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Abstract

Digital technologies are increasingly used in addiction care, yet telemedicine, ecological
momentary assessment, mobile applications, wearables, electronic health records, digital
therapeutics, and artificial intelligence commonly remain fragmented across separate plat-
forms and clinical workflows. This Concept Paper addresses this information—integration
gap by proposing the Digital Treatment Ecosystem (DTE), a person-centered, closed-loop
information architecture for precision addiction psychiatry. The framework was developed
through an integrative narrative synthesis of addiction, digital-health, health-informatics,
artificial-intelligence, implementation, and regulatory literature. Its originality lies not in
any individual technology, but in specifying a governed information-to-action cycle in
which heterogeneous longitudinal data are integrated with provenance and uncertainty,
interpreted against population-level and within-person baselines, translated into explicitly
owned clinician-supervised actions, and returned as outcome feedback for treatment adap-
tation and organizational learning. Five functional layers are proposed: multimodal data
acquisition; integration and interoperability; adaptive intelligence; clinical decision sup-
port; and intervention delivery with outcome feedback. Addiction-specific requirements
include dynamic craving and recurrence risk, treatment disengagement, polysubstance
use, medication continuity, overdose and withdrawal risk, stigma, confidentiality, and
fragmented service pathways. Six operationalized propositions define how the DTE can
be prospectively tested. The DTE is therefore proposed as a falsifiable socio-technical
architecture rather than an established or clinically validated treatment system.

Keywords: digital treatment ecosystem; precision addiction psychiatry; substance use
disorders; artificial intelligence; digital phenotyping; ecological momentary assessment;
interoperability; clinical decision support; digital therapeutics; learning health system

1. Introduction

Digital health has substantially expanded the capacity to assess, monitor, and intervene
in mental health conditions beyond conventional face-to-face encounters. Telemedicine,
mobile applications, ecological momentary assessment (EMA), wearable sensors, electronic
health records (EHRs), digital therapeutics (DTx), and artificial intelligence (AI) can each
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support specific components of longitudinal care. However, their deployment frequently
remains fragmented across separate platforms, data structures, professional workflows,
and organizational responsibilities. The resulting problem is therefore no longer simply
one of technological availability, but of how heterogeneous information can be transformed
into coherent, traceable, clinically actionable, and continuously learning care pathways.

This problem is particularly consequential in addiction psychiatry. Substance use
disorders (SUDs) remain major contributors to preventable morbidity, mortality, disability,
social disruption, and health-system expenditure, while global evidence continues to docu-
ment treatment gaps and substantial burden attributable to alcohol and other psychoactive
substances [1-3]. Clinically, addiction is characterized by fluctuating vulnerability rather
than stable risk: craving, cue exposure, stress, withdrawal, sleep disruption, affective
dysregulation, medication adherence, access to substances, social context, and engagement
with treatment may change substantially between scheduled encounters. Recurrent sub-
stance use may also occur within trajectories involving polysubstance exposure, psychiatric
and medical comorbidity, overdose vulnerability, stigma, and discontinuity across specialist
addiction, psychiatric, primary care, emergency, pharmacy, and community services.

Contemporary psychological and neuropsychiatric theories support this dynamic
perspective. Neurocircuitry models describe interacting processes involving reward and
incentive salience, negative emotionality and stress, learning and habit formation, and
impaired executive control [4,5]. Incentive-sensitization theory further emphasizes the
possibility that substance-related cues acquire persistent motivational salience, producing
amplified “wanting” that can become partly dissociated from hedonic “liking” [6]. Con-
temporary stress models describe dysregulated adaptive stress responses as contributors
to craving, compulsive substance use, treatment failure, and recurrence [7]. These per-
spectives complement the chronic medical illness model, which emphasizes longitudinal
management and continuing care rather than episodic detoxification alone [8]. Collectively,
they imply that clinically relevant vulnerability is multidimensional, temporally variable,
and context dependent rather than adequately represented by a single static diagnostic or
risk variable.

Digital technologies provide complementary methods for observing and responding
to such variation. Telemedicine can support access and relational continuity [9], mobile
health interventions can facilitate self-management and repeated measurement [10], and
digital mental health services can maintain contact when conventional care is disrupted [11].
Mobile applications may also support symptom tracking, psychoeducation, reminders,
and self-management [12]. The Behavioral Intervention Technology model formalized
relationships among intervention aims, behavioral strategies, technological elements, and
delivery characteristics [13]. These capabilities are clinically relevant, but their coexistence
does not itself constitute an integrated treatment ecosystem.

Al and machine learning (ML) add a further layer of opportunity and risk. Precision
psychiatry seeks to move beyond average treatment effects through stratification, trajectory
prediction, and individualized decision support [14], while cross-trial studies illustrate
the potential of ML to identify treatment-response signatures [15] and broader reviews
document rapid expansion of ML applications across mental health [16]. In medicine,
Al may support diagnosis, prognosis, workflow prioritization, signal interpretation, and
longitudinal risk estimation [17,18]. In addiction psychiatry, however, predictive perfor-
mance alone is insufficient: models must be interpretable in a clinical context, prospectively
validated, equitable, actionable, and embedded in pathways that specify who is responsible
for reviewing and acting on outputs.

Interoperability is the infrastructure required to connect these functions. EHRs,
patient-reported outcomes (PROs), mobile applications, wearables, laboratory systems,
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telemedicine platforms, and DTx often use different data structures and vocabularies. With-
out standardized exchange, digital information remains siloed and may increase rather
than reduce workload [19]. Health Level Seven Fast Healthcare Interoperability Resources
(HL? FHIR) provides a modular approach to health-data exchange [20], while mobile health
design must account for clinical context, usability, privacy, and the practical realities of care
delivery [21]. Interoperability, however, is necessary but not sufficient: exchanged data
must retain provenance, quality information, clinical meaning, and explicit responsibility
for downstream action.

Time-sensitive intervention provides a further conceptual foundation. Micro-
randomized and just-in-time adaptive intervention approaches offer methods for determin-
ing when, for whom, and under what conditions a digital prompt or therapeutic action
may be beneficial [22], while digital phenotyping uses active and passive data to character-
ize behavioral and physiological patterns in everyday life [23]. Precision psychiatry and
participatory medicine emphasize individualized decision-making and patient participa-
tion [24-26]; learning health systems require outcomes generated during routine care to
inform iterative improvement [27,28]; and implementation science is required to under-
stand how complex systems are adopted, adapted, and sustained across heterogeneous
clinical contexts [29]. The residual challenge is to connect these partially complementary
functions within one accountable information-to-action pathway.

Against this background, the present Concept Paper proposes the Digital Treatment
Ecosystem (DTE) as a person-centered, closed-loop information architecture for preci-
sion addiction psychiatry. The novelty of the DTE does not reside in telemedicine, EMA,
wearables, Al, interoperability, DTx, or any other individual component. Its proposed
contribution is relational and architectural: heterogeneous addiction-related data are in-
tegrated with provenance and uncertainty, interpreted against population-derived and
within-person baselines, translated into explicitly owned clinician-supervised actions, and
returned as outcome feedback for treatment adaptation and organizational learning. The
framework is intentionally technology-agnostic and hypothesis-generating. Its purpose
is to specify the functional, clinical, organizational, ethical, and evaluative requirements
that would need to be demonstrated before an integrated digital ecosystem could claim
incremental value over simpler digital or conventional addiction-care pathways.

2. Methodology and Framework Development
2.1. Problem Definition and Objectives

The framework-development process began from a predefined clinical and information-
science problem: digital addiction care increasingly generates clinically relevant informa-
tion through multiple technological channels, yet these information streams are frequently
disconnected from one another and from accountable clinical response pathways. The
purpose of the present work was therefore not to estimate the pooled efficacy of digital inter-
ventions, but to develop a conceptual architecture capable of specifying how heterogeneous
digital and clinical functions could be integrated into longitudinal addiction care.

Four objectives guided framework development: (1) to identify the functional re-
quirements necessary to connect multimodal addiction-related data with clinical action;
(2) to distinguish these requirements from functions already addressed by established
digital-health, information, and implementation frameworks; (3) to organize the identified
requirements into a closed-loop information architecture with explicit clinical ownership
and governance; and (4) to formulate empirically testable propositions and evaluation
domains through which the incremental value of the DTE could subsequently be supported,
modified, or rejected.
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2.2. Literature Identification and Selection

During framework development and revision (July-August 2026), PubMed /MEDLINE
was used as the principal biomedical bibliographic database, supplemented by targeted
searches of IEEE Xplore and relevant scholarly publisher platforms, backward and forward
citation tracing, and consultation of authoritative technical, regulatory, and policy sources.
No lower publication-date limit was imposed; literature available from database inception
through 25 August 2026 was eligible for consideration, although recent evidence was priori-
tized when it updated or superseded earlier work. Search concepts combined terms related
to substance use disorders and addiction with digital health, telemedicine, mobile health,
ecological momentary assessment, digital phenotyping, wearable sensing, digital thera-
peutics, artificial intelligence, machine learning, clinical decision support, interoperability,
FHIR, learning health systems, implementation, regulation, and digital health equity. The
literature-identification strategy was purposive rather than systematic because the objective
was framework development across heterogeneous clinical, technological, implementation,
and regulatory domains rather than exhaustive estimation of an intervention effect [30-34].

Priority was given to systematic or scoping reviews, consensus and reporting guid-
ance, technical standards, seminal conceptual frameworks, recent empirical studies directly
relevant to addiction whenever available, and authoritative institutional or regulatory
documents. Sources were retained when they informed at least one predefined functional
domain: longitudinal data acquisition; semantic or technical interoperability; adaptive
analytics; clinical decision support; digital or hybrid intervention delivery; outcome feed-
back; implementation; ethics; regulation; or equity. No meta-analysis, formal risk-of-bias
assessment, evidence grading, or PRISMA-based systematic-review claim was undertaken.
The resulting framework should therefore be interpreted as an integrative, theory-informed
conceptual synthesis rather than an exhaustive review of the digital-addiction literature.

2.3. Framework Construction

Framework construction proceeded through four conceptual stages. First, recurrent
functional requirements were extracted from the selected clinical, digital-health, informatics,
implementation, and regulatory studies. Second, these requirements were grouped accord-
ing to their position within an information—decision-intervention cycle, distinguishing
data acquisition, information integration, adaptive interpretation, clinical decision support,
and intervention/outcome functions. Third, the resulting functional groups were mapped
onto clinical accountability requirements, including provenance, uncertainty, ownership of
analytic outputs, escalation, patient preferences, and outcome feedback. Fourth, the archi-
tecture was examined against adjacent frameworks to distinguish inherited components
from the proposed integrative relationships of the DTE.

The resulting architecture was translated into conceptual boundaries, addiction-specific
design requirements, and six propositions intended for prospective empirical evaluation. The
DTE was not developed through Delphi consensus, formal expert elicitation, patient co-design,
or empirical optimization; these processes are therefore proposed as subsequent stages of
validation rather than implied characteristics of the present framework.

Use of Artificial Intelligence Tools in Figure and Table Preparation

Artificial intelligence tools were used during manuscript preparation to support the
definition, refinement, and graphical optimization of selected tables and Figures 1 and 2.
These tools were employed exclusively as author-supervised aids for improving visual
organization, clarity, consistency, and presentation. No artificial intelligence tool was
used to generate, fabricate, or analyze empirical data, nor to independently formulate
scientific conclusions. All scientific content, conceptual relationships, terminology, data
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representations, and final graphical and tabular outputs were critically reviewed, verified,
and approved by the authors, who retain full responsibility for their accuracy, scientific
integrity, and interpretation.

Conceptual Positioning of the Digital Treatment Ecosystem

Established functions are retained; the proposed novelty lies in governed integration into an addiction-specific information-to-action loop

Behavioral Intervention
Technology model

JITAI

adaptive decision rules

Digital phenotyping
repeated state sensing

HL7 FHIR / SMART
technical interoperability

NASSS
implementation & sustainability

Learning health system
organizational feedback

DTE ARCHITECTURE

1. Multimodal acquisition ‘
addiction-specific signals & context ‘

RESIDUAL INTEGRATION REQUIREMENTS

Data provenance & quality
source, timestamp, missingness

(<

Personalized baselines @
within-person + population context 2. Integration & interoperability |

provenance-preserving longitudinal record ‘

Explicit uncertainty
model, data-quality, transportability

3. Adaptive intelligence

Clinical ownership risk + uncertainty + personalized baseline

named reviewer and response responsibility

4. Clinician-supervised decision support
|

Addiction-specific escalation
explanation + owner + proportionate action

craving, disengagement, overdose, withdrawal

o

Patient preference & equity

choice, burden, non-digital alternatives 5. Intervention & outcome feedback

care delivery + learning

® DO 0

Outcome feedback
clinical utility and rule revision

@000

Closed-loop
outcome feedback

Proposed novelty: relational and architectural integration—not a new claim for any individual technology.

Figure 1. Conceptual positioning of the digital treatment ecosystem in relation to existing digital
health and information frameworks. Established approaches provide complementary functions
in behavioral-intervention design, time-sensitive adaptation, digital phenotyping, interoperability,
implementation, and organizational learning. The proposed DTE does not replace these approaches;
it specifies the residual integration requirements needed to connect heterogeneous addiction-related
data with provenance, personalized baselines, explicit uncertainty, clinical ownership, patient pref-
erence and equity safeguards, addiction-specific escalation, and outcome feedback. The proposed
novelty is relational and architectural rather than component-level, and any ecosystem-level clinical
benefit remains a hypothesis requiring prospective comparative evaluation. DTE, Digital Treatment
Ecosystem; FHIR, Fast Healthcare Interoperability Resources; JITAL just-in-time adaptive interven-
tion; NASSS, nonadoption, abandonment, scale-up, spread, and sustainability; SMART, Substitutable
Medical Applications and Reusable Technologies.

2.4. Conceptual Boundaries and Positioning Against Existing Frameworks

The DTE is not synonymous with a digital health platform, an EHR extension, a
prescription DTX, a learning health system, or an Al prediction model. It is defined by
the coordinated relationship among these components. Its distinctive requirements are
integration of active, passive, clinical, therapeutic, and contextual data; preservation of
provenance and uncertainty; use of personalized baselines alongside population-derived
models; explicit assignment of clinical ownership for analytic outputs; proportionate
escalation rules; bidirectional outcome feedback; and governance that treats engagement,
burden, equity, and trust as properties of the system rather than solely of the individual
user. The DTE is consequently technology-agnostic and may be implemented through
different local infrastructures, provided that the functional and governance requirements
remain demonstrable.

A further boundary concerns autonomy. The adaptive intelligence layer may summa-
rize patterns, estimate probabilities, identify deviations, and prioritize review, but it does
not independently diagnose substance use recurrence, alter medication, initiate coercive ac-
tion, or replace shared decision-making. The framework also does not assume that greater
data volume necessarily produces better care. Data acquisition is justified only when the
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information has a defined clinical purpose, acceptable burden, proportionate privacy risk,
and a specified pathway from observation to accountable action. Table 1 positions the DTE
against closely related frameworks and infrastructures to clarify what is inherited and what
constitutes the proposed integrative contribution.

Five-Layer Closed-Loop Information Architecture for Precision Addiction Psychiatry

Example information flow; all ecosystem-level clinical benefits remain hypotheses requiring prospective validation

PERSON-CENTERED, CLINICIAN-SUPERVISED ADDICTION CARE

i 1. MULTIMODAL ACQUISITION
A~

» Craving & substance-use PROs via PROMs * Medication continuity & attendance
= * EMA: stress, affect, cue exposure * Wearables/sensors, EHR, telemedicine, DTx, social context
2. INTEGRATION & INTEROPERABILITY
® * FHIR / semantic normalization « Data-quality and missingness flags
* Source provenance & timestamps + Longitudinal patient record
3. ADAPTIVE INTELLIGENCE ?“:’;mi
@% » Within-person baseline + population model * Predictive + data-quality + transportability uncertainty Bodoac
* Recurrence/disengagement estimates « Prioritized signals; no automatic diagnosis
| ® 4. CLINICAL DECISION SUPPORT
| CE‘& * Named clinician / case-manager owner « Patient preferences & shared decision-making
+ Contributing factors + explanation  Supportive outreach, ication review, p ial/h. duction escalation |

~ 5. INTERVENTION & OUTCOME FEEDBACK

) * Telemedicine, medication, psychotherapy, DTx, contingency management, peer/family support
* Outcomes: craving, substance-use/recovery goals, retention, medication continuity, functioning/QoL, adverse events, burden
¢ Feedback informs treatment adaptation, rule revision, quality improvement

N

@ CROSS-CUTTING: privacy & cybersecurity « ethics & governance « equity & accessibility + human oversight « workforce capacity « quality monitoring

Figure 2. Five-layer closed-loop information architecture of the digital treatment ecosystem for
precision addiction psychiatry. Addiction-specific multimodal information enters the acquisition
layer and is standardized with provenance and data-quality metadata in the integration layer. The
adaptive-intelligence layer combines within-person and population information to generate risk esti-
mates, deviations, and explicit uncertainty without independently diagnosing recurrence. Clinician-
supervised decision support translates these outputs into reviewable, explicitly owned tasks that
incorporate explanation and patient preferences. Digital, pharmacological, psychological, social,
and harm-reduction interventions are linked to outcomes that return as feedback. Privacy and
cybersecurity, ethics and governance, equity and accessibility, human oversight, workforce capacity,
and quality monitoring operate across all layers. Ecosystem-level benefits are hypothesized and
require prospective validation. DTE, Digital Treatment Ecosystem; DT, digital therapeutics; EHR,
electronic health record; EMA, ecological momentary assessment; FHIR, Fast Healthcare Interoper-
ability Resources; PRO, patient-reported outcome; PROM, patient-reported outcome measure; QoL,
quality of life.

Table 1. Positioning the digital treatment ecosystem in relation to existing digital health and informa-
tion frameworks.

Existing Approach

Residual Integration
Requirement Addressed by
the DTE

Function Already

Primary Contribution Established

Behavioral Intervention

Technology Model

End-to-end clinical
information architecture
Maps intervention aims, linking multimodal
behaviortal strategies, technology-mediated longitgdinal (.ia'ta,
technological elements, . - . uncertainty, clinical

. . behavioral interventions .
and delivery characteristics ownership, and
organizational

outcome feedback

Formal design of
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Table 1. Cont.

Residual Integration

Existing Approach Primary Contribution Function 'Already Requirement Addressed by
Established
the DTE
Embedding adaptation

Just-in-Time Adaptive
Intervention approaches

Defines tailoring variables,
decision points,
intervention options, and
proximal outcomes

Time-sensitive
adaptive intervention

within longitudinal records,
governance, clinician
oversight, cross-service
interoperability, and
longer-term outcomes

Derives behavioral and

Repeated or continuous

A defined pathway from
probabilistic signals to

Digital phenotyping physmlogl'ca.l information state characterization accountable, contextually
from digital traces i . .
verified clinical actions
Clinical meaning, risk
HL7 FHIR /SMART Standardizes exchange o N . 1nterpre:tat10n, escal:.atlon,
and modular Technical interoperability  intervention ownership, and
on FHIR . iy
application interfaces feedback are not specified by
interoperability alone
. . An addiction-treatment
Explains nonadoption, . ) . .
Implementation and information architecture
NASSS abandonment, scale-up, ) . .. )
e complexity analysis linking information flow to
spread, and sustainability . .
clinical action
Moment-to-moment
Returns routine-care data Oreanizational learnin multimodal state estimation
Learning Health System  to knowledge generation & & and clinician-supervised
: and feedback . -
and system improvement adaptive addiction
intervention
Multimodal acquisition — . .
. Requires prospective
provenance-preserving .
Integrates complementary . : demonstration of
.. . o1 integration — . ..
Digital Treatment functions within an . incremental clinical,
.. . uncertainty-aware o
Ecosystem addiction-specific closed organizational,

information-to-action loop

inference — accountable
action — intervention —
outcome feedback

equity-related, and
economic value

Legend. The comparison distinguishes the established contribution of adjacent frameworks from the
proposed integrative role of the DTE. The DTE does not claim novelty for its individual technological
components; its proposed novelty is relational and architectural, and its incremental value remains
an empirical question.

2.5. Operationalized Testable Propositions

Proposition 1. Interoperable integration of multimodal data is hypothesized to produce greater
clinical actionability than parallel access to disconnected digital data streams.

Proposition 2. Within-person deviations from personalized baselines are hypothesized to provide
greater short-term clinical relevance than population-derived thresholds alone.

Proposition 3. Clinician-supervised adaptive decision support is hypothesized to improve response
timeliness without increasing inappropriate automated escalation.

Proposition 4. Closed-loop outcome feedback is hypothesized to improve treatment adaptation and
organizational learning relative to open-loop digital monitoring.
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Proposition 5. Human-centered design, meaningful patient participation, and equity safequards are

hypothesized to moderate adoption, engagement, and effectiveness across heterogeneous populations.

Proposition 6. A DTE is hypothesized to produce incremental benefit only when information

integration is accompanied by explicit clinical ownership, response capacity, and workflow redesign.

These propositions concern incremental ecosystem-level effects and should not be

conflated with evidence supporting individual components. For example, evidence that

EMA can measure craving or that telemedicine can deliver addiction treatment does

not establish that integrating EMA and telemedicine within a DTE improves outcomes.

Each proposition therefore requires a comparator capable of isolating the value added

by integration, adaptation, clinical ownership, or feedback. Table 2 provides candidate

operational definitions, designs, and failure criteria.

Table 2. Proposed operationalization and empirical testing of the six DTE propositions.

Primary Opera- Candidate Finding That Would
Proposition Comparator . Ty P . Fail to Support
tional Measures Study Design o
the Proposition
Proportion of
P1. Integrated sillrgsf; lyrge(ii‘é?:t No improvement in
multimodal Integrated DTE view ga rI()) rate & Crossover, cluster actionability, or
information vs. parallel docufnlient}; d action: trial, or increased workload
increases disconnected streams time-to-action: ! simulation study without
actionability e e compensating benefit
reconciliation
workload
Discrimination;

P2. Personalized
deviations improve

Within-person model
vs. population

calibration; Brier
score; clinically

Prospective
prediction cohort

No incremental
predictive or

near-term relevance thresholds . clinical utility
useful lead time
Alert-to-review time;
P3. Supervised - Adaptlve . appropriate Cluster randomized Faster responses
. clinician-supervised escalation; accompanied by

adaptive CDS . . or stepped-
. o CDS vs. false/inappropriate ) unacceptable false
improves timeliness . L wedge design .

usual monitoring escalation; escalation or burden

clinician burden

P4. Closed-loop
feedback
improves adaptation

Closed-loop vs.
open-loop
monitoring

Frequency and
appropriateness of
treatment
adaptations;
retention; treatment-
response trajectories

Pragmatic
comparative trial

No meaningful
increase in adaptive
care or patient-
relevant outcomes

P5. Human-
centered/equity
safeguards improve
implementation

Co-designed/equity-
supported vs.
standard
deployment

Acceptability;
adoption; usability;
retention; digital
burden;
subgroup disparities

Factorial or hybrid
implementa-
tion study

Persistent or
widened access,
burden, or
outcome disparities

https:/ /doi.org/10.3390/info17090916


https://doi.org/10.3390/info17090916

Information 2026, 17, 916 9 of 32
Table 2. Cont.
. Primary Opera- Candidate F1nd1.ng That Would
Proposition Comparator . . Fail to Support
tional Measures Study Design o
the Proposition
Outputs with

P6. Integration
requires
ownership and
response capacity

Technical integration = documented owner;
alone vs. integration =~ completed actions; = Hybrid effectiveness—

No incremental
benefit when
workflow resources

plus defined unresolved alerts; implementation study and ownershi
clinical workflow response time; are added P
staff workload

Legend. The proposed measures are illustrative rather than prescriptive. Specific thresholds, out-
comes, and comparators require prospective pre-specification and validation in the target addiction-
care setting. CDS, clinical decision support; DTE, Digital Treatment Ecosystem.

3. Positioning the DTE Within Existing Digital Health and
Information Frameworks

Digital health has evolved from early e-health and telepsychiatry toward increas-
ingly connected models of remote assessment, intervention, and service redesign [35-40].
Ecological momentary interventions and EMA extended support and measurement into
everyday life, while addiction-specific mobile applications demonstrated that structured
recovery support can be delivered beyond the clinic and just-in-time approaches formalized
time-sensitive tailoring [41-44]. These developments established important component
functions but did not by themselves define an accountable pathway linking heterogeneous
data to longitudinal clinical action.

Wearables, passive sensing, engagement science, EHRs, and ML expanded the digital
information environment and the capacity to characterize behavioral and physiological
trajectories [45-57]. Their growth also exposed recurrent limitations: measurement validity,
device adherence, proprietary algorithms, missingness, weak interoperability, and the
risk of equating technical engagement or predictive performance with clinical benefit.
For the DTE, these technologies are therefore treated as bounded functional components
whose value depends on inference quality, contextual interpretation, and linkage to an
actionable workflow.

The transition from tools to an ecosystem is consequently organizational as well
as technological. Digital innovation succeeds when technical components are aligned
with clinical roles, incentives, workflows, and patient needs [58]. NASSS explains how
nonadoption, abandonment, scale-up, spread, and sustainability emerge from interactions
among the condition, technology, value proposition, adopters, organization, wider system,
and adaptation over time [59]. SMART on FHIR illustrates modular interoperability around
EHRs [60], while digital-transformation scholarship emphasizes that introducing software
without redesigning organizational capability and value creation is insufficient [61-63].

Participatory medicine and human-factors approaches further require that patients be
treated as active contributors rather than passive data sources, and that technologies be
evaluated within the practical work of patients and clinicians [64,65]. The World Health
Organization frames digital transformation as a means of strengthening equitable, person-
centered health systems [66], while learning-health-system models require routine-care data
to support feedback, knowledge generation, and iterative improvement [67-69]. The DTE
builds on these established contributions by specifying the clinical information relationships
that must connect them in addiction care.

Figure 1 summarizes the conceptual transition from fragmented digital modalities
toward an adaptive DTE. The figure should be read together with Table 1: individual
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technologies and frameworks retain their established functions, whereas ecosystem-level
effects remain hypotheses that require comparative prospective evaluation.

4. Digital Technologies as Functional Components

Within the DTE, technologies are defined by the clinical functions they perform rather
than by novelty or commercial category. The evidence summarized in this section concerns
individual technologies or bounded digital interventions and should not be interpreted as
evidence that the integrated DTE as a whole improves clinical outcomes. Component-level
efficacy, feasibility, or predictive performance and ecosystem-level effectiveness are distinct
empirical questions. Telemedicine provides relational and organizational continuity; mobile
health supports self-management and repeated measurement; EMA captures time-varying
experience; wearables and sensors add passive physiological or behavioral information;
EHRs provide clinical history; DTx deliver structured interventions; Al supports adap-
tive interpretation; and online communities may extend recovery-oriented social support.
Evidence for telemedicine-delivered SUD interventions and mobile health approaches indi-
cates meaningful potential but substantial heterogeneity in design, engagement, outcomes,
and implementation [70-72]. The principal components are summarized in Table 3.

Table 3. Functional components of digital technologies within the digital treatment ecosystem (DTE).

Technolo Ef;lsmsizym Main Data Clinical Strengths Main
8Y ye Generated Applications & Limitations
Function
.. Assessment, Connectivity
Clinical . . - .
- C Visits, clinical psychotherapy, Accessibility; requirements;
Telemedicine communication L o -
.. notes, follow-up medication continuity reduced physical
and continuity . o
review examination
PROs collected
Mobile health Self- through PROMs; Mon.ltormg, . N Variable
(mHealth) management and adherence reminders, High scalability long-term
engagement reports; psychoeducation engagement
symptom reports
Ecological Real-time Craving, mood, Relapse-risk High ecological
momentary symptom o - Response burden
stress, context monitoring validity
assessment capture
Passive Stress, Device
Wearables and . - Heart rate, HRYV, withdrawal, Continuous .
- physiological L " adherence; signal
biosensors 9 sleep, activity recovery acquisition o
monitoring o variability
monitoring
Electronic health Clinical 1agnoses, Longitudinal Structured Interoperability
. ] medications, .. . . N
records integration care coordination  clinical history limitations
laboratory data
Digital E\.ndence—b.ased Modul'e CBT, relapse Standardized Requ.lres
. intervention completion, . sustained
therapeutics . . prevention treatment
delivery exercises adherence
Bias; limited
Artificial Adaptive Risk scores, Clinical . Pqtgn tial f or exl?lalr}ablhty;
intelligence analytics predictions decision support individualized validation and
analytics drift
requirements
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Table 3. Cont.
Pri . .. .
Technolo Ecslsmsizz Main Data Clinical Strengths Main
8y ys Generated Applications & Limitations
Function
- Participati . .
Online recovery . articipation and Peer recovery Community Variable
. Social support engagement e .
communities support participation content quality

metrics

Legend. The table summarizes the principal digital technologies discussed in Sections 3-5 and their
component-level role within the proposed DTE. It does not imply that combining these technologies
has established ecosystem-level effectiveness. Abbreviations: CBT, cognitive behavioral therapy;
EMA, ecological momentary assessment; EHR, electronic health record; HRV, heart-rate variability;
PRO, patient-reported outcome; PROM, patient-reported outcome measure.

4.1. Telemedicine and Relational Continuity

Telemedicine can reduce geographic, mobility, scheduling, and stigma-related barriers
to addiction care. A systematic review of telemedicine-delivered SUD interventions found
evidence across counseling, pharmacotherapy support, monitoring, and continuing care,
although methodological heterogeneity limited strong comparative conclusions [70]. More
specifically, an observational evaluation of the telemedicine-based STANDUP® method
in 98 individuals with cocaine use disorder reported substantial reductions in craving
after three months of treatment followed by partial resurgence at six months [71]. These
findings do not establish the effectiveness of an integrated DTE, but they provide an
addiction-specific example of repeated digital assessment, structured remote intervention,
and longitudinal follow-up within a continuing-care pathway. Within a DTE, telemedicine
should therefore be treated as a relational interface through which measurement, interpre-
tation, shared decision-making, medication review, psychotherapy, family involvement,
and care coordination may be connected rather than as a substitute video appointment.

4.2. Mobile Health, EMA, and Patient-Reported Outcomes

Mobile health interventions can deliver psychoeducation, coping exercises, medication
reminders, self-monitoring, contingency-management elements, and links to professional
or peer support. Their principal ecosystem value lies in combining intervention delivery
with repeated measurement [72]. EMA is particularly relevant because craving and sub-
stance use are embedded within dynamic interactions among affect, stress, social context,
cue exposure, and opportunity. A systematic review of EMA in substance use research
demonstrated its capacity to capture craving and consumption in daily life with reduced
retrospective distortion [73]. Ecological data have also been used to predict recurrence
after treatment [74] and to characterize proximal relationships among affect, craving, and
recurrence risk [75]. Patient-reported outcomes (PROs) are the outcomes reported directly
by patients, whereas patient-reported outcome measures (PROMs) are the instruments
used to collect them; this distinction is retained throughout the DTE architecture.

In the DTE, active data collection should be parsimonious. The objective is not maximal
questionnaire frequency but the smallest clinically meaningful set of observations needed
to detect change. Individualized schedules may reduce response burden, while adaptive
sampling can increase measurement during periods of elevated risk and decrease it during
stable recovery. Patient control over notification timing, data visibility, and pause functions
is essential to preserve autonomy and prevent monitoring from becoming intrusive.

4.3. Wearables, Passive Sensing, and Multimodal Trajectories

Wearables and smartphone sensors may contribute information on sleep, activity, heart
rate, heart-rate variability, geolocation, mobility regularity, and communication patterns.
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The D-TECT program illustrates the methodological potential of combining digital health
data with clinical trajectories during medication treatment for opioid use disorder [76].
Emerging work also investigates wearable and phone-derived biomarkers of drug-use
recurrence [77]. These signals should be interpreted as probabilistic and contextual rather
than diagnostic. Sleep disruption, reduced mobility, or autonomic change can reflect
craving, withdrawal, depression, physical illness, work schedules, device nonwear, or
ordinary variation. A DTE therefore requires personalized baselines, uncertainty estimates,
and confirmatory human assessment before escalation.

4.4. Digital Therapeutics and Adaptive Intervention Delivery

Digital therapeutics translate evidence-based behavioral content into structured
software-mediated interventions. Reviews of SUD mHealth reporting reveal persistent
inconsistency in usability measures, engagement definitions, and impact evaluation [78].
Meta-analytic evidence among young people suggests that digital health interventions can
reduce substance use, although effects vary by modality, population, and outcome [79]. Sec-
ondary analyses of prescription digital therapeutics indicate favorable safety and efficacy
signals [80], and engagement patterns have been associated with abstinence outcomes [81].
Real-world evaluations further suggest that prescription digital therapeutics may pro-
duce clinically meaningful outcomes outside tightly controlled trials, but selection effects,
reimbursement, onboarding, and differential engagement require careful study [82].

In the DTE, digital therapeutics should be prescribed as part of a care plan rather
than offered as an unconnected content library. Completion data, skill use, self-reported
benefit, and nonresponse should inform clinical review. The ecosystem should also support
stepped intensity: automated psychoeducation or coping support may be appropriate for
lower-risk moments, whereas sustained deterioration, overdose risk, severe withdrawal,
suicidality, or complex comorbidity requires direct professional assessment and established
emergency procedures.

Evaluation of Digital Therapeutics Within the DTE

Evaluation of DTx within a DTE should distinguish the performance of the therapeutic
software itself from the incremental value of integrating it into a broader clinical ecosystem.
At the intervention level, efficacy should be examined using an appropriate comparator
and clinically meaningful substance use, craving, retention, functioning, or quality-of-life
outcomes. Effectiveness should subsequently be evaluated under routine-care conditions,
including heterogeneous populations and realistic levels of adherence. Engagement should
not be reduced to log-in frequency but should incorporate exposure to therapeutic content,
completion of clinically meaningful activities, skill use, persistence, and reasons for nonuse.

Additional domains include safety and unintended effects; durability after active
treatment; acceptability and usability; adoption, appropriateness, feasibility, fidelity, pene-
tration, and sustainability; differential uptake and effectiveness across demographic and
socially marginalized groups; clinician workload; and health-economic value. At ecosystem
level, a particularly informative comparison is DTx delivered as an isolated intervention
versus the same DTx embedded within a DTE in which engagement, nonresponse, clin-
ical deterioration, and treatment outcomes are returned to clinicians and used to inform
subsequent care. Such designs would allow the incremental contribution of ecosystem
integration to be tested rather than assumed.

4.5. Online Recovery Communities and Contextual Support

Online recovery support can extend social connection, mutual aid, identity recon-
struction, and continuity beyond formal treatment. Reviews have described the scientific
basis and potential reach of digital recovery support services [83]. However, moderation,
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misinformation, privacy, commercial influence, and variable community norms may affect
safety. The DTE should therefore distinguish between clinically governed peer-support
functions and open social-media environments, while respecting that many individuals
value anonymous or nonclinical recovery communities.

Context is especially important in low- and middle-income settings, where telehealth
may widen reach but can also reproduce infrastructure and workforce inequalities. A
scoping review identified both opportunities and substantial evidence gaps in telehealth
interventions for SUDs in low- and middle-income countries [84]. Ecosystem design
should allow low-bandwidth communication, asynchronous options, shared devices where
appropriate, accessible language, and non-digital alternatives.

4.6. Primary Care and Service-Level Integration

Primary care is a critical setting for identifying unhealthy substance use, initiating or
coordinating treatment, and managing comorbid medical conditions. A mixed-methods
pilot of prescription digital therapeutics in primary care illustrates the implementation
work required around referral, activation, clinician awareness, workflow ownership, and
follow-up [85]. Within a DTE, primary care, specialist addiction services, emergency care,
mental health services, pharmacies, and community organizations should be linked through
explicit information-sharing and escalation rules, rather than assuming that technology
itself will create coordination.

5. Artificial Intelligence as the Adaptive Intelligence Layer

Al is conceptualized within the DTE as an adaptive intelligence layer that transforms
longitudinal, multimodal information into clinically reviewable patterns. ML methods
are increasingly embedded within biomedical engineering and clinical analytics [86], and
addiction research now has a growing methodological literature describing supervised
learning, unsupervised learning, feature selection, validation, and performance assess-
ment [87]. The appropriate question is therefore not whether Al should be added to
addiction care, but which tasks can be supported safely, which outcomes matter clinically,
and what governance is required when predictions influence care.

5.1. Digital Phenotyping and Dynamic State Estimation

Digital phenotyping may enhance SUD treatment by characterizing changes in behav-
ior, context, and physiology between visits [88]. Passive GPS features have been used to
predict stress and drug craving approximately ninety minutes in advance [89], illustrating
the possibility of near-term risk estimation. Such findings remain exploratory and should
not be interpreted as deterministic prediction. The clinically useful output is not a label of
inevitable relapse, but an uncertainty-calibrated indication that the patient’s current pattern
differs from their own stable baseline and may warrant a check-in, coping intervention,
or review.

Risk and Uncertainty

Risk and uncertainty should be treated as distinct outputs within the DTE. Predictive
or model uncertainty refers to the confidence associated with an estimated probability or
predicted trajectory. Data-quality uncertainty arises when inputs are missing, noisy, incon-
sistently sampled, affected by device nonwear, or otherwise unreliable. Distributional or
transportability uncertainty occurs when an individual or clinical context differs materially
from the data on which a model was developed or validated. These forms of uncertainty
should be represented separately whenever technically feasible.

Importantly, a high estimated risk does not necessarily imply high confidence, and
a low estimated risk may also be unreliable when input quality is poor or the patient lies
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outside the model’s validated distribution. Uncertainty should therefore influence the
degree of automation and the required level of human verification. In the proposed DTE,
uncertain outputs should generally prompt contextual review or additional information
gathering rather than stronger automated intervention.

5.2. Prediction of Engagement, Retention, and Recurrence

Treatment retention is a particularly relevant target because disengagement often
precedes preventable deterioration. Multisite EHR and ML analyses have investigated the
predictability of retention during buprenorphine-naloxone treatment [90]. A DTE could
combine appointment history, medication continuity, EMA completion, treatment mile-
stones, social determinants, and patient preferences to identify modifiable barriers. How-
ever, a model should not penalize patients whose missingness reflects unstable housing,
limited connectivity, caregiving responsibilities, incarceration, hospitalization, or distrust.
Predictive outputs should trigger supportive outreach rather than coercive surveillance or
reduced access.

5.3. Al in Opioid Use Disorder and Population-Level Risk

Al applications in opioid use disorder span risk stratification, overdose surveillance,
treatment matching, retention prediction, natural-language processing, and clinical deci-
sion support. A review of the gray literature identified substantial innovation but limited
transparent evidence and evaluation [91]. Big-data and predictive-modeling approaches
may contribute to understanding and responding to the opioid crisis, but their value
depends on data quality, transportability, and alignment with public-health and clinical
decisions [92]. Population-level prediction should not be conflated with individual diagno-
sis, and high-risk classification must not become a basis for stigma, denial of analgesia, or
punitive action.

5.4. Explainability, Bias, and Clinical Meaning

Explainability is frequently proposed as the solution to Al opacity, yet current
explainable-Al approaches can create false reassurance when explanations are unstable,
technically plausible but clinically misleading, or detached from causal mechanisms [93].
Bias is equally consequential. A widely used population-health algorithm demonstrated
racial bias because health-care cost was used as a proxy for health need [94]. Addiction
datasets may encode similarly problematic proxies through arrest history, emergency uti-
lization, insurance status, or treatment attendance. Responsible models require explicit
definition of the target, assessment of proxy variables, subgroup performance analysis, and
evaluation of downstream clinical consequences.

5.5. Privacy-Preserving and Responsible Machine Learning

Federated learning offers one approach to collaborative model development without
centralizing all raw data, although it does not eliminate privacy, bias, governance, or
security risks [95]. More broadly, responsible ML requires attention to data provenance,
missingness, clinical workflow, prospective evaluation, human factors, failure modes, and
monitoring after deployment [96]. Critical questions concerning transparency, replica-
bility, ethics, and effectiveness should be answered before claims of patient benefit are
accepted [97]. The DTE therefore treats AI models as versioned clinical components subject
to audit, recalibration, and withdrawal when performance deteriorates.

5.6. Reporting, Validation, and Human Ouversight

Clinical evaluation of Al-enabled interventions requires reporting standards that
extend beyond conventional trial descriptions. CONSORT-AI specifies additional reporting
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requirements for clinical trials involving Al interventions [98], while SPIRIT-AI addresses
trial protocols [99]. These guidelines reinforce the need to describe input data, handling
of poor-quality inputs, interaction between users and systems, error analysis, and the
role of human judgment. Treatment services may not yet possess the data infrastructure,
workforce capability, governance, or implementation readiness required for large-scale Al
use in opioid treatment [100]. Consequently, the DTE positions Al as decision support:
clinicians retain responsibility for interpreting outputs in relation to the patient’s narrative,
goals, comorbidities, social context, and preferences.

6. Digital Treatment Ecosystem Framework
6.1. Design Principles

The proposed DTE is organized around six design principles: person-centeredness,
longitudinality, interoperability, clinical actionability, human supervision, and continuous
learning. FHIR has become a central standard for digital health exchange and modular
health applications [101], but interoperability also requires semantic alignment, governance,
provenance, identity management, and reconciliation across heterogeneous systems [102].
Person-generated data should enter routine care through standardized workflows that
define data quality, responsibility, and clinical response [103]. FHIR-based clinical informa-
tion systems may further support ML-enabled services when technical architecture and
clinical objectives are jointly designed [104].

Actionability is equally important. Clinical decision-support alerts may be ignored
when they are poorly timed, non-specific, repetitive, or disconnected from workflow [105].
Human-centered design can improve relevance and equity by involving patients, families,
clinicians, and underserved groups in the development process [106]. The User-Centered
Framework for Implementation of Technology links tool design with tailored implementa-
tion strategies [107], while operational studies of remote patient monitoring demonstrate
the importance of staffing, enrollment, escalation, and integration within existing ambula-
tory systems [108].

6.2. Addiction-Specific Design Requirements

Although several architectural principles of the DTE may be transferable to other
chronic conditions, its instantiation in addiction psychiatry is defined by a distinctive com-
bination of temporal, clinical, ethical, and organizational requirements. Clinically relevant
states such as craving, cue exposure, withdrawal, stress, affective dysregulation, and oppor-
tunities for substance use may fluctuate over hours or days; treatment disengagement may
itself be a clinically meaningful signal; and medication continuity, polysubstance exposure,
overdose vulnerability, and interactions between psychiatric and medical comorbidity may
require rapid contextual review. Addiction-related information also carries exceptional
stigma and confidentiality implications and may affect employment, family relationships,
insurance, criminal legal involvement, and willingness to seek care.

Addiction care commonly spans specialist services, psychiatry, primary care, emer-
gency medicine, pharmacies, social services, peer-recovery organizations, and, in some
settings, criminal legal systems. This creates a strong requirement for explicit information-
sharing rules and clinical ownership. The meaning of digital nonengagement is also
inherently ambiguous: missed EMA entries, reduced mobility, or device nonuse may in-
dicate deterioration, but may equally reflect poverty, unstable housing, hospitalization,
incarceration, work demands, device loss, privacy concerns, or a deliberate preference
not to engage digitally. The DTE architecture may therefore be structurally generalizable
but is clinically addiction-specific through the signals monitored, temporal risk horizons,
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escalation rules, confidentiality safeguards, treatment modalities, service interfaces, and
outcomes that populate the architecture.

6.3. Five-Layer Architecture and Closed-Loop Workflow

The DTE comprises five functional layers connected through a closed-loop workflow:
(1) multimodal data acquisition; (2) integration and interoperability; (3) adaptive intelli-
gence; (4) clinical decision support; and (5) intervention delivery and outcome feedback.
Figure 2 presents their relationship with the person-centered clinical loop and cross-cutting
enablers. The operational characteristics of the five layers, including inputs, processes,
outputs, responsible actors, and hypothesized clinical contributions, are summarized in
Table 4.

Table 4. Operational architecture of the digital treatment ecosystem (DTE): five-layer framework and
clinical workflow.

DTE Layer

Primary Objective and

Core Process, Outputs, and
Responsible
Actors/Accountability

Hypothesized

Key Inputs Clinical Contribution

1. Multimodal
data acquisition

Objective: Capture

longitudinal patient Process: Continuous collection,
information validation, timestamping
Inputs: EHR data; Outputs: Time-stamped
substance use and craving  multimodal data with source and
PROs collected through quality metadata May provide a
PROMSs; EMA of craving, = Responsible actors/accountability: ~ longitudinal multimodal
stress, affect and cue Data originators and custodians representation of clinically
exposure; medication include patients, clinicians, and relevant state and context
continuity; engagement digital systems; no device or
data; wearables/sensors; software component has
telemedicine; DTx; autonomous clinical
contextual and decision authority

social information

2. Integration and
interoperability

Objective: Harmonize

Process: FHIR mapping, semantic
normalization, quality control
Outputs: Standardized record with
provenance, quality, and consent

. . metadata May improve semantic
heterogeneous information . - R s
. Responsible actors/accountability: — continuity and traceability
Inputs: Clinical and . e
Health-IT and interoperability across sources

igital . .
digital datasets services are technically accountable

for data exchange; clinical
accountability remains with the
designated care team
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Table 4. Cont.

DTE Layer

Primary Objective and
Key Inputs

Core Process, Outputs, and
Responsible
Actors/Accountability

Hypothesized
Clinical Contribution

3. Adaptive
intelligence

Objective: Transform data
into actionable knowledge
Inputs: Integrated
longitudinal record

Process: Within-person and
population-level modeling;
trend /deviation detection;
uncertainty estimation
Outputs:
Recurrence/disengagement risk
estimates; deviation-from-baseline
indicators; uncertainty estimates;
contributing features; prioritized
review signals
Responsible actors/accountability:
Validated analytic services operate
under designated clinical
governance and have no
autonomous clinical authority

Hypothesized earlier
identification of clinically
relevant deviation or
recurrence vulnerability

4. Clinical decision
support

Objective: Support
coordinated clinical
decisions
Inputs: Predictions,
guidelines, patient history

Process: Prioritization; contextual
explanation; workflow
orchestration; multidisciplinary
review; preference-sensitive
response planning
Outputs: Clinician-owned review
tasks; supportive outreach;
medication review; psychosocial
escalation; harm-reduction actions;
emergency referral when
predefined safety criteria are met
Responsible actors/accountability:
A designated clinician or care team
is responsible for review,
interpretation, and action

Hypothesized
improvement in timeliness
and proportionality of
clinician response

5. Intervention
delivery and
outcome feedback

Objective: Deliver and
evaluate personalized care
Inputs: Clinical decisions

and care plans

Process: DTx, telemedicine,
pharmacotherapy, psychosocial
care, monitoring
Outputs: Substance use/recovery
outcomes; craving; retention;
medication continuity; overdose
outcomes where relevant;
psychiatric symptoms; functioning;
quality of life; adverse events;
patient burden
Responsible actors/accountability:
The multidisciplinary care team
and patient share treatment
decisions, with professional
accountability remaining with the
responsible clinicians

Enables evaluation of
whether outcome feedback
supports treatment
adaptation and
organizational learning

Legend. This table summarizes the proposed operational architecture described in Section 6. Each
layer performs a distinct function within the continuous information-decision—intervention cycle.
The rightmost column presents hypothesized contributions rather than established DTE-level effects.
Abbreviations: Al, artificial intelligence; DTXx, digital therapeutics; EHR, electronic health record;
EMA, ecological momentary assessment; FHIR, Fast Healthcare Interoperability Resources; ML,
machine learning; PRO, patient-reported outcome; PROM, patient-reported outcome measure.
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6.3.1. Layer 1: Multimodal Data Acquisition

The acquisition layer receives structured and unstructured information from clin-
ical encounters, EHRs, laboratory and medication systems, EMA, standardized scales,
wearables, mobile sensors, telemedicine, digital therapeutics, and patient or family com-
munication. Its first responsibility is data quality rather than volume. Each observation
should be timestamped, associated with provenance, contextualized, and assessed for
reliability. A mobile intervention protocol using a micro-randomized design illustrates how
repeated data collection and intervention delivery can be coordinated in emerging adults
who use cannabis [109]. Such designs are useful because they connect momentary context
to immediate intervention opportunities.

6.3.2. Layer 2: Integration and Interoperability

The integration layer converts heterogeneous data into a longitudinal record that
can be interpreted across systems. This requires FHIR resources, standard terminologies,
application programming interfaces, identity matching, consent metadata, and rules for
resolving conflicting or duplicated observations. Integration should preserve raw data,
derived features, model outputs, and clinician interpretation as distinct objects. The
objective is traceability: a clinician should be able to determine which data contributed to
an alert, when they were collected, and how uncertainty was handled.

6.3.3. Layer 3: Adaptive Intelligence

The adaptive intelligence layer estimates trends and deviations from personalized base-
lines and may identify rising craving, deteriorating sleep, reduced engagement, medication
interruption, social instability, or combinations associated with recurrence vulnerability.
Micro-randomized trials comparing momentary mindfulness and distraction messages
provide an example of how proximal responses can inform optimization of intervention
content [110]. The layer should combine population-level models with within-person learn-
ing because clinically relevant change may be visible only relative to the individual’s own
trajectory. Risk estimates should be accompanied by data-quality and model-uncertainty
information rather than presented as deterministic labels.

6.3.4. Layer 4: Clinical Decision Support

The decision-support layer translates analytic outputs into prioritized, contextualized,
and reviewable tasks. It should distinguish informational summaries from time-sensitive
alerts and emergency signals. Recommendations must specify the evidence source, un-
certainty, relevant patient preferences, and required response. Large-scale digital research
platforms demonstrate how recruitment, consent, data collection, and follow-up can be
integrated across diverse populations [111], but clinical decision support adds the require-
ment that responsibility for action be explicit. A risk score without ownership or response
capacity is not a clinical intervention.

6.3.5. Layer 5: Intervention Delivery and Outcome Feedback

Interventions may include telemedicine contact, medication review, psychotherapy,
contingency management, digital CBT, psychoeducation, craving-management exercises,
peer support, family engagement, social-service referral, or emergency escalation. Patient-
generated data should be incorporated into clinical decision-making through negotiated
workflows rather than simply displayed [112]. Outcomes—including symptom change,
abstinence or reduction goals, retention, functioning, quality of life, adverse events, and
patient-reported burden—return to the ecosystem. Software architecture must support this
cycle over time and across evolving telemedicine components [113].
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6.4. Addiction-Specific Operational Use Case: Early Detection of Disengagement During
OUD Treatment

The following hypothetical use case illustrates the operational logic of the DTE and
does not represent a validated algorithm, an identifiable patient, or an empirical prediction
rule. Any thresholds used in a future implementation would require prospective calibration
and clinical validation.

Consider an individual receiving medication and psychotherapy for opioid use dis-
order who has established a sufficiently stable prespecified personal baseline over the
preceding weeks for treatment attendance, medication continuity, craving, sleep regular-
ity, and EMA participation. Over several days, the acquisition layer detects a cluster of
deviations: increased self-reported craving, reduced sleep regularity relative to the indi-
vidual’s baseline, two missed EMAs, interruption of a prescribed DTx, and postponement
of an addiction-care appointment. The integration layer verifies timestamps and source
provenance and identifies incomplete passive-sensing data during part of the observa-
tion window. The adaptive intelligence layer therefore generates an elevated short-term
disengagement-risk estimate accompanied by explicit data-quality uncertainty; it does
not infer opioid use or diagnose recurrence. The clinical decision-support layer creates a
moderate-priority task assigned to the patient’s case manager, displays the contributing
signals and missing-data warning, and presents the patient’s previously recorded prefer-
ence for text-based contact before telephone communication. During contact, the patient
reports a new evening work schedule and transportation difficulties, denies opioid use,
confirms continued medication use, and requests an evening telemedicine appointment.
The clinician and patient agree to preserve medication continuity, reschedule psychother-
apy, temporarily increase brief craving assessments, and review whether the DTx remains
acceptable and useful. The outcome-feedback stage records appointment completion,
medication continuity, craving trajectory, monitoring burden, and restoration of engage-
ment. If similar alerts repeatedly prove nonactionable, poorly calibrated, burdensome, or
inequitable, the corresponding decision rule would require modification or withdrawal.

The operational mapping of this hypothetical workflow onto the DTE architecture is
summarized in Table 5.

Table 5. Operational mapping of the OUD use case onto the DTE architecture.

Stage Information/Process Clinical Safeguard Evaluative Measure
. Craving, sleep, treatment Patient agrees to Baseline completeness
Baseline attendance,

medication continuity

monitored domains

and stability

Signal acquisition

Craving increase, sleep
deviation, missed EMA,
DTx interruption

No isolated signal treated
as diagnosis

Data completeness
and missingness

Integration

Provenance, timestamping,
source reconciliation

Device/nonwear
uncertainty identified

Reconciliation accuracy

Adaptive intelligence

Disengagement-risk
estimate plus uncertainty

No automatic diagnosis
of recurrence

Calibration, Brier score,
clinically useful lead time

Decision support

Clinician-owned task

Mandatory human review

Alert-to-review time;
actionable-alert proportion

Clinical verification

Work schedule and
transportation
context identified

Contextual interpretation
before escalation

Unnecessary escalation rate
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Table 5. Cont.

Stage Information/Process Clinical Safeguard Evaluative Measure

Telemedicine, medication
Shared intervention continuity,
monitoring adjustment

Patient preference and

shared decision-making Uptake, burden, retention

Subsequent engagement Rule can be revised Clinical utility and

Feedback and craving trajectory or withdrawn false-alert rate

Legend. The use case is hypothetical and intended to demonstrate testability and workflow logic.
It does not prescribe validated thresholds or automated actions. DTx, digital therapeutics; EMA,
ecological momentary assessment; OUD, opioid use disorder.

6.5. Evaluation Framework

The evaluation of a DTE should be staged and multidimensional because satisfactory
performance at one level does not establish effectiveness at another. Technical verifica-
tion should precede clinical impact evaluation, and predictive performance should not be
conflated with clinical utility. Technical performance should include data completeness,
exchange success, system uptime, latency, provenance preservation, and interoperability
failures. Analytic performance should include discrimination where appropriate, calibra-
tion, Brier score or other proper scoring rules, sensitivity to distribution shift, uncertainty
calibration, subgroup performance, and model drift. Clinical-process performance should
include alert-to-review time, proportion of outputs judged actionable, completed clinical
responses, inappropriate or unnecessary escalation, and unresolved alerts.

Clinical effectiveness should be assessed using addiction-relevant outcomes such as
substance use frequency or individualized recovery goals, craving trajectories, treatment
retention, medication continuity, recurrence, overdose outcomes where relevant, psychi-
atric symptoms, functioning, and quality of life. Human-factor outcomes should include
usability, patient burden, clinician burden, alert fatigue, trust, therapeutic alliance, and
perceived autonomy. Implementation outcomes should include acceptability, adoption, ap-
propriateness, feasibility, fidelity, penetration, cost, and sustainability. Equity and economic
evaluation should examine differential access, missingness, model performance, clinical
response, retention, and outcomes across relevant subgroups, together with clinician time,
resource utilization, cost-effectiveness, and opportunity costs.

A staged validation pathway could progress from technical verification and us-
ability testing to retrospective analytic development, temporal and external validation,
prospective silent deployment, clinician-supervised impact evaluation, pragmatic or cluster-
randomized comparison, and hybrid effectiveness—implementation studies. Ecosystem-
level benefit should be claimed only when the integrated DTE demonstrates incremental
value over a clearly specified simpler comparator.

7. Implementation Challenges, Ethical Governance, and Future
Research Directions

The transition from a conceptual architecture to routine clinical infrastructure is con-
strained by organizational capacity, workflow, regulation, trust, and equity. Digital psy-
chiatry evidence has expanded across applications, social media, chatbots, and virtual
reality, but implementation quality remains uneven [114]. Implementation outcomes—
including acceptability, adoption, appropriateness, feasibility, fidelity, cost, penetration, and
sustainability—must be distinguished from clinical effectiveness [115]. NASSS-informed
reviews of computerized clinical decision support identify barriers across technology,
adopters, organizations, and wider systems [116]. Addiction services also require imple-
mentation frameworks that account for the distinctive characteristics of SUD treatment,
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including stigma, fragmented funding, regulatory complexity, workforce shortages, and

variable integration with general medical and mental health care [117].

The principal implementation, ethical, organizational, regulatory, and technological

challenges associated with the proposed DTE, together with mitigation strategies and

future research priorities, are summarized in Table 6.

Table 6. Implementation, ethical, regulatory, and organizational challenges for the digital treat-

ment ecosystem.

. . Potential Clinical Reco.n.lme'n ded Future Research
Domain Principal Challenge Mitigation C .
Consequences . Priorities
Strategies
Fragmented svstems Incomplete FHIR-based Evaluation of
Technical agn q incomyati— longitudinal records; interoperability; scalable
interoperability ble stan. daFr) ds duplicated semantic standards; interoperable
workflows API integration architectures
Poor workflow Reduced clinician im Clz;g:rslltili;on— Hybrid effectiveness—
Implementation integration and engagement; imple- P o Y . .
low adoption mentation failure science frameworks; —implementation trials
phased rollout
Limited dieital Targeted training; Competency
Clinical workforce literac ai d Misinterpretation of digital navigators; frameworks and
Al com ye tence outputs; alert fatigue multidisciplinary educational
P governance interventions

Privacy-by-design;

. Reduced trust; .
Continuous . dynamic consent;
. disengagement; N
. . monitoring of . RO data minimization; Person-centered
Ethics and privacy o confidentiality risks; s
sensitive . contestability and governance models
- surveillance- : .
addiction data X patient-accessible
related distress .
audit trails
Encryption;
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Table 6. Cont.
. . Recommended
. - Potential Clinical e . Future Research
Domain Principal Challenge Mitigation .
Consequences . Priorities
Strategies
. High o -effecti -
Economic . &1 Limited scale and Cost-e ectiveness Long-term .
. implementation and . S analyses; sustainable health-economic
sustainability . discontinuity . .
maintenance costs reimbursement evaluation

Continuous learning

outcome feedback continuous

Learning-health-

Static systems;
system governance;

undetected

Adaptive learning
models and
real-world evidence

Insufficient

performance drift N
monitoring

Legend. The table synthesizes the principal implementation domains discussed in Section 7. For
each challenge, the corresponding clinical implications, mitigation strategies, and research priorities
are summarized to provide an operational roadmap for responsible DTE deployment in addiction
psychiatry. Abbreviations: Al, artificial intelligence; API, application programming interface; FHIR,
Fast Healthcare Interoperability Resources.

7.1. Organizational Readiness and Workforce Capability

Implementation should begin with a clearly defined clinical problem, not with procure-
ment of a technology. Services must determine which patients will be enrolled, what data
will be collected, which professionals will review them, expected response times, escalation
pathways, documentation requirements, and coverage outside working hours. Digital
navigators may assist with onboarding and technical barriers, but clinical responsibility
cannot be delegated to unregulated roles. Training should include data interpretation,
limitations of Al, privacy, bias, communication of uncertainty, alert management, and the
preservation of therapeutic alliance.

Phased implementation is preferable to system-wide deployment. Early stages can fo-
cus on a limited population, small number of measures, and explicit response rules. Process
evaluation should examine not only adoption but unintended consequences: duplication
of documentation, increased workload, alert fatigue, inequitable exclusion, or shifts in
responsibility without adequate staffing. Hybrid effectiveness-implementation designs
can evaluate clinical outcomes and implementation processes simultaneously.

7.2. Regulation, Privacy, and Cybersecurity

Digital therapeutics and Al-enabled clinical functions may fall under different reg-
ulatory categories depending on intended use, level of autonomy, and risk. Regulation
of mental health digital therapeutics requires clarity regarding evidence standards, pro-
fessional roles, software updates, accountability, and post-market monitoring [118]. In
the European Union, the applicable pathway may involve the risk-based requirements of
the Artificial Intelligence Act and, when software has an intended medical purpose, the
Medical Device Regulation [119,120]. In the United States, lifecycle governance includes
FDA expectations for predetermined change control plans for Al-enabled device software
functions, while confidentiality of federally assisted SUD-treatment records remains subject
to 42 CFR Part 2 alongside applicable HIPAA requirements [121,122]. A DTE is not a single
product; it is a changing configuration of data sources, algorithms, interfaces, and care
processes. Governance must therefore track versions and dependencies so that changes in
one component do not silently alter clinical performance.

Addiction data are exceptionally sensitive because unauthorized disclosure can affect
employment, insurance, family relationships, legal proceedings, and willingness to seek
care. Privacy in medical big data requires attention to secondary use, re-identification,
consent, and asymmetries of power [123]. Cybersecurity threats can compromise confi-
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dentiality, integrity, availability, and patient safety [124]. Minimum safeguards include
encryption in transit and at rest, role-based access, multifactor authentication, audit trails,
secure update processes, data minimization, incident-response plans, and regular penetra-
tion and resilience testing. Patients should receive understandable information on what is
collected, why it is collected, who can access it, and how long it will be retained.

7.3. Digital Equity, Accessibility, and Trust in Addiction Care

Digital inequity in addiction care should be treated as a potential source of clinical
harm rather than solely as an implementation inconvenience. Device ownership, broadband
access, digital literacy, language, disability, housing stability, rurality, age, privacy, and
economic resources influence who can use digital care [125,126]. Recent evidence specific to
opioid use disorder identifies technology access and digital literacy as recurrent challenges
in virtual primary care, while limited broadband can constrain telemedicine-based access
to medication treatment, particularly in rural settings [127,128]. The DTE should therefore
provide low-bandwidth and asynchronous options, accessible interfaces, multilingual
content, assisted onboarding, device or connectivity support where feasible, transparent
pause or opt-out functions, and clinically equivalent non-digital pathways. Continuous
monitoring should not become a prerequisite for receiving high-quality addiction treatment.

Digital exclusion may also generate informational bias. Individuals with unstable
connectivity or device turnover may contribute more missing data, and an analytic system
could incorrectly interpret missingness as treatment disengagement or clinical deterio-
ration. Geolocation, communication patterns, treatment attendance, insurance status, or
criminal legal information may also encode structural disadvantages and become harm-
ful proxy variables if used uncritically. Equity should therefore be measured through
subgroup comparisons of enrollment, data completeness, dropout, usability, alert gen-
eration, false-positive rates, calibration, clinical-response time, retention, and treatment
outcomes. A DTE that improves average performance while systematically worsening ac-
cess, burden, or outcomes in marginalized populations should not be regarded as successful.
Trustworthiness further depends on transparent communication, demonstrable reliability,
fairness, accountability, professional oversight, and clearly bounded purposes for clinical
monitoring [123,125,129]. A clear separation between supportive clinical monitoring and
coercive surveillance should be treated as an additional addiction-specific governance
requirement. Patient refusal of a particular digital modality should not itself be interpreted
as nonadherence or increased clinical risk.

7.4. Implementation Strategies and Sustainability

Implementation strategies should be selected in relation to identified barriers. Compila-
tions of strategies for clinical innovation include stakeholder engagement, local adaptation,
educational meetings, facilitation, audit and feedback, reminders, leadership involvement,
and changes in infrastructure or incentives [130]. For a DTE, these strategies should be
paired with technical monitoring, including data completeness, alert volume, response
time, model calibration, subgroup performance, and system downtime. Sustainable reim-
bursement must recognize clinical review and coordination rather than paying only for
software access.

7.5. Future Research Directions

The next stage of research should move from proof-of-concept tools toward compara-
tive and ecosystem-level evaluation. Randomized evidence for digital cognitive behavioral
therapy in alcohol use disorder demonstrates that digital interventions can be assessed with
rigorous clinical outcomes [131]. Future trials should compare isolated digital components
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with coordinated DTE pathways, identify which combinations provide incremental benefit,
and measure burden and adverse effects alongside efficacy.

The rapid convergence of addiction research and Al also requires critical self-reflection.
Bibliometric mapping indicates growing intersection among Al, substance use, and men-
tal health [132], but publication volume should not be confused with clinical readiness.
Research agendas should prioritize external validation, calibration, fairness, prospective
impact, and reproducibility. Patients, families, and people with lived experience should
participate in governance and design, as illustrated by learning-health-system initiatives
that integrate patient and family voices into digital databanks [133].

Learning health systems provide a methodological bridge between research and care.
Evidence-based learning-health-system frameworks show how routinely generated data
can support iterative improvement when governance, stakeholder participation, and feed-
back are explicit [134]. In addiction psychiatry, future DTE studies should incorporate
pragmatic trials, adaptive designs, micro-randomized trials, interrupted time-series analy-
ses, and qualitative research on meaning, trust, and workload. Digital therapies for SUDs
continue to evolve, with engagement strategies remaining a central determinant of bene-
fit [135]. Clinical decision-support systems across addiction and mental health should be
evaluated for actionability, safety, and integration rather than only technical accuracy [136].

Future research should prioritize direct comparative tests of integration rather than
continuing to demonstrate only that individual digital components can function in ad-
diction care. The key scientific question is whether an integrated, uncertainty-aware,
clinician-supervised information-to-action pathway produces incremental benefit over sim-
pler digital or conventional configurations when patient outcomes, workload, monitoring
burden, equity, and cost are considered simultaneously. Claims should remain proportional
to the level of validation achieved, and the framework should be revised or rejected if
integration adds complexity without meaningful benefit.

8. Limitations

This Concept Paper has several limitations. First, the framework was derived from an
integrative narrative synthesis rather than a systematic review, and the literature was not
subjected to formal risk-of-bias assessment or evidence grading. The selection of sources
was purposive and conceptually driven; consequently, relevant publications may have been
omitted and the relative weight assigned to different evidence domains reflects authorial
judgment. Second, the DTE has not been validated through a Delphi process, formal
expert consensus, participatory co-design study, or empirical comparison with existing care
pathways. Although lived-experience participation is specified as a requirement for future
development, patients, family members, peer workers, and community organizations were
not directly involved in constructing the present version of the framework.

Third, much of the available digital-health evidence originates from high-income
health systems with comparatively developed technical infrastructures. The architecture
may therefore be less transferable to settings characterized by limited connectivity, work-
force shortages, fragmented records, restrictive regulation, or unstable funding. Fourth,
SUDs encompass heterogeneous substances, severities, treatment goals, comorbidities, and
service settings; a single ecosystem configuration is unlikely to be appropriate across all
populations. Fifth, the framework depends on data quality, representativeness, interoper-
ability, and sustained organizational response capacity. Integration may increase workload,
alert burden, surveillance concerns, or inequity without improving outcomes if data are
incomplete, analytic outputs are poorly calibrated, or services lack the resources to act.

A further boundary concerns transdiagnostic generalizability. Several DTE principles—
longitudinal monitoring, interoperability, adaptive decision support, and outcome
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feedback—are not unique to addiction and may be applicable to other chronic psychi-
atric or medical conditions. This generalizability does not invalidate the addiction-specific
formulation because the clinical content of an ecosystem is determined by the signals moni-
tored, temporal risk horizons, intervention options, confidentiality requirements, escalation
pathways, and outcomes. Application outside addiction psychiatry would nevertheless
require condition-specific re-specification and independent validation rather than direct
transfer of the present architecture.

Finally, the proposed architecture may be more complex and costly than necessary for
some clinical problems. Simpler digital interventions or conventional care pathways may
prove equally effective, more acceptable, or more sustainable. The DTE should therefore be
evaluated against parsimonious alternatives, and its components should be retained only
when they provide demonstrable incremental clinical, organizational, or equity-related
value. These limitations reinforce the need to treat the framework as a falsifiable research
program rather than as an established standard of care.

9. Conclusions

Digital addiction care is increasingly constrained not by the absence of technological
tools but by fragmentation among measurement, information exchange, prediction, clinical
decision-making, intervention delivery, and outcome evaluation. Telemedicine, EMA,
wearables, EHRs, DTXx, digital recovery support, and Al each have established or emerging
functions, but evidence for these individual components should not be interpreted as
evidence for the effectiveness of an integrated ecosystem.

The DTE proposed in this Concept Paper addresses this gap as a closed-loop informa-
tion architecture rather than as a new standalone technology. Its proposed contribution
lies in requiring heterogeneous addiction-related information to be provenance-preserving,
uncertainty-aware, interpretable against both population and within-person baselines,
linked to explicitly assigned clinical responsibility, and returned through outcome feedback.
These relationships distinguish the proposed architecture from the simple co-deployment
of multiple digital tools.

The framework is specifically instantiated for addiction psychiatry through dynamic
craving and recurrence vulnerability, treatment disengagement, medication continuity,
polysubstance exposure, overdose and withdrawal risks, stigma, exceptional confidentiality
concerns, and fragmented cross-sector care. Nevertheless, several architectural principles
are potentially transdiagnostic and require condition-specific validation before transfer to
other areas of health care.

The DTE is not a validated treatment system and should not be presented as one. Its
scientific utility depends on whether the operational propositions advanced here survive
prospective testing and whether integration demonstrates incremental clinical, organiza-
tional, equity-related, and economic value over simpler alternatives. A DTE that increases
monitoring, workload, or inequity without improving meaningful patient outcomes should
be simplified, redesigned, or rejected.

Precision addiction psychiatry therefore requires more than increasingly accurate
prediction. It requires an accountable information-to-action system capable of convert-
ing dynamic information into timely, proportionate, preference-sensitive, and clinically
responsible care while preserving the primacy of therapeutic relationships and profes-
sional judgment.
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