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Abstract

Background. Digital mental health interventions (DMHIs) have proliferated rapidly, yet a
persistent gap exists between symptom assessment and personalized, session-level treatment
planning. Most platforms surface diagnostic results without bridging to actionable, evidence-based
treatment pathways that adapt to individual context. A second gap concerns the integration of
conversational agents (bots) with clinical assessment modules: bot-collected data is clinically
valuable but raises significant privacy concerns when shared without explicit user control.
Objective. We present a six-algorithm engine that operationalizes the assessment-to-treatment
pathway for a multi-symptom digital mental health platform (Boston Neuromind's NeuroCatchers +
TalkCatcher dual-module architecture), spanning ten symptom domains (ADHD, depression,
anxiety, sleep, burnout, PTSD, OCD, bipolar, autism, and peak performance). Methods. We
specify (a) a unified relational database schema linking patient assessment, training library,
recommendation reasoning, and session records; (b) Algorithm 1 (ALG-1), a six-component
recommendation scorer integrating symptom match, biomarker match, evidence strength
(Cochrane d-normalized), Fischer dynamic skill compatibility, practical fit, and personal history; (c)
ALG-2, a Fischer-level-aware session plan generator that distributes skill progression across N
sessions; (d) ALG-3, an adaptive replanner triggered by session count changes, goal
modifications, or dropout signals; (e) ALG-4, a privacy-preserving Bot — Catcher bridge with opt-in
default-off semantics; (f) ALG-5, a clinician/client-facing custom training builder; and (g) ALG-6, a
bilingual (Korean/English) result renderer producing clinical and patient versions in parallel.
Results. The architecture provides end-to-end audit traceability: every recommendation persists
score components, evidence citations (PMID/DOI), reasoning in both languages, and the model



version that generated it. ADHD serves as a Gold Template for subsequent symptom-domain
replication. Conclusion. This design offers a generalizable, regulator-aligned (FDA SaMD,
HIPAA, GDPR Article 9 and 22) framework for multi-symptom personalized digital mental health,
demonstrating how recommendation algorithms can operate transparently while respecting
privacy boundaries between conversational and clinical data streams.

Keywords: digital mental health; personalization; clinical decision support; adaptive treatment;
privacy-preserving Al; explainable Al; Fischer dynamic skill theory; audit traceability



2. Introduction

2.1 The Digital Mental Health Landscape and the Personalization Gap

The past decade has produced a marked expansion of digital mental health interventions
(DMHIs), including smartphone applications, web-based programs, conversational agents, and
virtual reality experiences (Torous et al.,, 2021). Meta-analytic evidence indicates that app-
supported interventions yield small-to-moderate effect sizes for depression, anxiety, and related
conditions, with effect sizes consistently larger when interventions incorporate adaptive or
personalized elements (Linardon et al., 2024). Personalization itself is a heterogeneous construct
in the literature: Hornstein et al. (2023) identified at least six personalization dimensions in DMHIs
for depression alone, while Wanniarachchi et al. (2025) catalogued 67 distinct personalization
variables across 67 studies of DMHIs for youth depression and anxiety.

Yet a structural gap persists. The dominant pattern across deployed DMHIs is symptom screening
followed by static psychoeducational content, generic skill exercises, or unstructured chatbot
conversation. The translation from a diagnostic signal (e.g., a Patient Health Questionnaire-9
score, an ADHD self-report screener result, a biomarker pattern) to a personalized, ordered,
evidence-anchored sequence of treatment activities — with explicit reasoning that can be audited
by clinicians, patients, and regulators — remains largely unaddressed in production systems. This
is the central problem the present work addresses.

2.2 From Assessment to Action: The Treatment Pathway Problem

A treatment pathway, as we use the term here, is an ordered, individualized sequence of
evidence-based therapeutic activities that maps to a patient's symptom profile, biomarker
signature (where available), developmental skill level, practical constraints, and personal history.
Adaptive treatment strategy frameworks pioneered by Murphy (2005) and elaborated by Almirall
et al. (2014) and Nahum-Shani et al. (2018) provide the conceptual scaffolding for sequencing
decisions in mental health, but these frameworks do not specify the data structures or algorithmic
mechanisms by which a real-world platform serving ten distinct symptom domains can
operationalize the assessment-to-treatment translation at scale.

Clinical decision support systems (CDSSs) in physical medicine have demonstrated the value of
algorithmic recommendation with persisted reasoning (e.g., Lee et al., 2024, for hepatocellular
carcinoma,; Sutton et al., 2020, for overview), but mental health CDSSs have lagged, in part
because (a) symptom heterogeneity within a diagnostic category is large, (b) biomarker grounding
is weaker than in oncology or cardiology, and (c) the patient's subjective preferences and
developmental stage are themselves substantive inputs to the decision. We argue that these



obstacles, far from precluding algorithmic recommendation, instead define its required
architecture: a multi-component scorer with explicit handling of subjective preference,
developmental skill matching, and audit-traceable reasoning.

2.3 The Privacy Paradox in Bot-Clinical Integration

A second, less frequently articulated gap concerns the integration of conversational agents with
clinical assessment modules. Generative Al chatbots have demonstrated clinical efficacy in the
first wave of rigorous trials (Heinz et al., 2025; Wang et al., 2025; see also Reyes-Portillo et al.,
2025, for a systematic review), and contemporary platforms increasingly deploy both a
conversational front-end and a structured clinical back-end. The conversational stream contains
information of considerable clinical value — mood trajectories, life events, adherence reports,
symptom fluctuations — yet routing this stream into the clinical record without explicit user control
creates significant ethical and regulatory exposure under the General Data Protection Regulation
(GDPR) Article 9 (special category data) and Article 22 (automated individual decision-making),
as well as the Health Insurance Portability and Accountability Act (HIPAA) in the United States
(Cohen & Mello, 2018; Voigt & von dem Bussche, 2017; Wachter et al., 2017).

We frame this as the privacy paradox of bot-clinical integration: bot-derived clinical signal is
valuable, yet unconsented sharing damages the trust premise on which conversational disclosure
rests. The architectural solution we propose is an explicit opt-in default-off bridge between the
conversational module (TalkCatcher) and the clinical assessment module (NeuroCatchers) —
described in detail as ALG-4 below.

2.4 Audit Traceability as a Clinical and Regulatory Requirement

Recent regulatory trajectories converge on a shared requirement: Al-enabled clinical software
must provide transparent, traceable reasoning for its recommendations. The U.S. Food and Drug
Administration's Al/ML Software-as-a-Medical-Device (SaMD) action plan (FDA, 2021; Warraich
et al., 2024) emphasizes good machine learning practice and lifecycle audit. The European
Union's Al Act, which entered into force in 2024, classifies Al systems used in healthcare as high-
risk and imposes transparency, human oversight, and post-market monitoring requirements.
GDPR Article 22 affords data subjects a right not to be subject to solely automated decision-
making with legal or similarly significant effects, accompanied by interpretive debate over the
scope of an attendant "right to explanation” (Goodman & Flaxman, 2017; Wachter et al., 2017).
Clinically, audit-traceable reasoning supports professional accountability under the standard of
care doctrine, enables retrospective quality improvement, and equips clinicians to challenge or
accept algorithmic recommendations on substantive grounds (Doshi-Velez & Kim, 2017;
Ghassemi et al., 2021; Tjoa & Guan, 2021).



Accordingly, our architecture treats audit traceability as a first-class design constraint rather than
a post-hoc add-on. Every recommendation produced by the engine persists its score components,
evidence citations (with PubMed identifiers or digital object identifiers where available), reasoning
text in both Korean and English, and the model version that generated it. We elaborate the audit
schema in Section 12.

2.5 Contribution and Paper Organization

This paper makes the following contributions. First, we specify a six-algorithm engine — ALG-1
through ALG-6 — that collectively operationalizes the assessment-to-treatment pathway, the
privacy-preserving bot-clinical bridge, custom training authoring, and bilingual result rendering.
Second, we provide the relational database schema that underwrites these algorithms, with
explicit attention to the audit trail. Third, we articulate a universal symptom-domain architecture: a
single set of schemas and algorithms parameterized across ten symptom tracks (ADHD as the
Gold Template, with depression, anxiety, sleep, burnout, post-traumatic stress disorder,
obsessive-compulsive disorder, bipolar disorder, autism, and peak performance as parallel
instantiations). Fourth, we map our design to current regulatory frameworks and identify the
conformity pathway under FDA SaMD Class Il and GDPR Article 9/22.

The remainder of the paper is organized as follows. Section 3 reviews related work in
personalization, adaptive treatment, recommendation systems in healthcare, Fischer dynamic
skill theory, privacy-preserving health data architecture, and audit trails in clinical Al. Section 4
describes the two-module system architecture. Section 5 presents the database schema.
Sections 6 through 11 specify the six algorithms in turn. Section 12 elaborates the audit
traceability layer. Section 13 describes the universal symptom architecture and the ADHD Gold
Template strategy. Section 14 discusses strengths, limitations, clinical implications, and the
regulatory pathway. Section 15 concludes.

3. Background and Related Work

3.1 Personalization in Digital Mental Health

Hornstein et al. (2023) provide the most influential recent framework for classifying
personalization strategies in DMHIs, distinguishing dimensions of content, presentation, timing,
and feedback. Wanniarachchi et al. (2025) extend this framework to youth populations and
document the prevalence of each dimension. A consistent finding across these reviews is that few
interventions implement just-in-time adaptive logic, and even fewer expose the algorithmic basis



of their personalization to users or clinicians. Our work addresses this gap by treating
personalization as an explicit algorithmic process with persisted reasoning.

3.2 Conversational Al for Mental Health

Heinz et al. (2025) reported the first randomized controlled trial of a fine-tuned generative Al
chatbot (Therabot) for clinical-level mental health symptoms, with N=210 adults across major
depressive disorder, generalized anxiety disorder, and clinically high-risk feeding and eating
disorders. Effect sizes were large and engagement was high (mean 260 messages per user over
4 weeks). Wang et al. (2025) extended the evidence base to cognitive behavioral therapy chatbots
for depression in Chinese university students. Reyes-Portillo et al. (2025) provide a meta-analytic
synthesis. These trials establish the clinical viability of conversational Al but do not specify how
conversational content should be safely bridged to a structured clinical record — a gap our ALG-4
addresses directly.

3.3 Recommendation Systems in Healthcare

Lee et al. (2024) provide a recent npj Digital Medicine exemplar of a machine-learning CDSS that
produces treatment recommendations with ranked alternatives and survival predictions for
hepatocellular carcinoma. Sutton et al. (2020) review the broader CDSS landscape, identifying
benefits (decision support, reduced errors) and risks (alert fatigue, automation bias). Wiens et al.
(2019) articulate a "do no harm" roadmap for responsible ML in clinical contexts. Our
recommendation engine (ALG-1) inherits the multi-component scoring tradition while extending it
with explicit developmental and preference components calibrated for mental health.

3.4 Adaptive Treatment Strategies

Murphy's (2005) SMART (Sequential Multiple Assignment Randomized Trial) framework
formalizes the multi-stage decision problem of adaptive treatment. Almirall et al. (2014) extend
SMART to behavioral interventions including weight loss; Nahum-Shani et al. (2018) elaborate
just-in-time adaptive interventions for mobile health. While SMART trials specify the empirical
methodology for discovering adaptive strategies, they do not prescribe the data architecture for
operationalizing such strategies in a production platform. ALG-2 and ALG-3 together provide one
such operationalization, integrating session-level planning with re-planning triggered by patient-
side changes.

3.5 Fischer's Dynamic Skill Theory

Fischer's (1980) dynamic skill theory, elaborated in Fischer and Bidell (2006) and Mascolo and
Fischer (2015), posits that skills develop in a hierarchical sequence across four tiers (reflexes,



sensorimotor actions, representations, abstractions), with four levels per tier yielding a
developmental yardstick. Skills are conceptualized as contextualized control structures rather
than general abilities, and skill performance varies as a function of contextual support. We
operationalize Fischer's framework in ALG-1 as a fischer_compatibility component (matching
training entry level to estimated current level) and in ALG-2 as a session-by-session progression
schedule. This is, to our knowledge, the first explicit computational use of Fischer's framework in a
deployed mental health platform.

3.6 Privacy-Preserving Health Data Architecture

Voigt and von dem Bussche (2017) provide the standard practical guide to GDPR compliance,
with particular emphasis on Article 9 (special category data, including health) and Article 22
(automated decision-making). Cohen and Mello (2018) examine HIPAA modernization in light of
contemporary data flows. The privacy paradox we articulate in Section 2.3 maps to GDPR Atrticle
9(2)(a)'s requirement for explicit consent prior to processing special category data, which is the
legal basis for the opt-in default-off architecture in ALG-4.

3.7 Explainability and Audit in Clinical Al

Doshi-Velez and Kim (2017) articulate the scientific foundations of interpretable ML; Tjoa and
Guan (2021) survey explainable Al methods with explicit medical applications; Ghassemi et al.
(2021) caution against over-reliance on post-hoc explanation in healthcare, arguing instead for
transparent design from the outset. Wachter et al. (2017) examine the contested scope of a
GDPR-derived "right to explanation,” while Goodman and Flaxman (2017) offer a more expansive
reading. Our audit traceability layer (Section 12) embraces the transparent-by-design stance,
persisting the substantive inputs to each recommendation rather than relying on post-hoc
explanation methods.



4. System Overview

Figure 1. Two-Module Architecture with Six-Algorithm Integration

Diagnostic Module (Dx)
NeuroCatchers
Symptom Catcher Symptom Bot
(Clinical + Patient view) (triage entry)
ADHD/Depression/Anxiety/
Sleep/Burnout/PTSD/OCD/ B 10 sf,fnt";rt‘;;i";: el
Bipolar/Autism Catchers BoteCatcher
(opt-in)
Training Library 7-Pillar Framework
(evidence-based + custom) (EOFM, NCS, CCM, ...)
Session Plans & Privacy-Preserving
Recommendations Summaries (opt-in)
Six-Algorithm Engine
ALG-1 ALG-2 ALG-3 ALG-4 ALG-5 ALG-6
Recommend Session Plan Replan Bridge Custom Bilingual

Figure 1. Two-module system architecture: NeuroCatchers (Diagnostic) and TalkCatcher (Treatment)
linked by ALG-4 privacy-preserving bridge.

4.1 Two-Module Architecture: Diagnostic and Treatment

The platform is organized as two complementary modules (Figure 1). The Diagnostic Module
(Dx), branded NeuroCatchers, provides structured clinical assessment via a top-level Symptom
Catcher and ten symptom-specific Catchers (ADHD, depression, anxiety, sleep, burnout, post-
traumatic stress disorder, obsessive-compulsive disorder, bipolar disorder, autism, and peak
performance). Each Catcher contains an evidence-based training library and surfaces session
plans and recommendations. The Treatment Module (Tx), branded TalkCatcher, provides
conversational support via a Symptom Bot (triage entry) and ten Catcher Bots corresponding to
the clinical symptom domains. The conversational module instantiates Boston Neuromind's
seven-pillar framework, which includes the Emotion-Only Feedback Model (EOFM), the Narrative
Co-Construction System (NCS), the Clinical Calibration Module (CCM), and four additional pillars
not central to the present paper.

The two modules are connected by ALG-4, a privacy-preserving bridge that synchronizes bot-
derived clinical signal into the diagnostic record only when the patient has explicitly opted in. This
separation reflects the privacy paradox articulated in Section 2.3.



4.2 Six-Algorithm Engine

Six algorithms collectively operationalize the assessment-to-treatment pathway and the bridge
between modules. ALG-1 (Recommendation Engine) takes patient profile and candidate trainings
as input and produces ranked recommendations with reasoning. ALG-2 (Session Plan Generator)
takes a selected training and produces an N-session plan with Fischer-level progression. ALG-3
(Adaptive Replan) updates the plan in response to triggering events. ALG-4 (Bot - Catcher
Bridge) governs privacy-preserving synchronization. ALG-5 (Custom Training Builder) lets
clinicians or patients author novel training records that conform to the universal schema. ALG-6
(Bilingual Result Renderer) produces Korean and English versions of diagnostic outputs.

4.3 Universal Symptom-Domain Structure

A core architectural commitment is universality across symptom domains. A single set of
database tables, a single set of algorithms, and a single rendering pipeline serve all ten Catchers.
Symptom-specific content is data, not code: the training_library table contains a symptom_track
column that selects which trainings are visible for a given Catcher; the contraindications field
encodes symptom-specific safety rules; the quick_input_schema specifies symptom-appropriate
measurement instruments. We adopt ADHD as the Gold Template for initial development and
validation, with the explicit intent that nine subsequent symptom domains be instantiated by
populating data rather than writing code.

4.4 Privacy-First Design Principles

Five design principles govern the architecture. First, opt-in default-off semantics apply to all cross-
module data flow. Second, consent is granular and withdrawable, consistent with GDPR Article 7.
Third, audit traceability is a first-class output of every recommendation. Fourth, bilingual rendering
is mandatory for diagnostic outputs to serve both Korean and English-speaking populations. Fifth,
the architecture must accommodate both autonomous patient use and clinician-supervised use,
with the same data structures supporting both modes.



5. Database Schema Design

Figure 2. Core Database Schema — Entity Relationship Diagram
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Figure 2. Entity-relationship diagram showing six core tables and their relationships.

Table 1. Core database tables and relationships.

Table

patients

symptom_assessments

patient_profile_unified

training_library

training_plan_recomme
ndations

Primary Purpose

Identity and consent
flags

Raw assessment
outputs

Synthesized profile for
recommendation

Curated intervention
catalog

Persisted
recommendation audit

Key Fields

id, language_pref,
consent_research,
consent_bot_sync

id, patient_id,
fingerprint_jsonb,
dmda_jsonb

symptom_priorities,
biomarker_summary,
fischer_level estimate

id, symptom_track,
evidence_level,
fischer_start_level,
contraindications,
quick_input_schema

score_components,
composite_score,
reasoning_ko,
reasoning_en,
evidence_citations,
model_version

Used By

All algorithms

ALG-6

ALG-1

ALG-1, ALG-2, ALG-5

ALG-1, audit layer



Table Primary Purpose Key Fields Used By

session_records Per-session tracking pre_input, post_input, ALG-2, ALG-3, ALG-4
bot_summary,
completion_status

5.1 Core Entities and Relationships

The schema comprises six core tables (Figure 2). The patients table holds identity, language
preference, and consent flags including consent research and consent bot sync. The
symptom_assessments table stores results from clinical instruments, organized as JSONB
columns for the Fingerprint Engine output, Five-Lens scores, Differential Mental Disorder
Algorithm (DMDA) indicators, and the fused diagnostic profile. The patient_profile_unified table
consolidates the most recent assessment with a synthesized symptom priority vector, biomarker
summary, an estimated Fischer skill level, and contraindication flags; this table is the primary input
to ALG-1.

The training_library table catalogs evidence-based interventions (Section 6). The
training_plan_recommendations table persists every ALG-1 output with full score decomposition
and reasoning. The session_records table tracks per-session activity, including pre-session and
post-session quick inputs and optional bot summary references.

5.2 The patient_profile_unified Table as Recommendation Input

A central design choice is the consolidation of heterogeneous assessment outputs into a single
unified profile that serves as the input to recommendation. The unified profile contains:
symptom_priorities (a normalized vector indicating relative weighting across symptom domains),
biomarker_summary (where electroencephalographic or other physiological data is available),
fischer_level_estimate (the patient's estimated current developmental level), prior_outcomes
(historical engagement, dropout, and outcome data), and contraindications (a set of flags barring
certain interventions). This consolidation enables ALG-1 to operate against a stable, well-defined
input rather than navigating raw assessment data.

5.3 The training_library Table: Evidence Tier and Schema

Each row in training_library represents one therapeutic intervention. Critical columns include: id,
symptom_track (which Catcher surfaces this training), name_ko and name_en, evidence_level
(one of rct, meta_analysis, consensus_guideline, expert_opinion, custom), fischer_start_level
(the developmental entry point), modality (cognitive, behavioral, somatic, neurofeedback,
exposure, mindfulness, psychoeducation), contraindications (JSONB), quick input _schema
(JSONB specifying per-session measurement instruments), and source (which clinician or



organization curated the entry). The dual evidence_level + custom design allows curated, vetted
entries to coexist with clinician-authored bespoke trainings without compromising the
recommendation engine's evidence-strength scoring.

5.4 Recommendation Reasoning Persistence

Every ALG-1 invocation writes one or more rows to training_plan_recommendations. Critical fields
include score_components (JSONB containing all six component scores with their sub-
components and methods), composite_score (the final weighted total), reasoning_ko and
reasoning_en (human-readable explanations in both languages), evidence_citations (JSONB
array of PubMed identifiers or digital object identifiers with the specific claims they support),
contraindications_considered (which patient flags were evaluated and how), and model_version
(the identifier of the scoring model that produced this recommendation). The model_version field
is essential for longitudinal audit: as the engine learns and is updated, all historical
recommendations remain interpretable in the context of the model that generated them.

5.5 Bot-Catcher Synchronization Schema

When consent_bot sync is TRUE, ALG-4 writes per-session summaries into
session_records.bot_summary, a JSONB field with a fixed schema: mood_trend (rolling average
over a configurable window), reported_symptoms (an array of clinically relevant signals extracted
from conversation), life_events (significant events the user disclosed, such as moves or job
changes), and adherence_self_report (the user's stated engagement with prescribed activities).
The schema is intentionally narrow to support clinical decision-making while minimizing
unnecessary data flow.

6. Algorithm 1: Recommendation Engine

6.1 Input and Hard Filters

ALG-1 accepts as input a row from patient_profile_unified and the subset of training_library
entries whose symptom_track matches the active Catcher. Before scoring, hard filters apply: any
training whose contraindications array intersects the patient's contraindication flags is removed
from the candidate set. Hard filters are not weighted; they categorically exclude trainings that are
clinically inappropriate for the specific patient. Examples include medication interactions (a
stimulant-based protocol is filtered when the patient flags a contraindicated cardiac condition),
comorbidity exclusions (an exposure protocol for OCD is filtered when active psychosis is
flagged), and developmental floor (a high-Fischer-level training is filtered when the patient's
estimated level falls below the training's fischer_start_level minus an admissible gap).



6.2 Six-Component Scoring Function

Surviving candidates are scored across six components (Figure 3, Table 2). The symptom_match
component computes a weighted cosine similarity between the patient's symptom_priorities
vector and the training's symptom_target_vector. The biomarker_match component, applicable
when biomarker_summary is populated, computes a Z-score-weighted alignment between patient
biomarker signature and training's biomarker_target_pattern. The evidence_strength component
normalizes Cochrane d (or analogous effect size) from the training's source evidence; meta-
analytic effect sizes receive higher weight than single-trial estimates, and consensus-guideline
trainings receive a calibrated baseline.

The fischer_compatibility —component scores the match between the patient's
fischer_level_estimate and the training's fischer_start_level, with maximum score at exact match
and graceful degradation for gaps. The practical_fit component aggregates modality preferences,
time-availability constraints, and cost factors. The personal_history component rewards trainings
related to prior successes and penalizes trainings related to prior dropouts. Each component
yields a score in the unit interval [0, 1] with a documented derivation method.

6.3 Composite Scoring and Ranking

The composite_score is computed as a weighted sum of the six component scores. Default
weights are derived from clinician consultation and may be adjusted per symptom track.
Candidates are ranked by descending composite_score, and the top three are presented as
primary recommendations; the fourth through tenth are retained as alternates and surfaced upon
user request. The composite weights themselves are stored in the model_version metadata to
support audit.

6.4 Reasoning Generation

For each ranked candidate, ALG-1 generates Korean and English reasoning text via a template-
plus-large-language-model-polish pipeline. Templates are written by clinicians and include
placeholders for the patient's salient features (e.g., "Given your reported priority of attention
regulation and your estimated developmental level of sm3..."). The LLM polish step ensures tonal
coherence and natural phrasing while preserving the factual content from the template. Generated
reasoning is constrained never to fabricate evidence citations; only PMIDs and DOls that were
present in the source training's evidence_citations field may appear in the rendered reasoning.

6.5 Cold-Start Handling

When a patient has no prior history (cold-start), the personal_history component defaults to a
neutral 0.5 and the composite weight on this component is temporarily redistributed across the



remaining five components. Similarly, when biomarker_summary is empty, biomarker_match is
omitted and its weight is redistributed. The redistributions are recorded in score_components so
that comparative analyses across cohorts can correctly account for the data available at each
recommendation.

6.6 Example: ADHD Recommendation Output

Table 3 illustrates a sample output for an adult ADHD patient with mild inattention symptoms, no
biomarker data, and an estimated Fischer level of sm3. The first-ranked recommendation is a
focused-attention neurofeedback protocol with composite_score 0.89, supported by Arns et al.
(2009) and Van Doren et al. (2019). The second is a Pomodoro-based behavioral protocol
(composite_score 0.84). The third is a mindfulness-based attention training (composite_score
0.81). Each is accompanied by Korean and English reasoning text and the relevant evidence
citations.

7. Algorithm 2: Session Plan Generator

7.1 Input and Fischer-Level Progression

ALG-2 accepts a selected training_library row, an N_sessions count chosen by the patient or
clinician, and the patient's current fischer_level_estimate. It produces an ordered sequence of N
session specifications, with Fischer level progressing from the training's start level to an end level
appropriate to the patient's developmental trajectory and the training's structure (Figure 4, Table
4).

The progression algorithm respects Fischer's tier boundaries: transitions within a tier
(sensorimotor, representational, abstract) occur more rapidly than tier-crossing transitions, which
require additional consolidation sessions. The algorithm draws on Fischer and Bidell's (2006)
characterization of skill construction as recurrent rather than strictly linear: practice at a given level
consolidates and stabilizes the skill before progression.

7.2 Per-Session Content Generation

For each session, ALG-2 generates a content specification including: target Fischer level, target
skill, activity description, expected duration, and the quick_input_schema instantiation that the
patient will complete pre- and post-session. The quick_input_schema is inherited from the
training_library row but parameterized to the session's specific focus. For example, an ADHD
focused-attention training might use a 0-10 slider for pre-session focus rating, an integer count for
tasks completed during the session, and a 0-10 slider for post-session focus rating; these labels
are localized to Korean or English based on patient preference.



7.3 30-Second Session Entry Design

A key design constraint is that per-session data entry must be completable within thirty seconds.
Adherence to digital interventions degrades rapidly when input burden exceeds this threshold
(Baumel et al., 2019; Fleming et al., 2018). The quick_input_schema is consequently restricted to
a maximum of four fields per session, each of which uses one of four primitive input types (slider,
integer, boolean, time). Free-text entry is optional and never required for plan continuation.

8. Algorithm 3: Adaptive Replan

8.1 Trigger Conditions

ALG-3 fires in response to three classes of triggers (Figure 5). First, an explicit user or clinician
action that changes the session count, modifies the primary goal, or selects a different training
from the alternates ranked by ALG-1. Second, a dropout signal: missed sessions beyond a
configurable threshold (default: two consecutive misses), or a deterioration in pre/post outcome
scores beyond a configurable tolerance. Third, a periodic review at a configurable cadence
(default: every six sessions) that re-evaluates the plan against the patient's updated profile.

8.2 Plan Diff and History Preservation

When ALG-3 fires, it does not modify the existing plan in place; instead, it records a
plan_modification row with a diff between the prior plan and the new plan, then writes a new plan.
This preserves the complete history of the patient's treatment trajectory, supporting both clinical
reflection and longitudinal analysis. Historical plans remain queryable indefinitely.

8.3 Reasoning Regeneration

Each replan invocation regenerates the bilingual reasoning text via the same template + LLM
polish pipeline used by ALG-1, with the addition of an explicit "what changed and why" narrative.
The narrative cites the trigger (e.g., "extended from 10 to 12 sessions at the patient's request” or
"alternative training selected due to two consecutive missed sessions of the prior plan™) and the
relevant updated profile components.

9. Algorithm 4: Privacy-Preserving Bot — Catcher Bridge

9.1 The Privacy Paradox in Integrated Platforms

As articulated in Section 2.3, the integration of conversational agents with clinical assessment
modules confronts a privacy paradox: bot-derived clinical signal is valuable, yet unconsented
sharing damages the trust premise on which conversational disclosure rests. The choice between



full integration (high clinical utility, low privacy protection) and full separation (high privacy
protection, low clinical utility) is a false dichotomy. ALG-4 implements a third option: explicit,
granular, withdrawable opt-in with a default-off baseline.

9.2 Opt-In Architecture

The patients.consent_bot_sync flag governs synchronization (Figure 6). Its default value at
account creation is FALSE. The flag may be toggled by the patient at any time through the privacy
settings interface; toggling to FALSE immediately halts further synchronization but does not
retroactively delete previously synchronized summaries (which are subject to standard data
deletion requests under GDPR Article 17 and HIPAA right-of-access provisions). When a clinician
is involved in the patient's care, the clinician may request that the patient enable sync, but the
patient retains sole authority over the flag's value, in conformity with GDPR Article 9(2)(a)'s explicit
consent requirement for special category data.

9.3 Summary Extraction Pipeline

When sync is enabled, the bot's conversation history is processed at session end (or, for batch
operation, daily) through a retrieval-augmented generation pipeline anchored to a curated clinical
vocabulary. The pipeline extracts content matching the bot_summary schema (Section 5.5) and
discards content outside this schema. Critically, the raw conversation log is never written to the
diagnostic record; only the schema-conformant extraction is transferred. This minimizes data flow
consistent with GDPR Article 5(1)(c) data minimization.

9.4 Therapist Visibility Controls

Within the diagnostic record, bot_ summary fields are subject to standard therapist access
controls. Patients may further restrict specific bot_summary fields from therapist view (e.g.,
concealing life_events while permitting mood_trend); these field-level restrictions are recorded in
an access_policy JSONB column on the session_records row. All accesses to bot_summary are
logged for audit.

10. Algorithm 5: Custom Training Builder

10.1 Clinician and Client Input Ul

Clinicians frequently develop bespoke protocols for individual patients (e.g., a graded exposure
plan for a specific OCD ritual; a personalized morning routine for executive function support).
ALG-5 supports authoring such trainings through an eight-field Ul (Figure 7): symptom track,
target behavior, category, two measurement specifications (each selecting from a constrained



dropdown), recommended sessions, per-session minutes, and visibility (clinician-only versus
private). Free-form JSON authoring is explicitly disallowed; the constrained Ul ensures that
custom trainings conform to the universal schema and remain compatible with ALG-1 scoring.

10.2 Al-Assisted Refinement

An optional "Refine with Al" action invokes a language model to: generate a clinically appropriate
description, propose contraindications drawn from the symptom track's standard contraindication
library, and surface similar existing trainings for the author's reference. The author retains full
editorial control over the Al-generated content. All Al-generated text is flagged in the source field
of the training_library row.

10.3 Validation and Storage

Before insertion, validation checks: (a) all required fields are populated, (b) the contraindications
do not conflict with the symptom track's mandatory inclusions, (c) the quick_input_schema yields
valid input types. Custom trainings are stored with evidence_level = 'custom’ and source recording
the authoring clinician or client. They are eligible for ALG-1 scoring with a calibrated
evidence_strength baseline below that of meta-analytically supported trainings.

11. Algorithm 6: Bilingual Result Renderer

11.1 Two Output Paths for Diagnostic Results

Symptom Catcher outputs are rendered in two parallel versions: a clinical version employing
DSM/ICD codes, Z-scores, and neurological interpretation, and a patient version employing
everyday language, metaphor, and encouragement (Figure 8). Symptom Bot outputs, by contrast,
are rendered in a single unified version: the bot's communication context makes the
clinical/patient distinction less meaningful, and the bot's tone calibration is already constrained by
ALG-6's parameters.

11.2 Template Plus LLM Polish Pipeline

Both paths use a template + LLM polish pipeline analogous to ALG-1's reasoning generation.
Templates encode the structural elements (which findings are reported, in what order, with what
emphasis); the LLM polish step calibrates tone and ensures natural phrasing in each language.
Tone calibration parameters vary by output: clinical version uses precise, professional register;
patient version uses warm, encouraging register; bot version balances accessibility with
diagnostic substance.



11.3 Korean-English Parallel Rendering

Both languages are rendered in parallel rather than via post-hoc translation. This avoids two
failure modes of post-hoc translation: idiom preservation (Korean idioms do not directly translate
to English equivalents, and vice versa) and clinical-term equivalence (Korean clinical terminology
occasionally lacks direct English analogs and requires explanatory rendering). The template
engine maintains separate templates for each language, sharing only the data inputs.

11.4 Cultural Calibration

Per Hwang et al. (2008), cultural context shapes both presentation of symptoms and acceptability
of treatment recommendations. The Korean rendering employs honorifics appropriate to clinical
encounters, somatic framings of psychological distress where culturally indicated, and family-
system framings where individual-frame language might be culturally dissonant. These
adaptations are encoded in the templates, not introduced post-hoc.

12. Audit Traceability

Table 6. Audit field schema in training_plan_recommendations.

Field Type Purpose

score_components JSONB All 6 component scores + sub-
components + methods

composite_score Numeric (0-1) Final weighted total

reasoning_ko Text (immutable) Korean human-readable
explanation

reasoning_en Text (immutable) English human-readable
explanation

evidence_citations JSONB array PMID/DOI with claim and
component link

contraindications_considered JSONB Which patient flags evaluated
and outcome

model_version Text Identifier of scoring model that
produced recommendation

created_at Timestamp Creation time

patient_id UuID Foreign key to patients

Table 7. Regulatory mapping of audit design.



Regulation

FDA SaMD Good Machine
Learning Practice

FDA SaMD Post-Market
Monitoring

GDPR Atrticle 9 (Special
Category Data)

GDPR Article 22 (Automated
Decision-Making)

GDPR Atrticle 5(1)(c) Data
Minimization

EU Al Act High-Risk System

HIPAA Privacy Rule

Requirement

Transparency, lifecycle audit

Tracking real-world performance

Explicit consent for health data

Right not to be subject to solely
automated decisions

Limit data flow to necessary

Transparency, human oversight,
post-market monitoring

Patient control over PHI

12.1 First-Class Audit Design

How Audit Design Addresses
It

score_components +
model_version persistence

training_plan_recommendations
+ session_records linked

consent_bot_sync flag; opt-in
default-off in ALG-4

Clinician-in-the-loop design;
reasoning_ko/en for meaningful
review

Fixed bot_summary schema;
raw conversation never
transferred

Audit fields + clinician
collaboration model

Granular consent flags;
withdrawal supported

As articulated in Section 2.4, we treat audit traceability as a first-class design constraint. The
training_plan_recommendations table persists, for every recommendation, all six score
components and their sub-components, the composite score, reasoning text in both Korean and
English, evidence citations with PubMed identifiers or digital object identifiers where available, the
contraindications considered (and the conclusion reached for each), and the version identifier of
the scoring model that produced the recommendation. This design exceeds the minimum
requirements of the U.S. Food and Drug Administration's Artificial Intelligence / Machine Learning
Software-as-a-Medical-Device action plan (FDA, 2021) and aligns with the lifecycle audit
emphasis in Warraich et al. (2024).

12.2 Score Component Persistence

The score_components JSONB column stores not only the numeric value of each component but
also the sub-components and the method used to compute the value. For example, the
symptom_match component records the cosine similarity value, the weight vector applied, the
symptom_priorities slice extracted from the patient profile, and the matching slice from the training
catalog. This level of detail enables retrospective replication: given the persisted record and the
model_version, an auditor can recompute the score without access to the live engine state.



12.3 Evidence Citation Schema

The evidence_citations field is a JSONB array. Each entry contains a pmid or doi, a brief
description of the claim the citation supports, and the relationship of that claim to the
recommendation. For example, an ADHD neurofeedback recommendation might cite Van Doren
et al. (2019) for sustained-effect evidence, with the claim "neurofeedback for ADHD shows
medium effect size at six-month follow-up" linked to the evidence_strength component. This
schema supports both clinician verification at the point of care and external audit during regulatory
review.

12.4 Bilingual Reasoning Immutability

The reasoning_ko and reasoning_en fields are written at recommendation time and are
immutable thereafter. Subsequent recommendations for the same patient generate new rows
rather than updating existing ones. This design choice preserves the historical record needed for
longitudinal audit and for understanding how the engine's reasoning has evolved over a patient's
course of treatment. Bilingual immutability is essential for serving Korean and English-speaking
populations under a single audit framework.

12.5 Regulatory Mapping

Table 7 maps the audit fields to specific regulatory requirements. The U.S. Food and Drug
Administration's Software-as-a-Medical-Device guidance, Good Machine Learning Practice
principles, the General Data Protection Regulation Article 22 right not to be subject to solely
automated decision-making, and the European Union Al Act high-risk system transparency
requirements are all addressed by the persistence design. We argue that this design is necessary
but not sufficient for full conformity; outcome validation across diverse populations and post-
market monitoring remain required prior to any clearance pursuit.

13. Universal Symptom Architecture

Table 8. Ten symptom domains and primary training categories.

Symptom Domain Primary Training Categories Key Evidence Source
ADHD (Gold Template) Neurofeedback, CBT, Cortese et al. (2018); Van
mindfulness, environmental Doren et al. (2019)

modification, skills training

Depression CBT, behavioral activation, Cuijpers et al. (2020)
interpersonal therapy,
mindfulness-based cognitive
therapy

Anxiety Exposure therapy, CBT, Carpenter et al. (2018)



Symptom Domain Primary Training Categories Key Evidence Source
mindfulness, relaxation training

Sleep CBT-l, sleep hygiene, stimulus Riemann et al. (2023)
control, sleep restriction

Burnout Workload management, Maslach & Leiter (2016)
recovery activities, boundary-
setting, values clarification

PTSD Trauma-focused CBT, Bisson et al. (2020)
prolonged exposure, EMDR,
psychoeducation

OCD Exposure and response Skapinakis et al. (2016)
prevention, CBT, acceptance-
based approaches

Bipolar Psychoeducation, mood Goodwin et al. (2016)
monitoring, social rhythm
therapy, family-focused therapy

Autism Social skills training, sensory Lord et al. (2022)
regulation, communication
support, family support

Peak Performance Goal-setting, attention training, Fischer & Bidell (2006); skill-
performance routine based literature
development

13.1 ADHD as Gold Template

We have chosen attention-deficit/hyperactivity disorder (ADHD) as the Gold Template for initial
development and clinical validation. The choice reflects three considerations. First, ADHD has the
strongest convergence between subjective symptom report, neuropsychological assessment
(continuous performance tasks, n-back tasks), and biomarker data (quantitative
electroencephalography theta/beta ratio; Arns et al., 2009; Van Doren et al., 2019), which allows
full exercise of the six-component scoring scheme. Second, evidence-based interventions for
ADHD span pharmacotherapy, cognitive-behavioral therapy, neurofeedback, mindfulness,
environmental modification, and skills training (Cortese et al., 2018), allowing the
recommendation engine to navigate genuine variety. Third, ADHD captures both pediatric and
adult populations and presents across a Fischer skill range from early concrete operations to
advanced abstractions, exercising the developmental-matching component.

The Gold Template strategy commits to deep clinical validation of ADHD before replication to
other symptom domains. Validation targets include recommendation alignment with expert
clinician choice (target: kappa = 0.70), reasoning quality as judged by external clinical reviewers



(Likert scale, target mean = 4 of 5), and patient comprehensibility of bilingual reasoning text (target
mean = 4 of 5 across Korean and English samples).

13.2 Symptom-Domain Replication Strategy

Replication to depression, anxiety, sleep, burnout, post-traumatic stress disorder, obsessive-
compulsive disorder, bipolar disorder, autism, and peak performance proceeds by populating data
rather than writing code. For each new symptom domain, the team curates a training library seed
(a set of evidence-based interventions with full quick _input_schema, fischer_start_level, and
contraindications fields), assembles a contraindication rule set, and validates the
recommendation engine's outputs against expert clinical judgment on a representative case
sample. The same six algorithms and the same database schema serve all domains. Domain-
specific evidence sources include Cuijpers et al. (2020) for depression, Carpenter et al. (2018) for
anxiety, Riemann et al. (2023) for sleep, Maslach and Leiter (2016) for burnout, Bisson et al.
(2020) for post-traumatic stress disorder, Skapinakis et al. (2016) for obsessive-compulsive
disorder, Goodwin et al. (2016) for bipolar disorder, and Lord et al. (2022) for autism.

13.3 Training Library Seed Data Curation

Per-symptom training library seeds are curated by a clinician with combined doctoral-level
training, Board Certification in Neurofeedback, and Harvard Graduate School of Education
affiliation (former Visiting Scholar). Seeds prioritize interventions with rct or meta_analysis
evidence_level where available, with consensus_guideline and expert_opinion entries filling gaps.
Each seed is reviewed for cultural appropriateness across Korean and English clinical practice
(Hwang et al., 2008). The curated library is itself a form of intellectual property, distinct from but
complementary to the algorithmic engine.

13.4 Cross-Symptom Comorbidity Handling

Comorbidity is the rule rather than the exception in real-world mental health populations. The
unified profile schema accommodates comorbidity through the symptom_ priorities vector, which
encodes relative weighting across domains rather than a categorical single-symptom assignment.
ALG-1 selects the primary symptom domain by argmax of symptom_priorities but uses the full
vector to flag relevant secondary considerations. For example, a patient with primary ADHD and
secondary depression may receive an ADHD training recommendation with explicit notation that
depression-friendly modalities (behavioral activation overlap) are preferred. Full multi-symptom
planning across simultaneous concurrent treatments is reserved for future work.



14. Discussion

14.1 Strengths

The architecture's principal strengths are integration, privacy, and traceability. By unifying
assessment, recommendation, session planning, and adaptive replanning under one schema, the
design removes the structural gap between diagnosis and treatment that characterizes most
contemporary digital mental health interventions. By treating the bot-clinical bridge as an opt-in
default-off explicit decision, the design respects patient autonomy while preserving the option to
integrate when appropriate. By persisting full score decomposition, evidence citations, bilingual
reasoning, and model version with every recommendation, the design provides regulators,
clinicians, and patients with the substrate for meaningful audit and accountability.

A further strength is the universal symptom-domain structure. The same six algorithms and the
same database schema serve all ten Catchers; new symptom domains are added by populating
data rather than writing code. This minimizes implementation cost per domain and ensures
consistency in audit, privacy handling, and bilingual rendering across the full platform.

14.2 Limitations

Several limitations apply. First, the engine has not yet been clinically validated; planned validation
includes recommendation-alignment studies against expert clinician choice, reasoning-quality
studies with external reviewers, and bilingual comprehensibility studies. Second, the cold-start
problem persists: in the absence of prior outcome data, the personal_history component
contributes a neutral prior, which may lead to recommendations that revert to evidence-strength
dominance. Third, the engine assumes that clinician-curated content is correct; bias in the
training_library seed propagates to recommendations. Fourth, Fischer skill estimation in real time
is non-trivial; current implementation uses self-report and clinician-administered shorthand
assessment, which may be insufficient for fine-grained level discrimination.

14.3 Clinical Implications

For practicing clinicians, the architecture offers a clinician-Al collaboration model rather than
clinician replacement. ALG-1 produces ranked recommendations with reasoning; the clinician
selects, modifies, or overrides. ALG-5 allows clinicians to author bespoke trainings that conform to
the recommendation engine's expectations. The bot-bridge architecture allows clinicians to
access bot-derived clinical signal only with explicit patient consent, preserving the therapeutic
alliance. We hypothesize, though do not here demonstrate, that this collaboration model

increases clinician acceptance over autonomous algorithmic recommendation systems.



14.4 Regulatory Pathway

The architecture is designed to support a U.S. Food and Drug Administration Software-as-a-
Medical-Device Class Il clearance pursuit. The audit traceability layer addresses Good Machine
Learning Practice principles regarding transparency, post-market monitoring, and lifecycle audit.
The opt-in default-off bot bridge addresses General Data Protection Regulation Article 9 and the
European Union Al Act's high-risk system transparency requirements. The bilingual rendering
pipeline supports international deployment. Conformity to either framework requires outcome
validation across diverse populations, which is the primary aim of the ADHD Gold Template
validation phase.

14.5 Future Work

Three lines of future work are prioritized. First, outcome data integration: as patients complete
sessions and report outcomes, the engine should update its scoring through supervised learning
while preserving the audit trail. Second, multi-modal biomarker expansion: integration of wearable
physiological data (heart rate variability, sleep architecture from consumer devices) into
biomarker_summary would strengthen the biomarker_match component. Third, multi-symptom
concurrent treatment planning: real-world patients often warrant simultaneous attention to
multiple symptom domains; extending ALG-2 to plan concurrent rather than sequential trainings is
a substantial design problem.

15. Conclusion

We have presented an Al-driven personalized treatment pathway engine for multi-symptom digital
mental health platforms. The architecture comprises six algorithms operating against a unified
relational database schema: a multi-component recommendation engine, a Fischer-aware
session plan generator, an adaptive replanner, a privacy-preserving bot-clinical bridge, a custom
training builder, and a bilingual result renderer. The design addresses three persistent gaps in
contemporary digital mental health: the disconnect between assessment and personalized
treatment planning, the privacy paradox of bot-clinical integration, and the absence of audit-

traceable reasoning for algorithmic recommendations.

Three architectural commitments distinguish this work. First, treatment pathway logic is explicit,
modular, and auditable rather than implicit in unstructured chatbot conversation or static
psychoeducational content. Second, the bridge between conversational and clinical data streams
is governed by explicit opt-in default-off consent semantics rather than blanket integration. Third,
the entire architecture is universal across ten symptom domains, with ADHD serving as a Gold
Template for clinical validation before replication to depression, anxiety, sleep, burnout, post-



traumatic stress disorder, obsessive-compulsive disorder, bipolar disorder, autism, and peak
performance.

The system is designed to be regulator-aligned with United States Food and Drug Administration
Software-as-a-Medical-Device guidance, the European Union Al Act, the General Data Protection
Regulation, and the Health Insurance Portability and Accountability Act. The architecture itself is
necessary but not sufficient for regulatory clearance; outcome validation across diverse
populations and post-market monitoring remain required prior to any clearance pursuit. The next
phase of work is clinical validation of the ADHD Gold Template, after which replication to the
remaining nine symptom domains can proceed as a primarily data-curation rather than software-
engineering exercise.

Beyond its immediate platform context, the architecture offers a generalizable template for the
construction of multi-symptom digital mental health platforms that integrate conversational and
clinical components without sacrificing privacy or transparency. The Fischer dynamic skill
compatibility component, in particular, may have applications beyond the present platform
wherever developmentally calibrated treatment matching is required. We hope this work
contributes to a digital mental health ecosystem in which personalization, privacy, and
accountability are not in tension but are jointly designed from the beginning.
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