University Library

o o A gateway to Melbourne's research publications

Minerva Access is the Institutional Repository of The University of Melbourne

Author/s:
Putica, A;Yurtbasi, M;Khanna, R

Title:
Integrating digital health technologies for ecological validity in computational
psychiatry: challenges and solutions

Date:
2025-10-01

Citation:

Putica, A., Yurtbasi, M. & Khanna, R. (2025). Integrating digital health technologies for
ecological validity in computational psychiatry: challenges and solutions. Al and Society,
40 (7), pp.5509-5525. https://doi.org/10.1007/s00146-025-02336-4.

Persistent Link:
https://hdl.handle.net/11343/362093

License:
CC-BY


CC-BY

Al & SOCIETY (2025) 40:5509-5525
https://doi.org/10.1007/s00146-025-02336-4

OPEN FORUM q

Check for
updates

Integrating digital health technologies for ecological validity
in computational psychiatry: challenges and solutions

Andrea Putica' - Miriam Yurtbasi' - Rahul Khanna?

Received: 25 December 2024 / Accepted: 24 March 2025 / Published online: 8 April 2025
© The Author(s) 2025

Abstract

Computational psychiatry offers promising opportunities for understanding and treating mental health disorders, yet achiev-
ing ecological validity—the accurate reflection of real-world experiences—remains a critical challenge. This perspective
examines how digital health technologies can enhance ecological validity in computational psychiatry while addressing bar-
riers in data collection, participant representation, validation, engagement, and methodological integration. We review key
approaches, including digital phenotyping and adaptive design optimization, that enable more naturalistic data collection.
However, achieving representative sampling and mitigating algorithmic biases remain unresolved challenges, particularly
in Al-driven assessments. We discuss how expert-by-experience collaboration, systematic validation efforts, and structured
open science practices can improve model generalizability and clinical applicability. Additionally, we explore the role of
federated learning and edge computing in balancing privacy with robust, scalable model development. The paper concludes
by integrating these challenges and solutions within a broader methodological framework, emphasizing the need for inter-

disciplinary approaches that bridge computational precision with real-world psychiatric care.

Keywords Computational psychiatry - Artificial intelligence - Ecological validity - Digital health technology - Mental

health informatics

1 Introduction

Computational psychiatry, an emerging field at the inter-
section of neuroscience, psychiatry, and computational
modeling, offers promising avenues to understanding, diag-
nosing, and treating mental health disorders (Capon et al.
2016; Nicholas et al. 2020; Roy 2017; Sanfelici et al. 2020;
Torous et al. 2021). While originally focused on computa-
tional cognitive modeling of specific psychiatric processes
(Huys et al. 2016), the field has expanded to encompass a
broader range of data-driven approaches and digital method-
ologies applied to mental health, such as machine learning
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algorithms, digital phenotyping through passive sensing,
generative models, large language models, and advanced sta-
tistical frameworks for multi-modal data integration (Friston
2023; Kolding et al. 2024). For example, Wong et al. (2024)
developed a machine learning model that predicts future clo-
zapine use in first-episode psychosis patients with moderate
accuracy, potentially enabling earlier identification of treat-
ment-resistant cases and more timely interventions, which
could significantly improve long-term outcomes for these
high-risk patients. By leveraging advanced mathematical
models, machine learning algorithms, and big data analytics,
computational psychiatry aims to provide more precise and
personalized interventions for psychiatric conditions (Adams
et al. 2016; Friston 2023; Huys et al. 2016). Despite these
promising advances, significant challenges exist in translat-
ing computational psychiatry from research to practice.
Ecological validity in computational psychiatry refers
to the extent to which computational models, tasks, algo-
rithms, and derived insights accurately reflect and apply to
the complexities of real-world mental health experiences
and treatments (Benrimoh et al. 2023). This concept is par-
ticularly important as it bridges the gap between controlled
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research environments and the diverse, dynamic real-world
contexts in which mental health issues occur and are treated
(Andrade 2018; Huang & Parikh 2024). The pursuit of eco-
logical validity has emerged as a cornerstone of translating
research into clinical practice (Benrimoh et al. 2023; Hitch-
cock et al. 2022).

The implications of this ecological validity gap raise
fundamental methodological concerns about the translation
of computational psychiatry to clinical practice. A meta-
analysis by Salazar de Pablo et al. (2021) examined 600
individualized clinical prediction models published in psy-
chiatry and found that only 10% underwent internal valida-
tion, with merely 5% subjected to external validation. This
striking lack of real-world validation means we cannot yet
reliably assess how these models perform across different
clinical contexts, populations, and healthcare settings. With-
out robust validation, we risk developing sophisticated com-
putational approaches that may not generalize beyond the
specific research conditions in which they were developed.

The issue extends to fundamental data collection tools
and their underlying assumptions about mental health meas-
urement. Digital phenotyping methods face important reli-
ability challenges that must be carefully addressed. Adler
et al. (2024) demonstrated that seemingly objective behav-
ioral markers like mobility patterns can indicate different
mental health states across demographic and socioeconomic
groups—higher mobility was associated with better mental
health for employed individuals but worse mental health
for those on disability. Similarly, Birk and Samuel (2022)
highlight how digital phenotyping's emphasis on behavioral
measurements may not fully capture the complex lived expe-
riences of mental health across diverse populations. These
challenges are not insurmountable barriers but rather critical
considerations that must inform how we develop and imple-
ment these tools. As the following sections will demonstrate,
addressing these reliability challenges through careful meth-
odological design and implementation strategies is essential
for bridging the gap between computational precision and
clinical applicability.

Achieving ecological validity in computational psychia-
try presents several significant challenges. First, the com-
plexity and heterogeneity of mental health disorders make
it difficult to create comprehensive models that account for
all relevant factors. This is exemplified by the tendency of
most approaches in computational psychiatry to focus on
biological properties while failing to take psychosocial
factors into consideration (Karvelis et al. 2022; Uusitalo
et al. 2021). Second, the controlled environments in which
many computational models are developed may only par-
tially capture the nuances of real-world clinical settings.
This limited external validation raises fundamental ques-
tions about the generalizability and practical utility of
these models across diverse clinical landscapes (Fusar-Poli
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et al. 2022; Salazar de Pablo et al. 2021). Third, the rapid
pace of technological advancement in this field can some-
times take priority over validating findings in diverse
populations and contexts. This is evident in the concerns
about the'third wave of biological psychiatry'(Karvelis
et al. 2022), which risks ignoring sociocultural factors and
changes in conscious experiences associated with mental
disorders (McCradden et al. 2023), potentially leading to
suboptimal treatments or optimal treatments for a select
few. Additionally, the data analyzed in psychiatric clini-
cal prediction models are typically complex derivatives of
the original raw data, such as connectivity matrices from
functional (fMRI) resonance imagining signal fluctua-
tions, not enriched information on disease mechanisms and
their causal links to targeted outcomes (Dima et al. 2022;
Frangou et al. 2022). Despite these challenges, integrating
computational approaches with digital health innovation
can enhance ecological validity, leading to more accurate
diagnostics, targeted treatments, and deeper insights into
the bio-psycho-environmental factors affecting mental
health.

This perspective article addresses a critical challenge
in computational psychiatry: strengthening the ecological
validity of research findings. We first review data collec-
tion approaches, examining adaptive design optimization
and digital phenotyping methods. The paper then discusses
participant-related factors, including recruitment strategies
and the role of experts-by-experience in model develop-
ment. Next, we explore issues of model validation and gen-
eralizability, highlighting challenges in external validation
and algorithmic bias. We then examine how open science
practices and privacy-preserving technologies may sup-
port clinical translation. Finally, we discuss digital health
implementation considerations and how these methodo-
logical frameworks contribute to the development of com-
putational approaches that meaningfully reflect real-world
clinical contexts.

Table 1 summarizes the key challenges, current solutions,
and future directions discussed throughout this perspective
regarding ecological validity in computational psychiatry.
The table organizes evidence across five areas central to this
discussion: digital phenotyping and data collection, popula-
tion representation, clinical validation, participant engage-
ment, and methodological integration. The following sec-
tions examine these areas in detail, beginning with digital
phenotyping methods that enable naturalistic data collec-
tion, then addressing population representation challenges,
clinical validation approaches, strategies for maintaining
participant engagement, and finally methodological frame-
works that integrate these various elements. Throughout, we
provide empirical evidence and practical considerations for
implementing digital health technologies in computational
psychiatry research and practice.
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2 Digital phenotyping and data collection

The advancement of computational psychiatry requires
methodological approaches that can effectively capture
the complexity of mental health phenomena in real-world
settings. Digital phenotyping has emerged as a promis-
ing strategy for capturing naturalistic behavioral patterns
through passive data collection. By leveraging real-time
behavioral tracking, this approach enhances ecological
validity in computational psychiatry, offering empirically
validated improvements in measurement precision and
temporal resolution. To fully capture the complexity of
mental health in real-world settings, digital phenotyping
requires a multi-tiered data collection strategy that inte-
grates both passive and active monitoring. Passive data
collection through smartphone and wearable sensors ena-
bles continuous tracking of behavioral and physiological
patterns, while active methods such as Ecological Momen-
tary Assessments (EMA) provide contextual self-reports,
complementing sensor-derived data and improving inter-
pretability. This section explores key methodologies in
digital data collection, including sensor-based tracking,
adaptive GPS sampling, and intelligent trigger mecha-
nisms that optimize data quality while reducing partici-
pant burden.

2.1 Digital phenotyping

Digital phenotyping through passive data collection—
including smartphone sensors, wearable devices, and
ambient monitoring systems—represents an emerging
approach for capturing real-world behavior in psychiatric
research and clinical practice (Oudin et al. 2023), offer-
ing significant potential for enhancing ecological validity.
These methods directly address key limitations of more
established retrospective assessments, which can be sub-
ject to recall bias and often fail to capture the temporal
dynamics of psychiatric symptoms (Pacheco-Romero
et al. 2024). By enabling real-time data collection in
participants'natural environments, these approaches pro-
vide more ecologically valid data on patients'experiences,
behaviors, and symptoms as they occur in real-world set-
tings (Torous et al. 2021).

Contemporary evidence from systematic reviews and
empirical investigations demonstrates the utility and fea-
sibility of this approach. A systematic review of 35 stud-
ies (Cornet and Holden 2018) established the efficacy of
passive sensing methodologies for symptom monitoring
across major psychiatric conditions. These investiga-
tions validated the capacity of smartphone sensors to
quantify behavioral endophenotypes through objective
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measurements of mobility, social interaction patterns, and
sleep—wake cycles. Benrimoh et al. (2023) demonstrated
how passive sensing can capture dynamic relationships
between daily routines and depressive symptoms, showing
that smartphone-based measurements provided more accu-
rate representations of symptom fluctuations compared to
traditional weekly assessments.

Expanding on these findings, Mendes et al. (2022) con-
ducted a systematic review of 31 sensing applications and 8
public datasets, revealing important patterns in digital phe-
notyping approaches. Their review identified three predomi-
nant types of analyses across studies: classification (n=11),
prediction (n= 6), and correlation analysis (n= 6) of men-
tal states/disorders, with some applications (n=9) focused
solely on raw data collection. The most frequently combined
sensor data streams included GPS coordinates with call logs
(n=20), accelerometer data (n= 17), and screen activity
(n=10), indicating researchers'interest in capturing mul-
tiple behavioral dimensions. By integrating GPS data with
call and text metadata, researchers can refine analyses of
movement-based social behaviors, enabling differentiation
between voluntary social withdrawal and mobility impair-
ments due to psychiatric symptoms (Mendes et al. 2022).
This approach has been particularly valuable in psychiatric
research, where mobility tracking alone may not distinguish
between individuals actively avoiding social interactions ver-
sus those experiencing physical limitations due to depressive
or anxiety-related symptoms. By analyzing movement tra-
jectories alongside communication patterns, researchers can
better identify behavioral phenotypes indicative of clinical
risk factors, such as isolation trends that precede depressive
episodes. Notably, the integration of positioning, inertial,
virtual and ambient sensor data enabled more comprehen-
sive behavioral pattern detection compared to single-sensor
approaches. However, the authors highlighted significant
methodological challenges, including the lack of standardi-
zation in data representation (e.g., sampling frequencies, file
formats) and collection protocols across studies. This het-
erogeneity limited opportunities for cross-study validation
and meta-analytic integration of findings. The review also
revealed a scarcity of publicly available datasets (7 = 8) rela-
tive to sensing applications (n= 31), with most datasets hav-
ing limited sample sizes ranging from 1 to 482 participants.

Despite these challenges, the longitudinal integration of
passively collected real world outcomes data aligns with
established clinical frameworks like the NIMH Research
Domain Criteria (RDoC) and Measurement-Based Care
(MBC) approaches in psychiatry. These frameworks empha-
size dimensional assessment and continuous outcome mon-
itoring, respectively, with passive sensing offering new
opportunities for systematic data collection. By establish-
ing continuous feedback loops between clinical practice
and research, these data streams enable iterative refinement
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of computational models based on actual patient outcomes
(Chambers 2020; Mohr et al. 2017). This dynamic approach
helps ensure that models remain clinically relevant and
adaptable to evolving patient needs and treatment patterns.
While methodological challenges remain, including the need
for rigorous validation studies and standardized collection
protocols (Biischer et al. 2024), the field shows promise for
establishing more ecologically valid approaches in psychiat-
ric research and care. One of the key obstacles in digital phe-
notyping is the lack of standardization in data representation
across studies. Variability in sensor data formats, sampling
rates, and preprocessing pipelines limits cross-study vali-
dation and meta-analytic integration (Mendes et al. 2022).
Without standard protocols, findings remain difficult to gen-
eralize across different populations and settings, reducing
the potential clinical utility of digital phenotyping models.

2.2 Methods of data collection in digital
phenotyping

The effectiveness of digital phenotyping hinges on optimiz-
ing data collection strategies that balance continuous passive
sensing with targeted, context-sensitive active self-reports.
These practical recommendations focus on deploying digi-
tal health technologies that capture real-world psychiatric
phenomena while maintaining clinical utility and research
rigor. Successful implementation of ecologically valid digi-
tal health tools in computational psychiatry requires a multi-
tiered data collection architecture. The foundation rests on
continuous passive monitoring through smartphone and
wearable sensors (Insel 2017). Smartphone accelerometer
data can capture physical activity patterns, screen time mon-
itoring can indicate engagement and attention patterns, and
call/text metadata can quantify social interaction frequency
(Mohr et al. 2017). However, implementation requires care-
ful consideration of both technical and practical constraints.
For example, Recent analyses indicate that prolonged GPS
use can rapidly deplete battery reserves, necessitating adap-
tive power management strategies to ensure feasibility in
long-term digital phenotyping applications (Pramanik et al.
2019). A more ecologically valid approach involves adap-
tive GPS sampling, with frequency increasing when move-
ment is detected and decreasing during sedentary periods
(Cholaquidis et al. 2023).

Active data collection methods complement passive
monitoring through carefully implemented EMAs (Wrzus
& Neubauer 2023). Traditional EMAs often use fixed sam-
pling schedules that can artificially structure participant
behavior (Wrzus and Neubauer 2023). Modern digital health
implementations can instead use"intelligent triggers"based
on detected behavioral patterns (Giurgiu et al. 2020). For
instance, Giurgiu et al. (2020) demonstrated an effective
implementation of adaptive sampling in sedentary behavior

monitoring. Their system used thigh-worn Move 3 accel-
erometers that communicated with smartphones via Blue-
tooth Low Energy to detect prolonged sedentary periods.
Across three studies, they tested different sedentary dura-
tion thresholds (30 min in Study 1, 20 min in Studies 2 and
3) that would trigger contextual assessment prompts. The
system achieved an overall accuracy of 82.77% in capturing
sedentary bouts while managing participant burden through
timeout periods (40 min in Study 1, 20 min in Studies 2
and 3). Compared to simulated random sampling every 120
min, their adaptive sampling approach captured substantially
more prolonged sedentary episodes, with improvements
ranging from 20.83% to 47.88% across studies. This method
enabled researchers to collect richer contextual data about
participants'sedentary behaviors, revealing that nearly 40%
of prolonged sedentary bouts occurred during work, and in
57% of all bouts, participants were not alone.
Context-aware data collection enhances the precision of
digital phenotyping by integrating multiple sensor streams.
For example, ambient light and accelerometer data can
differentiate between indoor and outdoor settings, while
Bluetooth/Wi-Fi signals provide information about social
proximity and location stability (Ghahramani et al. 2020).
Combining these data sources with machine learning ena-
bles more accurate classification of behavioral contexts,
refining the ecological validity of digital health assessments.
However, raw sensor data alone often provides ambiguous
context information. Successful implementations combine
multiple data streams with machine-learning approaches for
context classification (Toch et al. 2019). Recent implemen-
tations have demonstrated how hierarchical sensor fusion
can improve real-world behavioral tracking by integrating
multiple sensor streams. For example, combining acceler-
ometer data to detect movement patterns, Wi-Fi scanning
to identify familiar locations, and ambient light and sound
measurements provide a more nuanced understanding of
environmental context. For instance, a typical office context
might be identified through the stable presence of workplace
Wi-Fi networks, sustained periods of low movement inter-
spersed with walking patterns, and consistent indoor light
levels during working hours. This multi-modal approach sig-
nificantly improves accuracy over single-sensor methods, as
it can distinguish between superficially similar contexts (like
differentiating between sitting at a desk at home versus at
work) by considering the unique combination of environ-
mental signatures. The system can then adapt its behavior
accordingly, such as adjusting notification settings or moni-
toring stress levels in different contexts (Dautov et al. 2019).
As digital phenotyping scales in clinical applications,
ensuring data privacy and computational efficiency becomes
a critical challenge—especially given the increasing com-
plexity of multi-sensor data integration. Future develop-
ments in this field aim to address these concerns through
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emerging approaches like edge computing and federated
learning (Upreti et al. 2024). Edge computing enables real-
time processing of sensor data directly on user devices,
reducing reliance on centralized cloud storage and mini-
mizing privacy risks. Federated learning further enhances
data security by allowing machine learning models to be
trained across multiple decentralized devices while keep-
ing individual data local, mitigating risks associated with
data centralization. By decentralizing data processing and
minimizing privacy risks, these innovations enable the scal-
able deployment of digital phenotyping tools in real-world
psychiatric settings. Federated learning and edge computing
hold particular promise for developing personalized, adap-
tive interventions while ensuring data security in clinical
applications (Xia et al. 2021; Li et al. 2020). While these
technological solutions address important data collection
and processing challenges, the ultimate validity of compu-
tational models depends critically on who is represented in
the underlying datasets. Even the most sophisticated digital
phenotyping approaches will yield limited clinical utility if
they fail to include diverse populations or account for sys-
tematic differences in how psychiatric symptoms manifest
across different demographic groups. The next section exam-
ines how participant-related factors, particularly issues of
representation and inclusion, impact the development and
implementation of computational psychiatry approaches.

3 Population representation

The successful development and implementation of com-
putational psychiatry approaches critically depend on care-
ful consideration of participant-related factors throughout
the research process. As computational models become
increasingly sophisticated, ensuring appropriate participant
selection, engagement, and representation has emerged as a
fundamental challenge that can significantly impact model
validity and clinical utility (Salazar de Pablo et al. 2021).
Key areas requiring particular attention include strategies
for representative recruitment across diverse populations
(Leslie et al. 2021) and meaningful integration of lived expe-
rience into model development (Abbasgholizadeh Rahimi
et al. 2022). Understanding and effectively addressing these
participant-related challenges is essential for developing
computational models that can meaningfully advance psy-
chiatric care while ensuring equitable benefits across differ-
ent patient populations (Lee et al. 2021; Torous et al. 2021).

3.1 Diverse recruitment strategies
The development of robust computational models in

psychiatry requires carefully considered strategies for
acquiring high-quality training and validation data that
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truly represent target clinical populations (Gannedahl et al.
2024). While digital recruitment through social media
platforms and online communities has emerged as a pow-
erful tool for assembling large-scale datasets needed for
computational modeling (Sanchez et al. 2020), the specific
requirements of computational psychiatry present unique
recruitment challenges that go beyond traditional clinical
trial considerations.

Recent work in Artificial Intelligence models for men-
tal health assessment has elucidated the importance of
representative recruitment in computational psychiatry.
When algorithms were built using data predominantly from
white, high-income populations, they showed significantly
reduced accuracy when applied to racial and ethnic minori-
ties, even for basic tasks like speech recognition and lan-
guage processing (Buolamwini & Gebru 2018; Koenecke
et al. 2020; Levkovich et al. 2024). For instance, automated
speech-recognition systems, which many computational
psychiatry applications rely on for data collection, show
a 35% word-error rate for Black and African American
speakers compared to 19% for non-Hispanic white speakers
(Bajorek 2019). Natural language processing models trained
on majority populations have demonstrated systematic mis-
classification and systematic over-identification of clinical
markers for minority groups, leading to biased assessments
(Davidson et al. 2019; Sap et al. 2019).

Beyond speech recognition errors, systematic biases in
diagnostic algorithms have contributed to racial dispari-
ties in psychiatric classification. For example, studies have
shown that Black patients are disproportionately diagnosed
with schizophrenia-related disorders, while mood disorders
are under-recognized in the same population, partly due to
algorithmic reliance on linguistic and behavioral patterns
derived from predominantly white cohorts (Olbert et al.
2018). Similarly, Al-driven symptom assessments have
exhibited higher false-positive rates for psychosis in racial
minorities, reinforcing disparities in access to appropriate
treatments (Davidson et al. 2019). Addressing these biases
requires both diversifying training datasets and incorporat-
ing fairness-aware machine learning approaches to reduce
systematic misclassification.

The field has responded to these challenges through spe-
cialized recruitment frameworks in computational psychia-
try. Community-engaged approaches incorporating cultural
adaptation have shown particular promise in reaching under-
represented groups (Constant et al. 2022). The integration
of targeted outreach strategies with traditional recruitment
methods helps ensure broader population coverage while
maintaining data quality for model development (Benrimoh
et al. 2023). Beyond ensuring diversity in data collection,
computational psychiatry models must also undergo rigor-
ous validation to ensure their predictive accuracy across
real-world patient populations.
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However, validation efforts in computational psychiatry
often fail to systematically assess model performance across
demographic subgroups, leading to hidden biases in clinical
decision-making. Without structured fairness evaluations,
machine learning models may yield misleading predictions
when applied to historically underrepresented populations
(Seyyed-Kalantari et al. 2021). Recent approaches empha-
size the need for subgroup-specific performance metrics and
bias audits to ensure model generalizability across diverse
patient populations (Sahin et al. 2024). These population
representation challenges directly impact the clinical validity
of computational models. A model can only be considered
valid to the extent that it has demonstrated reliable perfor-
mance across the diverse populations it aims to serve. The
following section explores how open science practices and
rigorous validation approaches can help ensure that compu-
tational psychiatry models not only include diverse popula-
tions but also undergo appropriate testing to confirm their
clinical utility across different demographic and clinical
groups.

4 Clinical validation

The translation of computational psychiatry from research to
clinical practice critically depends on robust validation and
reproducibility of findings, making open science practices
increasingly essential. Elaborating on previously identified
validation gaps in computational psychiatry—particularly,
the lack of standardized neurobiological frameworks and
insufficient normative data for benchmarking models—
recent initiatives have emerged to address these fundamental
challenges in model robustness assessment. These efforts
specifically target the establishment of reference frameworks
and standardized approaches for evaluating computational
models in psychiatry.

The ENIGMA (Enhancing Neuro Imaging Genetics
through Meta Analysis) consortium demonstrates both the
potential and current limitations of coordinated open science
approaches in computational psychiatry. While this interna-
tional collaboration spanning 45 countries has successfully
implemented standardized protocols and mega-analyses
in psychiatric neuroimaging (Thompson et al. 2020), its
focus remains primarily on neuroimaging data. Through
ENIGMA's efforts, researchers have established standard-
ized processing pipelines and quality control metrics that
have become field standards for neuroimaging-based stud-
ies. However, computational psychiatry requires integra-
tion of diverse data types beyond brain imaging, including
behavioral, environmental, and longitudinal clinical meas-
ures. While ENIGMA's creation of the largest standardized
neuroimaging database in psychiatry represents an impor-
tant step forward, its scope highlights the need for more

comprehensive open science frameworks that can accom-
modate the full range of data types and analytical approaches
needed for computational psychiatry's advancement.

Despite the success of ENIGMA in standardizing neuro-
imaging workflows, the field lacks equivalent frameworks
for behavioral and ecological momentary assessment data.
Existing standardization efforts primarily focus on neuroim-
aging modalities, yet multi-site data-sharing protocols and
validation pipelines for real-world behavioral data remain
underdeveloped. Ensuring the generalizability of compu-
tational psychiatry models requires common validation
pipelines that encompass passive sensor data, ecological
momentary assessments, and multi-modal behavioral track-
ing. Establishing such frameworks is essential for improving
model reliability and applicability in real-world psychiatric
research. Ongoing open science efforts, such as large-scale
collaborations integrating multi-modal data (e.g., behav-
ioral tracking, digital phenotyping, and passive sensing),
are necessary to establish comprehensive validation pipe-
lines beyond neuroimaging. These initiatives, coupled with
standardized data-sharing mechanisms, will be essential for
ensuring model reproducibility and reliability across diverse
psychiatric populations.

For computational psychiatry to achieve clinical impact,
its underlying methodologies must be transparent and repro-
ducible. This requires systematic approaches to data sharing
and analysis that go beyond traditional research practices.
The FAIR principles (Findable, Accessible, Interoperable,
Reusable) established by Wilkinson et al. (2016) provide a
foundational framework for scientific data management in
the digital age. In response to these challenges, Poldrack
et al. (2020) propose more targeted requirements, includ-
ing mandatory pre-registration of analysis protocols, stand-
ardized reporting of model parameters, and comprehensive
documentation of preprocessing steps. These guidelines are
particularly important given the reproducibility challenges
identified in systematic reviews of computational psychiatry
research (Salazar de Pablo et al. 2021), where lack of meth-
odological transparency has hindered clinical translation.

The implementation of open science practices in clinical
settings presents several key challenges (Bertl et al. 2022).
These include establishing standardized data formatting
protocols, developing secure data-sharing mechanisms, and
creating clear guidelines for clinical implementation. The
successful translation of computational models into clinical
practice requires addressing these infrastructure challenges
while maintaining rigorous validation standards. Addition-
ally, there is a critical need to establish clear frameworks
for evaluating model performance across diverse clinical
populations, particularly when implementing computational
approaches in real-world settings.

The success of the ENIGMA consortium demonstrates
how coordinated open science initiatives can transform
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research practices in computational psychiatry (Thompson
et al. 2020). However, bridging the gap between research
capabilities and clinical implementation remains a critical
challenge. Despite the importance of external validation
and adherence to FAIR principles, there is a lack of strong
incentives for researchers to engage with these essential ini-
tiatives. Many computational models in psychiatry remain
under-validated due to the absence of standardized publish-
ing requirements or funding mandates prioritizing external
validation efforts (Monteith et al. 2023). One potential solu-
tion would be for journals and funding agencies to require
external validation and open science compliance as con-
ditions for publication and grant eligibility. Such policies
would encourage more rigorous model assessment, promote
transparency, and ultimately enhance the clinical utility of
computational psychiatry findings. While standardized pro-
tocols and collaborative frameworks provide a foundation,
the field must now focus on developing rigorous valida-
tion pipelines that can support reliable clinical deployment
(Fusar-Poli et al. 2022). While these validation frameworks
and open science practices provide essential methodologi-
cal foundations, their successful implementation ultimately
depends on sustained participant engagement. Even the most
rigorous validation protocols and data-sharing frameworks
will fail to yield clinically useful insights if researchers can-
not maintain consistent, high-quality data collection from
diverse participants over time. The challenges of recruit-
ment and retention in computational psychiatry studies are
particularly pronounced given the intensive nature of data
collection and the vulnerability of many target populations.
The following section examines how participant engagement
strategies can be optimized to support both robust validation
efforts and ecological validity in computational psychiatry
research.

5 Participant engagement

Sustained participant engagement in digital health imple-
mentations is crucial not only for ensuring high-quality
data collection but also for improving the ecological valid-
ity and generalizability of computational psychiatry mod-
els. Without sustained engagement, model predictions risk
being based on incomplete, biased, or unrepresentative
datasets, limiting their clinical utility. The challenges of
engagement and compliance have been well documented
in electronic diary studies (Wen et al. 2017). Traditional
approaches relying on generic reminders can become
intrusive and alter natural behavior patterns, affecting
both data quality and ecological validity. Personal sensing
approaches in mental health require careful consideration
of both passive data collection and active user partici-
pation strategies (Mohr et al. 2017). More sophisticated
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implementations are exploring personalized engagement
approaches based on detected usage patterns. In a micro-
randomized trial, Bidargaddi et al. (2018) examined how
the timing of push notifications affected engagement with a
mobile health app. Their study found that sending prompts
at 12:30 PM resulted in the highest engagement overall,
with an 8.8% increase in the likelihood of app use in the
following 24 h. Effects were particularly strong on week-
ends at both 12:30 PM and 7:30 PM, with up to 11.8%
increased engagement. The findings suggest that mid-day
notifications, particularly during lunch hours, may be most
effective for promoting app engagement. Beyond optimiz-
ing timing, emerging digital health systems are integrating
adaptive engagement strategies that respond dynamically
to individual behavior patterns. For instance, context-
aware mobile interventions can modify the frequency and
content of engagement prompts based on real-time user
activity, such as adjusting reminders based on detected
stress levels or modifying assessment intervals depending
on prior response consistency (Mohr et al. 2017). Such
context-sensitive approaches enhance both compliance and
data integrity, reducing participant burden while ensur-
ing robust longitudinal data collection. While participant
engagement strategies focus on sustaining long-term user
interaction with digital health tools, collaboration with
experts-by-experience extends beyond engagement to
actively shape computational psychiatry methodologies.
This approach ensures that psychiatric models are not only
user-friendly but also accurately reflect symptom dynam-
ics in real-world contexts.

Critically, the development of engagement strategies
benefits from incorporating lived experience perspectives
from the outset (Zidaru et al. 2021). Simblett et al. (2019)
found through qualitative interviews with service users
that concerns about privacy, data usage, and perceived
burden significantly influenced willingness to engage with
digital health tools. Service users emphasized the impor-
tance of having control over when and how they interact
with technology-based assessments. This aligns with find-
ings from Bucci et al. (2019), who demonstrated that co-
designing engagement approaches with service users led to
higher sustained participation rates—participants reported
feeling more invested in the process when they understood
how their data contributed to their health outcomes. Ensur-
ing engagement in digital health research requires not only
well-designed interventions but also adaptive methodolo-
gies that respond dynamically to participant behaviors.
Integrating expert-by-experience perspectives further
enhances engagement strategies by ensuring that compu-
tational tools align with the lived realities of those they
aim to support—necessary for computational psychiatry's
advancement.
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5.1 Collaboration with experts-by-experience

The development of clinically valid computational models
requires careful consideration of how psychiatric symptoms
manifest in real-world contexts, with increasing recognition
that computational psychiatry must account for both tempo-
ral dynamics and contextual factors (Hitchcock et al. 2022;
Treadway 2023). While computational approaches offer
powerful analytical tools, their clinical utility ultimately
depends on how well they capture individual experiences
of mental illness. Recent evidence suggests that standardized
computational tasks often fail to adequately reflect the com-
plex, dynamic nature of psychiatric symptoms as they occur
in daily life, particularly when models prioritize algorithmic
efficiency over ecological validity (Brown et al. 2020).

Patient-Reported Outcome Measures (PROMs) have
emerged as one effective formalization of this collabora-
tion, systematically capturing patients'views on symptoms,
treatment effects, and overall health status (@vretveit et al.
2017). These standardized measures help ensure that com-
putational models incorporate outcomes that are meaning-
ful to patients'lived experiences while maintaining scientific
rigor. This approach represents a shift from purely nomo-
thetic research designs toward methods that better account
for individual variation in symptom expression and experi-
ence (Brown et al. 2020; Treadway 2023).

The implementation of expert-by-experience collabora-
tion requires systematic evaluation of computational para-
digms against lived experience, including identification of
person-specific symptom dynamics and documentation of
contextual factors that trigger or modify symptoms (Hitch-
cock et al. 2022). The practical impact of this approach was
demonstrated in a groundbreaking pilot study by Vugetrna
et al. (2023), where people with Functional Neurological
Disorder actively participated in model development. Their
collaboration improved both task design and model valid-
ity through the development of computational tasks specifi-
cally tailored to reflect lived experiences. This integration
of lived experience has established a crucial methodologi-
cal framework in computational psychiatry, advancing the
field's translational potential (Treadway 2023) while ensur-
ing models meaningfully capture the complexity of psychi-
atric presentations in real-world clinical contexts (Hitchcock
et al. 2022). Sustaining engagement in digital health research
requires not only well-designed interventions but also adap-
tive methodologies that integrate participant feedback in real
time. While effective participant engagement provides the
foundation for quality data collection, these engagement
strategies must be supported by robust methodological
frameworks that can systematically optimize study designs
and adapt to participant needs. Adaptive methodologies,
such as ADO (Adaptive Design Optimization), further
strengthen the integration of expert-by-experience insights

by enabling real-time adjustments to computational mod-
els based on ongoing participant responses and behaviors
(Kwon et al. 2023). The following section examines these
methodological frameworks in detail, exploring how innova-
tions in study design, computational approaches, and open
science practices create the technical infrastructure neces-
sary to support both participant engagement and ecological
validity in computational psychiatry.

6 Methodological integration

Computational psychiatry depends on robust methodological
frameworks that optimize data collection, maintain scien-
tific rigor, and enhance real-world applicability. Previous
sections have highlighted challenges in ensuring participant
engagement, clinical validation, and population representa-
tiveness—all of which require methodological advancements
to address effectively. This section explores ADO as a strat-
egy for refining study protocols, computational frameworks
that support real-time decision-making, and open science
principles that promote transparency and reproducibility.
Together, these innovations ensure that digital health meth-
odologies remain both scalable and scientifically rigorous.

6.1 Adaptive design optimization

Adaptive design optimization (ADO) enhances ecological
validity in computational psychiatry research and assess-
ments by offering a more flexible and responsive frame-
work that better mirrors real-world conditions (Kwon et al.
2023). Unlike traditional fixed-design methodologies, ADO
incorporates real-time data analysis throughout the trial
process, allowing researchers to dynamically adjust study
parameters based on interim findings while maintaining
trial integrity. For example, cognitive task parameters can
be modified based on participant performance, ensuring
assessments remain optimally informative across diverse
patient populations.

ADO's value in computational psychiatry lies in its abil-
ity to maximize information gain while minimizing partici-
pant burden. Research demonstrates this efficiency through
delay discounting assessments—measures of how people
value immediate versus future rewards that are particu-
larly relevant in addiction research. Studies show that ADO
approaches can be 3-5 times more precise and 3-8 times
more efficient than standard fixed-sequence methods while
maintaining excellent reliability even in clinical populations
where attention difficulties or symptom severity might oth-
erwise compromise assessment quality (Ahn et al. 2020).
Rather than using fixed sequences of questions, ADO can
quickly identify key decision points (such as when someone
switches preference from immediate to delayed rewards) and
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focus subsequent questions around these points, enabling
more precise measurement of decision-making patterns with
fewer trials.

Furthermore, ADO enables researchers to refine inter-
vention protocols in response to emerging data and par-
ticipant feedback. This dynamic adaptation extends beyond
individual assessments to address broader methodological
challenges in computational psychiatry. For example, ADO
can help detect and counter algorithmic biases in computa-
tional models by continuously adjusting trial parameters in
response to subgroup-specific response patterns. By dynami-
cally analyzing real-time participant data, ADO can iden-
tify systematic differences in task performance, treatment
response, or model predictions across demographic groups,
allowing researchers to implement corrective adjustments
that improve model fairness and generalizability. When such
biases are detected, researchers can adjust trial parameters
to explore alternative strategies or parameter settings that
may better serve these populations (Thorlund et al. 2018).
This responsiveness not only enhances the ecological valid-
ity of the study but also increases the likelihood that the
interventions being tested will be both feasible and effective
in real-world settings.

6.2 Bridging implementation with methodological
foundations

Digital health platforms must not only collect ecologically
valid data but also support the computational modeling
approaches central to the field (Gillan & Rutledge 2021).
The integration of ADOs with continuous passive monitor-
ing requires sophisticated technical architectures that can
dynamically adjust computational task delivery based on
real-world behavioral patterns (Pooseh et al. 2018). Simi-
larly, the incorporation of expert-by-experience insights
discussed earlier demands flexible platforms that can adapt
to diverse symptom presentations while maintaining com-
putational rigor (D’Alfonso 2020).

6.3 Open science and reproducibility
in computational psychiatry

The integration of open science practices into digital health
implementations requires specific technical infrastructure
and standardized protocols. Successful implementation of
open science principles in computational psychiatry's digi-
tal health tools involves both data-sharing architectures and
reproducible analysis pipelines (Botvinik-Nezer et al. 2020;
Poldrack et al. 2020). Digital health platforms support-
ing open science should implement FAIR data principles
through specific technical features (Wilkinson et al. 2016;
Wise et al. 2019). Data storage systems need standardized
metadata schemas that capture both technical parameters
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(sensor specifications, sampling rates, processing pipelines)
and contextual information (study protocols, participant
demographics, environmental factors). For example, accel-
erometer data should include not just raw measurements
but also device model, wearing position, and calibration
parameters (Willetts et al. 2018). Standardized data-sharing
protocols enable researchers from different institutions to
systematically verify findings and build upon each other's
work while maintaining appropriate privacy safeguards
(Alter and Gonzalez 2018).

In implementing these technical requirements, privacy-
preserving data sharing represents a particular challenge
in digital health implementations (Price and Cohen 2019).
Successful approaches implement multi-tiered access con-
trols where different data components have varying sharing
levels (Price and Cohen 2019). Raw sensor data might be
restricted due to privacy concerns, while derived features
(daily activity levels, sleep patterns, social interaction fre-
quency) can be more widely shared. Implementation of auto-
mated anonymization pipelines is crucial—these should not
only remove direct identifiers but also assess and mitigate
re-identification risk from combined sensor data (Arbuckle
and Emam 2020). For example, GPS data requires careful
processing to obscure home locations while maintaining suf-
ficient granularity for mobility analysis.

Alongside privacy considerations, the implementation
of reproducible processing pipelines presents unique chal-
lenges in digital health (Beaulieu-Jones and Greene 2017).
Sensor data processing often involves multiple steps—filter-
ing, feature extraction, context classification—each poten-
tially introducing variability (Qiu et al. 2022). Successful
implementations maintain detailed provenance records for
all processing steps, including software versions, parameter
settings, and environmental conditions (Wilson et al. 2017).
Docker containers, which are standardized units of software
that package up code and all its dependencies, can encap-
sulate complete processing environments, ensuring compu-
tational reproducibility across different systems (Boettiger
2015; Niist et al. 2020). For instance, accelerometer pro-
cessing pipelines should document all filtering parameters,
activity classification thresholds, and any adaptive process-
ing decisions. By ensuring computational reproducibil-
ity through standardized containers (such as Docker) and
detailed version-controlled documentation, these approaches
provide a scalable framework for multi-site collaboration
and model validation in computational psychiatry (Karas
et al. 2019; van Hees et al. 2018).

As these methodological frameworks continue to evolve,
they create new opportunities for advancing both the sci-
entific rigor and real-world applicability of computational
psychiatry. Expanding upon the data collection approaches,
population representation strategies, validation frameworks,
and engagement methods discussed above, several emerging
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technological innovations offer promising directions for
future development. These advances directly address many
of the challenges identified throughout this perspective, from
enhancing ecological validity to improving privacy preserva-
tion and model generalizability.

7 Future innovations in computational
psychiatry

Building on the evidence and implementation strategies
discussed above, particularly regarding digital phenotyping
and context-aware data collection, several key technological
developments on the horizon could further transform how
we achieve ecological validity in computational psychiatry.
These emerging approaches directly address many of the
challenges identified throughout this paper, from improv-
ing context awareness to enhancing privacy preservation.
Advanced sensor integration through upcoming smart-
phone and wearable technologies offers opportunities for
more sophisticated context detection and behavioral moni-
toring. For instance, smartphone-based sensing combined
with ecological momentary assessments can provide rich
longitudinal data about behavioral patterns, mental health
states, and their relationship to environmental factors, as
demonstrated by studies tracking changes in student activity
patterns, social interactions, and psychological well-being
during periods of significant stress.

Extending the ADOs and hierarchical Bayesian
approaches discussed earlier, edge computing—which
processes data directly on local devices rather than remote
servers—presents opportunities for more sophisticated real-
time processing of behavioral data (Rubino et al. 2021). This
could enable adaptive computational models to run directly
on participants'devices, allowing for more responsive and
personalized task adjustment while reducing privacy con-
cerns associated with continuous data transmission (Covi
et al. 2021). Such capabilities could also support more
complex context detection algorithms that combine mul-
tiple sensor streams in real-time, enabling more nuanced
environmental classification. For example, combining accel-
erometer, GPS, ambient noise, and Bluetooth proximity
data could enable real-time detection of social interactions
in crowded environments, allowing computational tasks
assessing social reward processing to be triggered specifi-
cally during naturalistic social encounters rather than at
random intervals, thereby increasing ecological validity of
social cognition measurements.

Expanding on the open science principles and diverse
recruitment strategies outlined above, federated learning
(a machine learning approach where models are trained
across multiple decentralized devices while keeping the
data local) offers promising solutions for balancing scientific

collaboration with privacy requirements in healthcare (Li
et al. 2020), particularly addressing the representativeness
challenges discussed in our participant factors section. This
approach enables collaborative model development where
institutions share only encrypted gradient information rather
than raw data while keeping sensitive information localized
(Price and Cohen 2019). Future implementations could ena-
ble cross-site model training and validation across diverse
populations while maintaining privacy, potentially leading
to more robust computational models that generalize across
different clinical contexts.

These future developments will require careful consid-
eration of ethical implications, particularly around privacy
and agency—themes that resonate throughout our earlier
discussion of participant factors, expert-by-experience col-
laboration, and implementation challenges. As implementa-
tions become more sophisticated in their ability to detect
and respond to behavioral patterns, maintaining appropri-
ate boundaries and participant control will become increas-
ingly crucial, reflecting our earlier emphasis on integrating
lived experience perspectives. The field must work toward
implementations that enhance clinical utility while respect-
ing participant autonomy and privacy, ultimately serving our
core goal of achieving ecological validity in computational
psychiatry.

8 Conclusion

The advancement of computational psychiatry through digi-
tal health technologies presents both significant opportuni-
ties and methodological challenges for achieving ecologi-
cal validity. Our perspective has highlighted how innovative
approaches in data collection and trial design are transform-
ing our ability to capture and understand psychiatric phe-
nomena in real-world settings. Adaptive design optimiza-
tion, when combined with digital phenotyping and passive
data collection, offers promising solutions for enhancing
ecological validity while maintaining methodological rigor.

The integration of experts-by-experience in model devel-
opment has emerged as crucial for ensuring that compu-
tational approaches meaningfully capture the lived expe-
rience of psychiatric conditions. This collaboration has
proven particularly valuable in tailoring digital phenotyping
approaches and ecological momentary assessments to reflect
real-world symptom manifestations. Meanwhile, the adop-
tion of open science practices, especially in digital health
implementations, provides essential frameworks for enhanc-
ing model reliability and generalizability across different
clinical settings.

Critical challenges remain, particularly in addressing
algorithmic biases and ensuring equitable benefits across
diverse populations. Current evidence indicates significant
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disparities in model performance across demographic
groups, highlighting the need for more representative data
collection and validation approaches. The implementation of
privacy-preserving data-sharing architectures and standard-
ized processing pipelines represents a crucial step toward
more robust and generalizable computational models.

As digital health technologies continue to evolve, main-
taining ecological validity while ensuring methodological
rigor will remain fundamental to successful clinical trans-
lation. The field's future development depends on carefully
balancing technological innovation with practical clinical
utility, ensuring that computational approaches enhance
rather than complicate psychiatric care. Success in this
domain requires sustained attention to participant factors,
systematic validation approaches, and integration with estab-
lished clinical expertise, ultimately working toward com-
putational psychiatry tools that can meaningfully improve
patient outcomes in real-world settings.
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