sample size, the frequency of task runs, and the specific tasks employed to
assess reliability. The average reported reliability for task/rest fMRI at the
individual level is generally low, with intraclass correlation coefficients
(ICCs)™ often falling in the low and median range (between 0.2 to 0.6)"*.
Similarly, other reliability studies on healthy adults have been conducted
using EEG” and fNIRS™™ to investigate reliability in imaging measure-
ments. However, these studies™**** have been often limited by small sample
sizes, short quantities, single task or lab-based settings.

Our study aims to address these limitations by using an approach with
multiple sessions in naturalistic settings (i.e., at-home and in-office) to
improve the reliability and specificity of individual brain activity measure-
ments during multiple cognitive tasks. Additionally, the neuroimaging
assessments in our study were self-administered, which further enhances
the ecological validity and scalability of our approach. To date, no fNIRS
study has performed such dense-sampling measurements (total seventy
minutes for each of four tasks). Our focus was on observing individualized
connectivity patterns and brain activation across repeated sessions, aiming
to assess both reproducibility and consistency of response. Our central
hypothesis is that dense-sampled fNIRS data can improve the reliability and
specificity of functional connectivity measures, laying the groundwork for
identifying individualized patterns of brain activity. The aim of this study is
to illustrate that repeated assessments of brain activity yield robust results
within individuals and that an individual’s brain data deviates from group-
level averages. Moreover, we compare the similarity of brain maps at both
group and individual levels, highlighting the importance of individualized
neuroimaging for precise and accurate mapping of brain activity.

Results

Our platform incorporates a wireless, portable INIRS headband designed for
convenient use in users’ homes alongside an intuitive tablet application for
cognitive testing and wirelessly recording cortical activity (Fig. 1). Eight
healthy young adults (5 females and 3 males, mean + SD age: 26.13 + 5.99)
completed ten measurement sessions across three weeks. Each session,
lasting approximately 45 min, included self-guided preparation and device
placement, task explanations, practice, and cognitive testing. In each session,
participants’ brain data was recorded while they were performing N-back®,
Flanker®’, and Go/No-go45 tests on the tablet as well as while they were
resting (Supplementary Figs. 1 and 2). Each test lasted seven minutes and
participants practiced each test with feedback before starting them.
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Fig. 1 | Our proposed fNIRS platform. The platform integrates (a) a 17-channel,
wearable, wireless, portable fNIRS system used in a home or office setting and a tablet
application that enables (b) proposed AR-guided placement of the device in a proper
and reproducible manner, ¢ wireless recording of brain activity while guiding the

Welcome to the device setup

process.

exagonal target will be presented.
Hold head still

; Move tracker into target!
Part 1 tutorial s

AR guidance placement and signal quality checking

HIPPA-compliant cloud-based solution for remote
monitoring

user throughout a set of carefully designed cognitive tasks; and d a HIPAA-com-
pliant, cloud solution for researchers to remotely manage users’ brain response and
cognitive outcomes. This setup highlights the modular design and the seamless
integration of technology to enable self-administration and remote monitoring.

We analyzed the reliability and specificity of functional brain con-
nectivity measured across the ten sessions at the individual level. We also
examined individual-level and group-level functional brain activity of our
dense-sampled oxygenated hemoglobin concentration (Oxy-Hb) and
deoxygenated hemoglobin concentration (deoxy-Hb) data collected using
our platform. In each of the eight participants, we collected 70 min (7 min
per session across 10 sessions) of resting state fNIRS data and 210 min
(21 min per session across 10 sessions) of task-based fNIRS data. The
behavioral accuracy was consistently high in all individuals (averaged
accuracy for N-back: 90% = 6; for Flanker:92% = 4; for Go/No-go: 88% = 8).

Reliability

Test-retest reliability analyses for resting state functional connectivity
(RSEC) and task-based functional connectivity (TBFC) measures were
conducted for each individual and assessed based on the correlation of
channel-to-channel connectivity matrices. Figure 2 illustrates that all
measures exhibited relatively low reliability (as low as 0.25) given quantity of

one-session data (7 min). However, the reliability of additive measures
increased sharply (up to 0.92) with inclusion of multiple data sessions
(49 min). In two individuals (participants 2 & 3), reliability across the ses-
sions in the Flanker task was relatively but not significantly lower due to
motion artifacts; these individuals also showed the same trend of increasing
reliability with more sessions.

Specificity

RSFC and TBFC matrix similarities were examined both within and across
participants across all concatenated sessions”. For all tasks, correlation
matrix similarities were greater within participants than across participants
(Fig. 3), indicating distinct individual RSFC and TBFC patterns. Besides,
group-level t-statistics were computed to investigate functional connectivity
across tasks (Fig. 4). Positive t-values (T > 0) indicate stronger connectivity
in specific channel pairs, while negative t-values (T < 0) represent weaker
connectivity. We observed significant positive functional connectivity
(pppr <0.05) for specific channel pairs including ch4-ch5 (right-left

npj Digital Medicine | (2025)8:271


www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-025-01690-3

Article

17 .
0.8 0.8
0.6 0.6
041 0.4
—1— Subj1
—T— Subj2
=+ Subj3 Subj3
L Subj4 —F—Subj4
0.2 - suis 0.21 1 Subjs
ubj Subj6
—J— Subj7 —T— Subj7
> 0 —7—subj8 ~T Subjs
# 1 1 1 1 1 0 1 1 1 1 1
= 0 10 20 30 40 50 0 10 20 30 40 50
o) Time (min) Time (min)
—
[ c d
o !
0.8} 0.8}
0.6} 0.6}
04r j 04r
o - sut
Subj3 —+ ::::g
—F— Subj4 J
i —1— Subj4
02y 3 :ﬁﬁ}: 021 —1— Subj5
—I— Subj7 Subj:S
i —1— Subj7
ﬂ —F— Subj8
0 . . . . , 0 . . . . ;
0 10 20 30 40 50 0 10 20 30 40 50

Time (min)

Fig. 2 | Changes in test-retest reliability of individual functional

connectivity maps. Reliability is shown as a function of measurement length (7 to
49 min; 1 to 7 sessions) in eight healthy individuals during (a) N-back, b Flanker,
¢ Go/No-go, and d resting state tasks. A given amount of data (from 7 min to 49 min)

Time (min)

was randomly selected and compared to a random independent sample of 49 min of
data from the same participants in each task individually; this procedure was
repeated 500 times using permutation testing.

dorsolateral PFC), ch6-ch7 (right-left lateral frontopolar cortex), ch7-ch8
(left lateral frontopolar cortex- medial PFC), ch10-ch14 (left ventrolateral
PFC- right lateral frontopolar cortex) and chl1-chl3 (left-right orbito-
frontal cortex).

Inter-subject variability was most prominent (pg,, <0.05) in
channel pairs including ch2-ch7 (right ventrolateral PFC-left lateral
frontopolar cortex), ch3-ch7 (right orbitofrontal cortex-left lateral
frontopolar cortex), ch3-ch8 (right orbitofrontal cortex-medial PFC),
and ch8-ch16 (medial PFC- left lateral frontopolar cortex) only within
the N-back task (see Supplementary Fig. 3). More detailed representa-
tion is presented in Fig. 3 as within-participant RSFC and TBFC
matrices, revealing individual-specific features of brain connectivity.
Broad consistencies in within-participant connectivity were observed
across the eight individuals, with significant connectivity in prefrontal
channel pairs e.g., ch6-ch7 (right-left lateral frontopolar cortex), ch7-
ch8 (left lateral frontopolar cortex- medial PFC), ch11-ch13 (left-right
orbitofrontal cortex), ch8-ch16 (medial PFC- left lateral frontopolar
cortex) consistent with group-average data (Fig. 4).

Overall, functional connectivity patterns observed across tasks pre-
dominantly involved interactions between the left and right lateral regions of
the prefrontal cortex (pgpg <0.05). This observation underscores the
potential role of hemispheric interactions in task-specific and resting-state
connectivity, highlighting the prefrontal cortex’s critical involvement in
cognitive processes.

Pairwise comparisons of functional connectivity patterns across tasks
were conducted using t-tests. While task-specific differences were observed
in the t-statistics matrices (Supplementary Fig. 4), no channel pairs reached
statistical significance after applying False Discovery Rate (FDR) correction
(Prpg < 0.05). This finding aligns with previous fMRI studies'*™’ suggesting
that resting-state connectivity often mirrors task-based connectivity due to
the stability of intrinsic networks like the default mode network. The dense-
sampling design across seven sessions provided robust individual network
mapping but may have primarily reinforced these intrinsic patterns, limiting
the detection of task-specific differences. These results emphasize the need
for larger sample sizes and advanced analytical approaches to explore subtle
differences in functional connectivity across cognitive states.
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Fig. 3 | Specificity of individual functional connectivity patterns. Pairwise simi-
larity of correlation matrices between all individuals, including all sessions, is shown
in 8 healthy individuals during (a) N-back, b Flanker, c Go/No-go, and d resting state
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tasks. This figure highlights the ability of the wearable platform to differentiate
individual functional connectivity profiles across different cognitive states.

Individualized functional brain activity

Task-based fNIRS allows us to measure functional activity at both individual
and group levels. Group-level NIRS hemodynamic responses were examined
using data from the first session as well as data from ten sessions concatenated.
Concatenating data across all sessions resulted in group-average channel
maps for each cognitive task that resulted in statistically significant activation
and spatially specific, while analyzing data of only one session resulted in
group-average maps with no statistically robust responses (Fig. 5). Particu-
larly, no significantly active channel was observed in group averaged data of
the first session for any of the tasks; however, we observed target activation
consistent with previous studies’ ™ in group-level maps of all concatenated
sessions: (1) N-back:  yigef orpitofiontal cortery = 3-63, Pppr = 0.01. (2) Flanker:
tchl(right dorsolateral PFC) — 1.78, Prpr < 0.05; Leno (left orbitofrontal cortex — 3.38,
Pror < 0.05. (3) GO/NO_gO: tchl3(right orbitofrontal cortex) — 3.4, Pror = 0.02;

tchll(left lateral frontopolar cortex) — 3.85 1PrpRr = 0.01.
As illustrated in Supplementary Fig. 5, individual Oxy-Hb

revealed task-based activation inhomogeneity that was obscured by
group averaging. More particularly, significant activations of specific
prefrontal regions were observed in each individual that were mostly
absent from the group average (discrepancy rate: 67%). A minimum
four of eight participants (50%) had at least one channel with sig-
nificant task-related activation (pgp, <0.05) in the prefrontal area in
the first session; however, a minimum of seven participants (82.5%)
showed at least one channel with significant task-related activation
(Prpr <0.05) in concatenated sessions. Only one participant presents

the same significant spatial feature observed in the group-average
activity.

To test if concatenating multiple sessions results in higher reproduci-
bility, ICC was computed to assess the reliability of the observed functional
activity for a single session across all ten sessions as well as for average of five
(out of ten) interleaved sessions for each of the three cognitive tasks (Fig. 6).
Approximately half of the channels showed above-good (>0.6) ICC for the
concatenated interleaved sessions whereas only a few channels exhibited
above-good ICC:s for single-session analysis. More specifically, channel 13
(right orbitofrontal cortex) and channel 17 (left orbitofrontal cortex) during
the N-back task, channel 1 (right dorsolateral PFC) during the Flanker task
and channel 14 during the Go/No-go task demonstrated excellent ICC
reliability in concatenated interleaved sessions. Interestingly, channels 1
(right dorsolateral PFC) and 14 (right lateral frontopolar cortex), which
showed robust activation in group-level analysis, also exhibited an excellent
level of ICC reliability in Flanker and Go/No-go tasks, respectively.

Discussion

Our study represents an initial step toward collecting dense-sampled
fNIRS data, moving beyond the constraints of conventional neuroi-
maging studies in clinical psychiatry, which are typically confined to
laboratory settings and limited to small-scale data collection™. By
enabling longitudinal monitoring of cortical activity across extended
periods and diverse populations, our approach opens unprecedented
opportunities for large-scale, real-world neuroimaging studies. These

npj Digital Medicine | (2025)8:271


www.nature.com/npjdigitalmed

https://doi.org/10.1038/s41746-025-01690-3

a t-value
15

Ch1
Ch2
=N
Ch4 *

Chs ¥

Ché *

ch7 * -
*

Ch10 *

Ch11 -

chi2 * ]S
Chi3 . *
Ch14 ¥

Chis

Ch16 @ ¥
Ch17 .
-16
&

C t-value

ch10 * *
Ch11 *
Chi2 * o -5
ch13 E3
Chia 3
Ch15

Ch16 -

Ch17

-15
o 0

Fig. 4 | Group-Level T-Statistics matrix for functional connectivity across tasks.
The figure displays the results of t-tests performed on Z-scores across all eight
participants, highlighting significant group-level functional connectivity patterns
for each task: a N-back; b Flanker; ¢ Go/No-go; and d Resting state. Positive t-values

ch10 *¥

Ch11 -

Ch12 |5
chi3 -
Chi4 *

Chis

Ch16 m
Ch17 .
-15
&

d t-value

15

che * ¥ 5
ch7 * * *

* % 1]

ch10 *
Chi1 *

ch12
ch13 *

Cchi4 * *
chi5

Ch16 3 n

Ch17

&

-15

X

o ko)

o > 0

QS A
ST S S

S | %

& ® & &
(red) indicate stronger group connectivity, while negative t-values (black) represent
anti-correlation. Connections marked with an asterisk (*) denote statistically sig-

nificant group effects at py, <0.05.

advancements lay a foundation for improving diagnostics, monitoring,
and therapeutic interventions in mental health.

The wearable fNIRS platform demonstrated its potential as a cost-
effective alternative to traditional neuroimaging methods. Its ability to
collect dense-sampled data in naturalistic environments allows participants
to engage in daily activities at home, overcoming the limitations of lab-based
systems. These advancements enhance accessibility and reliability in func-
tional neuroimaging. However, further validation is necessary to extend
these findings beyond controlled environments.

The platform’s reliability and innovative design hold promise for
advancing psychiatric research: (1) Biomarker Identification: Dense-
sampled data collection could enable the identification of reliable neuro-
biological biomarkers to complement subjective measures in mental health
diagnostics. (2) Large-Scale Cohort Studies: The platform’s low cost facil-
itates large-scale studies, capturing the heterogeneity of mental illnesses and
uncovering new subtypes crucial for personalized treatment. (3) Ecological
Validity: Collecting data in natural settings provides a more accurate
representation of cortical activity patterns, which is critical for under-
standing real-world neural dynamics. (4) Clinical Applications: The plat-
form can serve as a sensitive at-home outcome measure for monitoring
treatment responses in clinical trials.

Dense sampling significantly improved reliability, with within-
participant correlations increasing from 0.25 to 0.92 when aggregated

across sessions. This highlights the value of dense-sampled data for refining
personalized neuroimaging strategies. Prefrontal connectivity associated
with working memory, attention, and inhibition tasks showed high relia-
bility, aligning with prior group-level {NIRS and fMRI findings™**. Targeted
prefrontal sub-regions elicited from each cognitive task demonstrated high
reliability, specificity, and robust activation in concatenated sessions and
suggest the potential of using dense-sampled data to refine personalized
neuroimaging strategies.

RSEC, TBFC, and task-based functional activity have enhanced our
scientific understanding of human brain function. They have the potential
to improve the clinical care of neurological, neurosurgical, and psychiatric
patients beyond current presurgical planning applications. However,
functional neuroimaging may not attain its full potential until very accurate
individual-level brain activity estimates can be achieved'>***°. Our findings
suggest that TBFC and RSFC-derived measures show promising reliability
with sufficient data. These results align with prior fMRI studies illustrating
the potential for stable connectivity patterns in single participants'**.

Functional connectivity analyses revealed predominantly interhemi-
spheric connections in the prefrontal regions, including the dorsolateral,
lateral frontopolar, and orbitofrontal cortices. These findings align with
established literature emphasizing the role of interhemispheric commu-
nication in executive control and cognitive flexibility”*". Task-specific dif-
ferentiation was limited, likely due to inadequate spatial resolution, small
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Fig. 5 | Significant group-level Oxy-Hb activation captured from the single ses-
sion to seven combined sessions using dense-sampled fNIRS. The group-level
activations are displayed from the single session to seven combined sessions,
highlighting task-related prefrontal cortex activity. Channel maps represent sig-
nificant Oxy-Hb activations during the N-back (1Back+2Back-0Back), Flanker, and

Go/No-go tasks, respectively. Please refer to Supplementary Fig. 5 for more detailed
individual-level activations across one to seven concatenated sessions for all eight

participants, demonstrating within-subject reliability and variability in task-based

brain activation patterns.
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segments depict different reliability thresholds as 0 < poor < 0.4; 0.4 < fair < 0.6;
0.6 < good < 0.75; 0.75 < excellent < 1.

sample size, and the shared reliance of tasks like N-back*, Flanker*’, and Go/
No-go* on overlapping prefrontal networks, particularly involving the
dorsolateral PFC, ventrolateral PFC, orbitofrontal cortex, and medial PFC.

Precision mapping of individual brains reveals phenomena obscured
by group averaging. Our results demonstrate how individual-specific brain
activity violates the assumption of statistically consistent cortical activity
across individuals for three executive functioning tasks, extending previous
reports of individual-specific patterns absent from group-average
analyses'>™*”. Interestingly, some individual-specific activity patterns
were frequently observed across the eight participants, though their func-
tional significance is not yet clear.

Consistent with findings from fMRI studies'", resting-state con-
nectivity often predicted task-based connectivity'"'*** due to shared
intrinsic network structures, such as the default mode network. These
networks exhibit high stability, which may obscure task-specific modula-
tions, especially in small sample sizes. Dense sampling across sessions
enhanced reliability within individuals but was insufficient to overcome
inter-subject variability. Larger samples, targeted analyses, and com-
plementary behavioral measures are necessary to distinguish task-specific
patterns™ . Particularly, session-to-session similarities were high within
participants but much lower across participants, consistent with
connectivity-based “fingerprinting” findings in fMRI™”***. These
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differences may stem from spatial variations in brain activity, biological
parameters (e.g., brain size), or non-biological factors (e.g., data quality,
environmental conditions). Discriminating individuals thus requires
extensive high-quality data'"'>*.

This study’s small sample size (N = 8) also limits the generalizability of
findings. The lack of demographic diversity (e.g., Black participants)
underscores the need for more inclusive cohorts to ensure broad applic-
ability. Power analyses indicated that reliable brain-behavior correlations
require significantly larger samples®. Future research should expand cor-
tical coverage, incorporate behavioral measures, and directly compare
fNIRS and fMRI data under the same paradigms. Furthermore, our findings
pave the way to investigate the association between activated regions for
each cognitive task and corresponding RSFC measures, allowing functional
annotation of activity features in each individual™.

While this study did not explicitly assess participant comfort levels with
the device and data acquisition process, informal feedback suggested that the
wearable platform was generally well-tolerated, with no major discomfort
reported during sessions. Future studies will include systematic assessments
of participant comfort using standardized questionnaires to evaluate
usability and identify any barriers to long-term or repeated use. These
evaluations will guide refinements to the device design and data acquisition
protocol to enhance the participant experience.

Collecting data in naturalistic settings introduces challenges, such as
variability in environmental conditions and participant activities, which
may introduce artifacts or confounders. Developing robust protocols for
data collection (e.g., including self-reports), and daily life information (e.g.,
via ecological momentary assessments), preprocessing, and analysis (e.g.,
using advanced connectivity metrics and machine learning
techniques® ) is crucial to mitigate these factors. Future work should
optimize the balance between ecological validity and experimental control
to maximize the benefits of at-home data collection. Furthermore, while this
study focused on evaluating the feasibility and reliability of a wearable fNIRS
platform, it did not include an AR component. AR-guided device place-
ment, a proposed feature of our platform, remains an important future
direction that will be evaluated in follow-up studies. Additionally, our
current findings lay the groundwork for future investigations in clinical
populations. Specifically, we plan to extend this work to examine patient
populations, such as individuals with neurodevelopmental disorders (e.g.,
ADHD), and assess the effects of medication and other interventions on
functional brain connectivity. We also plan to integrate our platform with
other wearable technologies, such as smartwatches, to achieve a more
comprehensive understanding of physiological and brain function altera-
tions in brain disorders.

This study highlights the reliability and precision of our wearable
NIRS platform for advancing mental health research. By performing pre-
liminary analyses of multi-modal, dense-sampled, at-home brain mon-
itoring, we demonstrated the platform’s capability to reliably capture
individualized patterns of functional connectivity and task-based brain
activity. These findings are highly reproducible and emphasize the potential
for wearable neuroimaging in personalized diagnostics and treatment
planning. The observed differences in brain activity patterns across parti-
cipants underscore the value of personalized neuroimaging for under-
standing individual variability. Individual RSFC and TBFC mappings
revealed unique brain activity features, with functional connectivity pre-
dominantly observed between the left and right lateral prefrontal regions,
emphasizing interhemispheric communication’s critical role in cognitive
processes. These insights reinforce the feasibility of wearable fNIRS plat-
forms for individualized functional mapping.

The ability to collect extensive brain activity data in naturalistic settings
represents a significant advancement over traditional lab-based neuroi-
maging studies, enabling large-scale population-level analyses. This
approach provides a means to better capture the heterogeneity of mental
illnesses, potentially identifying novel subtypes and generating hypotheses
regarding their etiology. While further validation in larger and more diverse
cohorts is required, the platform’s capacity to produce reliable and

reproducible biomarkers highlights its potential applications in early
detection and monitoring of mental illnesses, paving the way for improved
treatments and outcomes.

Methods

Precision mental health platform

The custom-built {NIRS headband features five sources, each emitting near-
infrared light at two different wavelengths (740 and 850 nm), and twelve
detectors, resulting in 17 regular (source-detector separation: 2.8 cm) and
8 short channel measurements (source-detector separation: 0.9 cm) cover-
ing the prefrontal cortex area’ (Detailed information is illustrated in Sup-
plementary Fig. 6). The prefrontal cortex was chosen due to the focus on
cognitive and executive functioning performance and the fact that these
functions are impacted across mental illnesses*. This platform facilitates
wireless recording of brain activity and assists patients throughout the data
collection process using an AR application®, which tracks the headband’s
position and aligns it with the 10-20 standard placement for brain
recordings. The integration of the AR-guided device placement was fina-
lized after completing the data collection for this study, and thus, positioning
of the headband during data collection for the present study was manual,
following the standard 10-20 system as described in Rahimpour et al.,
20207. The tablet application comprises four cognitive tasks administered in
the following sequence: N-back, Flanker, Go/No-go, and resting state (See
implemented tasks on the app in Supplementary Fig. 1). All data are securely
stored in a HIPAA-compliant cloud solution, enabling remote management
of patients’ brain responses and cognitive outcomes with ease.

Channel configuration and signal correction

The channels in Supplementary Fig. 6 are not precisely equidistant (~2 mm)
due to anatomical constraints of the wearable fNIRS headband. To address
this, channel locations were determined based on the international
10-20 system, and their spatial positions were modeled using a 3D head
model generated by NIRSite software. During data preprocessing, distance-
dependent light attenuation was corrected using pathlength correction
factors, ensuring comparability across channels despite variations in
distance.

To ensure accurate device placement, the headband was manually
positioned following the standard 10-20 system, with placement verified by
trained researchers. Although the AR guidance feature was not utilized in
this study, future implementations will incorporate this feature to provide
real-time visual feedback for proper and reproducible placement, enhancing
usability for non-experts. While participants did not receive direct feedback
on data quality during sessions, researchers monitored signal quality at the
start of each session using a built-in quality control module to ensure reliable
data acquisition.

Participants

Eleven healthy adults (5 females, 6 males; aged 20-34 vyears,
mean + SD =28.11 +5.422) consented to participate in the study. Three
participants were excluded or lost to follow-up, primarily because they
declined to continue and complete their ten sessions. Ultimately, eight
participants successfully completed the trial (see demographic information
in Supplementary Table 1). None of the participants reported any neuro-
logical disorder or injury that would prevent them from performing
executive functioning tasks. This study was approved by the Stanford
University School of Medicine Institutional Review Board for research
ethics and human participants (Approval Reference Number: IRB-40332).
Informed consent was obtained from all eight individual participants prior
to their participation in the study. For all procedures, we adhered to the
principles outlined in the Declaration of Helsinki and followed all relevant
guidelines and regulations.

Experimental design and data acquisition
Participants underwent ten measurement sessions, each separated by a
minimum of one day to minimize carryover effects. At the start of each
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session, participants were seated in a quiet room at home (five participants)
or at their office (three participants), instructed to minimize head move-
ments, given the tablet with the application, and wore the fNIRS headband.
The entire session, including fully self-guided instruction for participant
preparation, task explanations, task practice, and actual task experiment
lasted approximately 45 min. During each session, participants engaged in
four different tasks: N-back, Flanker, Go/No-go, and resting state. Each task
lasted 7 min, with a 10-s initial and final resting period included.

As shown in Supplementary Fig. 2, the N-back task comprised three
levels (0-back, 1-back, 2-back; 10 trials for each level), each repeated four
times. The task involved tapping on the screen based on specific number
sequences. For the Flanker task, participants were presented with 60 stimuli
of fish pointing either left or right and were required to select the correct
direction using on-screen buttons. Stimuli included congruent and incon-
gruent configurations with jittered interstimulus intervals of either 2, 5 or
7.5 s. For the Go/No-go task, a total of 168 trials were presented, consisting
of Go (75%) and No-go (25%) trials. Participants tapped for specific
alphabet letters (Go trials) and avoided tapping for the letter X (No-go trial),
with non-trials (displayed as blank) introducing jittering. To avoid confu-
sion, letters H, K, V, and Y were excluded from the Go trials because of their
resemblance with letter X. Finally, participants were instructed to close their
eyes and relax for seven minutes until they heard a noise for the resting state
task, which served as a baseline for comparison.

Both behavioral and fNIRS data were collected during each session.
Behavioral data included response times and accuracy, while fNIRS data
measured prefrontal cortex activation. All parameters for each task
remained constant across all sessions and participants. The experimental
protocol was identical for each session, ensuring uniformity in data col-
lection and analysis. This systematic approach aimed to gather compre-
hensive data on cognitive performance and prefrontal cortex activation
across multiple sessions.

Rationale for task selection
The N-back, Flanker, and Go/No-go tasks were selected for their well-
established role in assessing key components of executive functioning:
working memory, attention, and response inhibition, respectively. These
tasks have been extensively used in neuroimaging studies***"**, including
fNIRS and fMRI, and provide a robust framework for analyzing cortical
activation patterns. Moreover, their reliable elicitation of prefrontal acti-
vation aligns with the PFC coverage of the fNIRS platform and the study’s
focus on executive functions. Their adaptability to a tablet-based interface
further supports the feasibility of dense sampling in naturalistic settings.
Cognitive tasks were administered in a fixed order (N-back, Flanker,
Go/No-go, and resting state), with a 10-second resting period between tasks
to ensure consistency and comparability of task-related brain responses
within and between participants. Besides, before the actual fNIRS mea-
surements, participants practiced each task during every session using a
feedback-enabled block. Once initiated, tasks were completed consecutively
without interruption. However, future studies could benefit from incor-
porating a randomized task order. The app used in this study was designed
for a predetermined task order; however, future iterations will integrate a
randomized option to explore and account for potential order effects.

Data preprocessing

All data processing was performed in MATLAB using the Brain AnalyzIR
toolbox®" in conjunction with custom code. The initial phase involved
quality control to identify and exclude low-quality channels (each repre-
senting an ROI) for each session. Channels with Signal to Noise Ratio (SNR)
below 20 dB and Quality Index (QI) below 0.5 were considered low quality
and excluded from further analysis™”’. The QI in this study refers to the
Signal Cross-Correlation Index (SCI) as defined by Pollonini et al. (2016),
which ranges from 0 to 1”'. On average, 13 + 4 high-quality channels (out of
17) were retained per session for subsequent analysis (see Supplementary
Figs. 7 and 8 for hemoglobin data points and hemodynamic response
functions).

Baseline corrections were applied to address direct current (DC) shifts,
concatenation shifts, and the global signal. DC shifts were mitigated by
subtracting the mean intensity over the baseline period for each channel,
while concatenation shifts, caused by combining data across sessions, were
corrected by aligning segments based on the mean signal value. To account
for systemic physiological noise, the global signal was regressed out using the
mean signal across all channels, isolating localized brain activity.

Furthermore, motion artifacts were addressed using wavelet filtering
with the sym8 basis function from the family of wavelets refers to the 8th-
order Symlet wavelet introduced by Ingrid Daubechies. This approach
decomposed the fNIRS signal into frequency components, isolating and
correcting motion-related artifacts. Instances deviating by more than
5 standard deviations from the mean were eliminated. Wavelet filtering is
effective in addressing motion artifacts but has limited efficacy in handling
very low-frequency noise. To mitigate this, additional baseline correction
and high-pass filtering (cutoff frequency: 0.01 Hz) were applied to ensure
the integrity of the data.

Finally, oxy-hemoglobin (Oxy-Hb) and deoxygenated hemoglobin
(deoxy-Hb) concentrations were extracted using the modified Beer-
Lambert law””. An age-dependent function was used for Differential Path-
length Factor (DPF) calculation, accounting for age-related variations in
tissue optical properties. This ensured accurate quantification of hemoglo-
bin concentration changes’”*. Oxy-Hb was prioritized for analysis due to its
stronger correlation with BOLD fMRI signals™.

Functional connectivity analysis

Functional connectivity was estimated using a robust regression approach
that accounts for physiological noise and systemic artifacts. This method
empbhasizes reliable estimation of connectivity coefficients while minimizing
the influence of external noise sources prior to constructing connectivity
matrices. Individual functional connectivity was estimated on a channel-by-
channel basis using an autoregressive partial correlation connectivity
measure’®. This approach calculated the connectivity coefficients by asses-
sing pairwise interactions across all channels, represented in individual
connectivity matrices.

To further explore potential influences such as age and sex, robust
linear regression models were applied to the connectivity data. Group-level
connectivity analyses were conducted using only channels that consistently
met the signal quality threshold (e.g., SCI>0.5) across participants and
sessions. On average, 76% of available channels were retained for analysis
per participant, ensuring the reliability and comparability of results by using
a standardized set of high-quality channels.

To calculate connectivity measures across all subjects and assess inter-
subject variability, we utilized group-level t-statistics. Correlation coeffi-
cients (r values) for each subject were converted to Fisher’s Z-scores to
stabilize the variance of correlation coefficients. Subsequently, pairwise
t-tests were conducted on the Fisher’s Z-scores for each channel pair across
all tasks to determine group-level connectivity patterns. This approach
enabled the identification of significant connectivity differences and the
assessment of inter-subject variability across the sample, providing a robust
analysis of connectivity patterns.

Functional activity analysis

To improve signal fidelity and estimate regression coefficients, the AR-
IRLS™ regression model was implemented through the BrainAnalyzIR
toolbox". This step involved extracting data from short channels to mini-
mize physiological and any extra motion-related artifacts, thereby enhan-
cing the reliability of the fNIRS measurements®.

For subsequent statistical analysis, a general linear mixed regression
model was employed to explore the effects of various factors on brain
activation and connectivity. Independent variable included experimental
tasks (N-Back, Flanker, Go-Nogo, and resting-state). The dependent vari-
able, denoted as beta (f) represented the calculated coefficient for Oxy-Hb
and deoxy-Hb for each specific condition. To minimize the risk of false
positives, a correction procedure of the Benjamini-Hochberg method based
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on the FDR was implemented. This correction method was applied to
identify statistically significant channels (py, <0.05). By adjusting the
p-values derived from the regression model, it was ensured that the reported
significant channels had a minimal likelihood of being false positives.

Supplementary Fig. 8 illustrates the hemodynamic response functions
(HRFs) generated using a general linear model (GLM)-based approach for
each condition (1Back-+2Back-0Back’’, Flanker, and Go/No-go tasks). The
HREFs were estimated by regressing the oxy-hemoglobin concentration time
series against task onsets convolved with a canonical HRF.

Reliability and specificity

The reliability of each functional connectivity measure (three cognitive tasks
and one resting state) was assessed in each participant using an iterative
comparison of random data subsets™. For each participant, the 10 sessions
were randomly split into two equal-sized, randomly selected subsets of
sessions. Forty-nine minutes of data were randomly selected from one of the
two subsets. A varying amount of data (ranging from one session: 7 min to
five sessions: 49 min) was randomly selected from the other subset. Time
courses from all 17 channels in the brain were used for generating the
connectivity matrix, and then these connectivity maps were correlated
against each other to calculate the reliability of RSFC and TBFC maps
corresponding to the randomly selected subsets. To obtain robust estimates
of the reliabilities of these measures for each participant, this procedure was
iterated 500 times for each quantity of data tested, with a different random
selection of data in each iteration.

To evaluate the within- and across-participant similarity of RSFC and
TBFC measures, we calculated the pairwise similarity between all partici-
pant sessions. First, for each participant in each session, we generated a
channel-to-channel RSFC and TBFC matrix using a common set of chan-
nels. The ‘common set of channels’ refers to channels that consistently
passed the signal quality threshold (SCI > 0.5) across all participants and
sessions. This approach ensured consistency and comparability in the
connectivity analysis across sessions and individuals. We then calculated a
similarity matrix by correlating each session’s functional connectivity
matrix against all other sessions in all other participants. We then examined
whether the similarities of sessions were higher within a participant than
across participants.

We also measured Oxy-Hb for one session and the concatenation of
multiple sessions at the individual level and group level for each cognitive
task. We also investigated the effect of increasing the number of sessions on
the target outcome and show the reliability resulted from multi-session
inclusion based on task-based functional activity using ICC. We computed
the ICC using the averaged AR-IRLS t-test statistics.

Data availability
Anonymized datasets will be made available from the corresponding author,
HH, upon request (email: hosseiny@stanford.edu).

Code availability

The analysis scripts can be obtained upon request from the corresponding
author, HH (email: hosseiny@stanford.edu).
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