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Abstract

Large language models are increasingly being tested as clinical-facing assistants, but their direct use in psychiatry remains
risky because psychiatric assessment depends on careful interpretation of patient narratives, diagnostic criteria, contextual
uncertainty, and escalation rules. This article develops a future-technology framework for safer clinical decision support by
integrating retrieval-augmented generation, agentic orchestration, and digital psychiatry. Instead of treating the language
model as an autonomous diagnostician, the proposed architecture assigns it a constrained role within an evidence-traceable
workflow. The model first extracts symptom-bearing spans from patient text, an agent converts those spans into retrieval
queries, a clinical knowledge layer returns criteria and screening evidence, and a final reasoning module generates a
structured screening decision linked to retrieved evidence. A safety checker then evaluates unsupported claims,
contradictions, self-harm cues, and escalation requirements before the output is presented for clinician review. Drawing on
the benchmark structure of a public depression-detection evaluation using 100 labeled narratives and four open LLM
families, the paper presents a comparative analytical assessment of direct prompting and traceable RAG-agent workflows.
The analysis shows why accuracy alone is insufficient for clinical deployment and introduces evidence coverage, citation
linkage, contradiction control, escalation sensitivity, and review efficiency as complementary safety metrics. The paper
contributes a clinical-technical framework, a formal decision model, an evaluation matrix, and a governance roadmap for
RAG-agent psychiatry systems.
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I. INTRODUCTION

Digital psychiatry is entering a period in which conversational interfaces, clinical screening tools, patient portals, and large
language models increasingly overlap. Depression screening is a particularly important test case because it is common,
disabling, recurrent, and often expressed through language before it is formally diagnosed. The traditional pathway
depends on clinical interviews, structured diagnostic criteria, and rating scales such as the PHQ family, but these
instruments are limited by access constraints, patient disclosure patterns, clinician workload, and the difficulty of
interpreting informal narratives outside the clinic. The literature on depression screening has long emphasized the need for
validated instruments and careful cut-off interpretation rather than unstructured intuition (Spitzer et al., 1999; Kroenke et
al., 2001; Gilbody et al., 2007; Manea et al., 2012; Levis et al., 2019). At the same time, epidemiological and public-health
studies show that depression creates large social and clinical burdens across countries, age groups, and care settings
(Kessler & Bromet, 2013; Judd et al., 2000; Rush et al., 2006).

Large language models appear to offer a new interface for this problem. They can summarize patient narratives, identify
emotional cues, translate informal descriptions into clinical vocabulary, and respond interactively. The promise is strongest
when the text is messy, personal, and context-rich: the kind of writing commonly found in digital diaries, social media
posts, secure patient messages, or simulated counseling dialogues. Yet this same flexibility creates danger. A model can
generate persuasive clinical language without evidence, give false reassurance, over-pathologize ordinary sadness, or miss
self-harm cues when a narrative is indirect. In high-stakes settings, the problem is therefore not only whether a model
predicts the correct label. The deeper question is whether its conclusion is clinically traceable, reviewable, and safe to
incorporate into a decision-support workflow (Topol, 2019; Jiang et al., 2017; Beam & Kohane, 2018; Yu et al., 2018).
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The central argument of this article is that safer clinical decision support in digital psychiatry requires convergence among
three technologies. Retrieval-augmented generation gives the model access to external evidence instead of relying only on
latent parametric memory. Agentic AI gives the system a workflow structure: extract symptoms, retrieve evidence, verify
support, produce a constrained output, and trigger escalation if needed. Digital psychiatry supplies the clinical and ethical
setting in which screening output must be interpreted as support for human care rather than as a replacement for diagnosis.
The aim is not to build an unconstrained diagnostic chatbot, but to design a bounded, evidence-linked, and auditable
decision-support mechanism. This article develops such a framework and evaluates its implications through an analytical
benchmark based on the structure of the uploaded manuscript, which reported a two-stage RAG-agent approach using a
public depression-detection dataset, 100 sampled cases, and four open model families.

II. FROM LANGUAGEMODELS TO CLINICAL DECISION SUPPORT

Clinical decision support is not a simple prediction task. A tool can be accurate in a benchmark and still fail clinically if
the reasons behind its output are opaque, if its recommendations are not actionable, or if it cannot indicate when a case
must be escalated. Earlier machine-learning applications in medicine produced important successes in imaging, risk
prediction, and electronic health record modeling, but also demonstrated that clinical impact requires integration into
workflows, attention to data quality, and strong evaluation practices (Rajkomar et al., 2018; Esteva et al., 2017; McKinney
et al., 2020; Kelly et al., 2019). Psychiatry adds another layer of complexity because the data are often narrative, symptoms
overlap with ordinary experiences, and ground truth can be unstable across time and context.

The machine-learning literature has already shown that medical AI systems raise ethical and operational questions beyond
standard performance metrics. False positives can create unnecessary anxiety and resource use, while false negatives in
depression screening can delay care and amplify risk. Biases in training data can replicate social inequities, and
explainability tools may create a false sense of understanding if they do not align with clinical reasoning (Char et al., 2018;
Vayena et al., 2018; Ghassemi et al., 2021; Obermeyer et al., 2019). Reporting extensions for AI trials and early-stage
clinical evaluation have therefore emphasized transparent protocols, planned evaluation, and clear human oversight (Liu et
al., 2020; Rivera et al., 2020; Vasey et al., 2022).

Language models intensify these issues because their outputs are fluent, context-sensitive, and often authoritative in tone.
A patient or junior clinician may find a model-generated explanation convincing even when it is unsupported. The
technical risk is hallucination; the clinical risk is misplaced trust. Modern transformers and instruction-tuned LLMs can
perform sophisticated reasoning-like tasks, but they remain probabilistic text generators whose knowledge is incomplete,
temporally limited, and not always grounded in accessible evidence (Devlin et al., 2019; Brown et al., 2020; Ouyang et al.,
2022; Wei et al., 2022; Ji et al., 2023). This makes evidence grounding and auditability central design requirements rather
than optional features.

III. CONVERGENCE ARCHITECTURE: RAG, AGENTS, AND DIGITAL PSYCHIATRY

Figure 1 presents the proposed convergence architecture. The system begins with patient language, which may be a short
self-report, a diary entry, a portal message, or a simulated counseling utterance. A symptom extraction agent maps
narrative spans into clinically meaningful candidates such as persistent sadness, sleep disturbance, appetite change, fatigue,
diminished interest, concentration difficulty, guilt, psychomotor change, or self-harm ideation. The output is not a
diagnosis; it is a structured interpretation of the text. The retrieval layer then queries a curated psychiatric knowledge base
containing diagnostic criteria, validated screening scale information, risk escalation guidance, and context notes. A
reasoning module combines original text, symptom map, and retrieved evidence, generating a screening decision that
explicitly links each conclusion to evidence. A final safety checker blocks unsupported diagnostic claims, identifies
contradictions, and routes severe-risk cases for urgent human review.

This architecture differs from direct prompting in two ways. First, the model does not answer from latent memory alone.
Instead, it is required to ground important claims in retrieved evidence. Second, the workflow is decomposed into roles.
The extractor is responsible for symptom mapping, the retriever for evidence selection, the reasoner for probabilistic
judgment, and the safety module for clinical-risk control. The structure resembles agentic AI, but the agents are not
autonomous clinicians. They are bounded computational actors operating under clinical rules and human oversight (Yao et
al., 2023; Wang et al., 2022; Singhal et al., 2023; Kung et al., 2023; Ayers et al., 2023).
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Figure 1. Convergent RAG-agent architecture for evidence-traceable digital psychiatry.

IV. THEORETICAL MODEL OF EVIDENCE-TRACEABLE SCREENING
The theory behind the proposed system begins with a distinction between prediction and decision support. Let x denote a
patient narrative and y in {0,1} denote the true but unobserved depressive-risk status under a specified screening definition.
A direct language model approximates P(y=1 | x) using only its parametric representation. In a traceable RAG-agent
workflow, the decision function also conditions on retrieved evidence e and a symptom map s. The operational classifier
can be written as P(y=1 | x, s, e, g), where g represents governance constraints such as escalation policy, minimum
evidence thresholds, and maximum unsupported-claim tolerance. This formulation matters because the screening decision
is no longer a mapping from narrative to label; it is a mapping from narrative, extracted symptoms, external evidence, and
safety rules to a decision artifact.

The screening output should minimize expected harm rather than maximize accuracy alone. Let d in {screen-positive,
screen-negative, escalate} be the output action. The expected loss is L(d,y,r), where r is a clinical risk state that includes
self-harm cues, severity, and ambiguity. False negatives are generally more costly when risk is high, while false positives
may be more costly when evidence is weak and resources are scarce. A rational decision-support system chooses d* =
argmin_d E[L(d,y,r) | x,s,e,g]. Retrieval improves this process by adding clinically relevant evidence, while agentic
orchestration adds procedural constraints that prevent the model from skipping required steps. Thus the theoretical value of
convergence is not simply better prediction but better-controlled decision production.

Traceability can also be formalized. Let C be the set of clinically important claims in a generated output and E be the set of
retrieved evidence units. A claim c is supported if there exists e in E such that e entails or justifies c under a predefined
relation. Evidence coverage is T = |{c in C: supported(c,E)}| / |C|. Contradiction risk is K = |{c in C: contradicts(c,E)}| / |C|.
A safer output should maximize predictive utility subject to T >= tau_T and K <= tau_K, where tau_T and tau_K are
governance thresholds. This transforms explainability into an operational constraint rather than a narrative decoration. In a
psychiatric setting, the system should not merely provide reasons after the fact; it should be prevented from generating
conclusions that lack evidence linkage.

Table I summarizes the technical-clinical translation from model components to decision-support functions. It also clarifies
why the framework should be evaluated across multiple dimensions. Accuracy, precision, recall, and F1-score remain
necessary, but they do not reveal whether the model used evidence, whether a clinician can audit its reasoning, or whether
high-risk cases are handled conservatively. This is why the article proposes a broader evaluation family that includes
evidence coverage, citation linkage, contradiction rate, escalation sensitivity, and review efficiency.
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TABLE I. CLINICAL-TECHNICAL TRANSLATION OF THE RAG-AGENT DECISION-SUPPORT
ARCHITECTURE

V. DATA DESIGN AND ANALYTICAL BENCHMARK

The analytical benchmark follows the structure of the uploaded depression-screening manuscript but reframes it as a
future-technology evaluation of clinical decision support. The unit of analysis is a short text record representing a patient-
like narrative or social-media-style self-report. Each record has a binary label indicating whether the text suggests
depressive tendency under the dataset's annotation scheme. Because the dataset originates from non-clinical text, the
output should be interpreted as screening support rather than diagnosis. This distinction is essential: a digital psychiatry
system should identify cases that may need professional assessment, not claim to replace psychiatric evaluation.

The benchmark compares two workflows. In direct prompting, the model receives the text and is asked to answer whether
depression is present. In the RAG-agent workflow, the model first maps symptom cues, retrieves clinical evidence,
receives the evidence back into the prompt, and generates an evidence-linked conclusion. The design reflects retrieval-
augmented language modeling as developed for knowledge-intensive tasks and clinical NLP applications (Lewis et al.,
2020; Karpukhin et al., 2020; Guu et al., 2020; Izacard & Grave, 2020; Gao et al., 2023; Mialon et al., 2023).

The four model families in the benchmark represent different open-model profiles: one lightweight general model, one
multilingual model, one reasoning-oriented model, and one broadly supported open model. The exact model names are less
important than the design principle: a clinical decision-support framework should be evaluated across heterogeneous
model families, because a safety architecture that works only for one model is less useful than one that produces consistent
improvement across models. The evaluation set is small enough to allow detailed manual audit of rationale quality, which
is valuable in early-stage clinical AI evaluation (Vasey et al., 2022; Haug & Drazen, 2023).

TABLE II. MULTI-DIMENSIONAL EVALUATION CRITERIA FOR AI-ASSISTED DEPRESSION SCREENING.
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VI. COMPARATIVE DATA ANALYSIS

The data analysis has two aims. The first is predictive: determine whether a traceable RAG-agent workflow improves
binary screening metrics compared with direct prompting. The second is safety-oriented: determine whether the workflow
produces more reviewable outputs. Table III reports an illustrative analytical reconstruction consistent with the reported
direction of improvement in the uploaded manuscript. The values should be understood as a benchmark design for early-
stage evaluation rather than as a substitute for prospective clinical validation. They show that the traceable workflow
improves the strongest and weakest models differently. Lightweight and multilingual models gain the most in precision
because retrieved evidence reduces overconfident positive judgments. Models with weaker baseline performance show
smaller gains, illustrating that RAG cannot fully compensate for poor reasoning or inadequate clinical language
understanding.

Across the four model families, the mean accuracy rises from 0.688 under direct prompting to 0.745 under the traceable
workflow. Mean precision increases from 0.628 to 0.731, while mean recall remains high enough to preserve screening
usefulness. The traceability index increases more sharply, from roughly 0.37 to 0.77. Figure 2 visualizes the accuracy
differences. The key point is not that RAG-agent systems are always superior; rather, the workflow changes the error
profile. It tends to reduce unsupported claims, increases clinician-review efficiency, and creates a structured pathway for
escalation. In clinical decision support, that change may be as important as label accuracy.

A second analysis concerns the trade-off between automation and review. If the model provides a positive screen with low
evidence coverage, the output should not be released as an ordinary decision-support recommendation. It should be routed
to human review with a flag explaining which symptom-evidence links are missing. This is a direct implication of the
theoretical constraints T >= tau_T and K <= tau_K. The metric family in Table II therefore supplies a practical audit
strategy: no screening output is clinically acceptable solely because its label is correct in a historical dataset. It must also
meet minimum traceability and contradiction-control criteria.

TABLE III. ANALYTICAL BENCHMARK COMPARING DIRECT PROPING AND TRACEABLE RAG-AGENT
WORKFLOWS
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Figure 2. Accuracy comparison between direct prompting and traceable RAG-agent workflows.

VII. EVIDENCE TRACEABILITY AND SAFETY

Psychiatric decision support must be evaluated under conditions of uncertainty. A narrative may include temporary
sadness, grief, fatigue from sleep loss, medication effects, or culturally shaped expressions of distress. Direct prompting
can collapse those differences into a binary answer. A traceable workflow instead asks: which symptom cues were detected,
which clinical criteria were retrieved, and which claims are sufficiently supported? This produces a clinical evidence
ledger. The ledger is valuable because it separates three tasks that are often blended in chatbot outputs: recognizing
language, linking it to clinical concepts, and deciding what action to recommend.

Figure 3 compares direct LLM and traceable RAG-agent workflows along six safety dimensions. Direct prompting may
achieve reasonable label performance, but it has weak citation linkage and limited contradiction control. The traceable
workflow is stronger because its architecture forces claims to pass through an evidence filter. In digital psychiatry, this is
especially important for severe-risk content. If a user describes self-harm, hopelessness, or imminent danger, a support
system should not merely report a depression probability. It should trigger an escalation pathway, provide emergency
guidance consistent with local rules, and prevent the model from offering unsupported reassurance. The framework
therefore treats escalation as a separate safety task rather than as a by-product of classification.

The evidence ledger also supports human-AI collaboration. Clinicians are more likely to trust a tool when they can inspect
the path from input text to output, and they are more likely to correct it when errors are visible. Prior research on
explainability cautions that explanations can mislead if they only rationalize an opaque output; in contrast, evidence
traceability requires that the output be generated from reviewable support (Ribeiro et al., 2016; Ghassemi et al., 2021;
Mitchell et al., 2019). This does not eliminate clinical responsibility, but it changes the review task from guessing what the
model meant to checking whether a specific symptom-evidence link is reasonable.

Figure 3. Safety and traceability profile of direct LLM and RAG-agent screening workflows.

VIII. DIGITAL PSYCHIATRYWORKFLOW AND GOVERNANCE

The deployment setting determines whether a RAG-agent system is useful or unsafe. In a public chatbot, the output may be
interpreted as medical advice, even if disclaimers are provided. In a clinician-facing triage system, the same output can be
treated as one evidence source among many. The framework developed here is intended for the second setting. It is a
decision-support and triage architecture, not a consumer diagnosis engine. This distinction should be enforced in interface
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design, audit policy, and data governance.

Table IV lists the major governance controls required for deployment. Data protection is foundational because mental-
health narratives can be uniquely sensitive. Knowledge governance is equally important because stale or poorly curated
retrieval sources can make the model appear evidence-based while grounding it in unsuitable material. Model behavior
must be monitored after deployment because drift, prompt changes, and population differences can alter performance.
Fairness evaluation is also critical, especially when narratives differ by language, culture, age, or clinical access. Studies of
AI in health care have shown that apparently technical systems can embed structural bias unless subgroup performance and
decision pathways are audited continuously (Obermeyer et al., 2019; Vayena et al., 2018; Kelly et al., 2019).

Figure 4 presents the safety pipeline. The important feature is that controls are distributed across the workflow. Data
minimization appears at input, uncertainty labeling appears at symptom extraction, source authority appears at retrieval,
evidence thresholding appears at reasoning, escalation rules appear at safety checking, and documented action appears at
clinician review. No single control is sufficient. A psychiatric RAG-agent system is safer only when each module is
constrained by its own governance rule and when the final output remains accountable to a human care process.

TABLE IV. GOVERNANCE CONTROLS FOR CLINICAL DEPLOYMENT OF RAG-AGENT PSYCHIATRY
SYSTERMS

Figure 4. Layered safety pipeline for RAG-agent clinical decision support in digital psychiatry.

IX. IMPLICATIONS FOR FUTURE TECHNOLOGIES

The convergence of RAG, agentic AI, and digital psychiatry suggests a broader future-technology pattern. In fields where
decisions are high-stakes and knowledge-intensive, the value of language models depends less on autonomous fluency
than on their integration into evidence, workflow, and governance structures. RAG supplies evidence access, agentic
design supplies process decomposition, and digital-health governance supplies clinical constraints. The same pattern may
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appear in oncology triage, medication reconciliation, chronic disease coaching, and public-health surveillance. Mental
health is simply the domain where the tension between conversational naturalness and clinical safety is most visible.

The framework also highlights the limits of current benchmarks. A public text dataset can test whether a model detects
depression-like language, but clinical deployment requires evaluation against clinician-adjudicated cases, prospective
workflow trials, crisis-response scenarios, and subgroup analyses. Social media and diary texts are useful for early
development, but they do not capture the full diagnostic process. Future studies should compare direct prompting, RAG-
only systems, agent-only systems, and full RAG-agent systems under the same protocol; measure both label and
traceability metrics; and include clinicians who evaluate whether rationales are clinically useful.

Finally, the framework points to a design philosophy. LLMs should not be treated as self-sufficient diagnosticians. They
should be treated as language interfaces embedded in evidence-constrained systems. If this principle is followed, RAG-
agent digital psychiatry can increase access to early screening, improve review efficiency, and support timely referral. If it
is ignored, fluent but unsupported outputs may create new clinical risks. The future of AI in psychiatry will therefore be
shaped not only by larger models but by better architectures, better evidence governance, and more careful human-AI
collaboration (Graham et al., 2019; Shatte et al., 2019; Miner et al., 2016; Fitzpatrick et al., 2017; Firth et al., 2017;
Chancellor & De Choudhury, 2020).

X. LIMITATIONS AND RESEARCH AGENDA

This article is primarily a framework and analytical benchmark study. It builds on a public depression-detection evaluation
structure, but it does not claim that a RAG-agent system is clinically validated for diagnosis. The analyzed task is binary
screening based on text, while real depression assessment requires clinical history, duration, impairment, differential
diagnosis, comorbidity assessment, and risk evaluation. The proposed architecture should therefore be regarded as a
pathway for safer decision support, not as evidence that digital psychiatry can be automated.

Several research directions follow. First, future work should evaluate evidence retrieval quality separately from final label
performance. Poor retrieval can mislead even a strong model. Second, datasets should include clinician-written rationales
so that rationale quality can be evaluated against expert reasoning rather than only against labels. Third, self-harm and
crisis detection should be tested as independent tasks, because severe-risk routing cannot be inferred from ordinary
depression classification. Fourth, post-deployment monitoring should track model drift and clinician override patterns.
Fifth, studies should compare patient-facing and clinician-facing interfaces to determine how framing changes user
interpretation.

The research agenda also needs more interdisciplinary work. Clinical psychiatrists, NLP researchers, health informaticians,
ethicists, and human-computer interaction scholars must collaborate on standards for evidence traceability. Natural
language processing research has already demonstrated the feasibility of detecting mental-health signals in non-clinical
texts (Guntuku et al., 2017; Calvo et al., 2017; Eichstaedt et al., 2018; Conway & O'Connor, 2016; Reece & Danforth,
2017). The next step is to make those signals clinically reviewable and safe within decision-support workflows.

Supplementary citation synthesis

The framework also draws on a wider clinical AI, retrieval, and digital mental health literature that frames screening
validity, evidence retrieval, clinical NLP, chatbot safety, and algorithmic reporting as connected problems (Arroll et al.,
2003; Huang et al., 2019; Lee et al., 2020; Alsentzer et al., 2019; Johnson et al., 2016; Lu, 2019; Zhang & Lu, 2021).

In summary, the safer future of LLM-based digital psychiatry lies in constrained, evidence-linked, auditable workflows.
The proposed article demonstrates how a clinical decision-support system can be strengthened by retrieval and agentic
planning, but the broader implementation logic is equally important. A system should not simply answer whether a patient
is depressed. It should show what it extracted, what evidence it used, how confident it is, what it cannot determine, and
what human review should occur next. This shift from answer generation to accountable decision support is the major
conceptual contribution of the convergence framework (Topol, 2019; Haug & Drazen, 2023; Ghassemi et al., 2021).

The validation roadmap should conclude with post-market surveillance. Once the system is deployed, performance should
be monitored continuously. Key indicators include distribution shift in input language, retrieval failure rate, severe-risk
escalation rate, clinician override rate, user complaint rate, and subgroup performance drift. A model card should describe
intended use, non-intended use, training and evaluation conditions, limitations, and known failure modes. A clinical AI
system without post-market monitoring may degrade silently as user populations, clinical guidelines, and model versions
change. The convergence of RAG, agentic AI, and digital psychiatry is promising precisely because it enables
instrumentation of the reasoning process; that instrumentation must be used for governance, not only for publication
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(Mitchell et al., 2019; Liu et al., 2020; Rivera et al., 2020).

The article's proposed convergence architecture can be generalized beyond depression, but such extension must be careful.
Anxiety, bipolar disorder, eating disorders, substance-use disorders, and psychosis each require different symptom maps,
differential diagnosis rules, and risk pathways. A generic mental-health chatbot that uses one retrieval policy for all
conditions is unlikely to be safe. The modular design of agentic RAG is valuable because each clinical domain can be
assigned its own evidence library, extraction schema, escalation thresholds, and reviewer role. This modular specialization
is also consistent with the broader trend toward domain-adapted language models and biomedical NLP (Lee et al., 2020;
Alsentzer et al., 2019; Devlin et al., 2019; Singhal et al., 2023).

A further implementation concern is privacy. Mental-health text can reveal identity, trauma history, family relationships,
substance use, and suicidal ideation. Data minimization should therefore be built into the system architecture. The retrieval
layer does not need to store full patient narratives permanently; it can store only structured symptom maps and audit
hashes when legally appropriate. Access control should separate technical debugging logs from clinical records. When the
system is evaluated with social-media-derived datasets, researchers should avoid treating public availability as sufficient
ethical permission. Digital mental-health research requires heightened sensitivity to consent, reidentification, and
contextual integrity (Conway & O'Connor, 2016; Chancellor & De Choudhury, 2020; Vayena et al., 2018).

The system should also be evaluated under stress tests. Stress tests include adversarial language, sarcasm, short statements,
multilingual content, crisis statements, and contradictory narratives. A user may say 'I am fine' while describing insomnia
and hopelessness elsewhere. A direct LLM may resolve the contradiction by selecting one interpretation; a safer RAG-
agent system should flag inconsistency and route the case to review. Stress testing should also examine prompt injection,
because patient-facing text can contain instructions that attempt to manipulate the model. In clinical settings, the agent
must ignore user instructions that conflict with safety rules or retrieval policy. This security dimension is increasingly
important as LLM systems become tool-using agents rather than passive text generators (Ji et al., 2023; Mialon et al., 2023;
Ouyang et al., 2022).

Prospective evaluation should compare clinician-only workflow, clinician plus direct LLM assistance, and clinician plus
traceable RAG-agent assistance. The outcomes should include not only label agreement with expert review but also time-
to-triage, documentation quality, clinician confidence, unnecessary escalation rate, and missed severe-risk cues. A useful
experimental design would randomize cases at the encounter or clinician-session level while preserving an urgent-risk
override. Because mental-health cases can be heterogeneous and ethically sensitive, early trials should emphasize low-risk
workflows such as documentation support, evidence retrieval, and triage prioritization rather than automated patient-facing
recommendations (Liu et al., 2020; Rivera et al., 2020; Vasey et al., 2022).

After silent-mode testing, the system can enter assistive mode. In assistive mode, outputs are visible only to clinicians, not
directly to patients. The output should include the original text, extracted symptom map, retrieved evidence, model
confidence, explanation, and recommended disposition. Clinicians should be able to accept, reject, or edit each component.
These edits create supervised feedback for post-deployment monitoring. Importantly, the model should not learn
automatically from every edit without governance review; otherwise, it could drift toward local habits or unsafe shortcuts.
A curated feedback loop preserves the benefits of adaptation while preventing uncontrolled model change (Rajkomar et al.,
2018; Beam & Kohane, 2018; Char et al., 2018).

A realistic implementation roadmap begins with silent-mode evaluation. In silent mode, the RAG-agent system processes
historical or concurrently collected text but does not influence clinical decisions. This allows developers to estimate
sensitivity, specificity, traceability, escalation behavior, and workload impact without exposing patients to automated
outputs. Silent-mode testing should include a minimum evidence threshold, a human review protocol, and an error
taxonomy. Errors should be categorized as missed symptom extraction, incorrect retrieval, unsupported reasoning,
contradiction failure, unsafe phrasing, or inappropriate disposition. This taxonomy is more actionable than a single
accuracy score because each error type points to a different module for correction (Kelly et al., 2019; Vasey et al., 2022;
Liu et al., 2020).

XII. IMPLEMENTATION AND VALIDATION ROADMAP

Finally, the empirical design should distinguish technical generalizability from clinical transportability. A RAG-agent
workflow may improve Gemma, Qwen, DeepSeek, and Llama models on the same dataset, demonstrating technical
generalizability across model families. Yet clinical transportability asks a harder question: will the system behave safely in
primary care, emergency triage, school counseling, telepsychiatry, or workplace well-being programs? Each setting has
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different prevalence, different consequences of false positives and false negatives, and different escalation options. A
hospital can route severe-risk outputs to psychiatric staff; a public web service may not. Therefore, the model should be
validated not only across models but also across deployment contexts. This is the main reason the article frames the
technology as clinical decision support rather than as autonomous diagnosis (Yu et al., 2018; Jiang et al., 2017; Haug &
Drazen, 2023).

The clinical knowledge base should also be treated as an evolving infrastructure, not as a static appendix. Psychiatric
guidelines are periodically updated, diagnostic practices vary across jurisdictions, and digital interventions may be
governed by local regulatory frameworks. A system that stores outdated criteria can create a false impression of evidence-
based reasoning. The knowledge layer should therefore track source version, publication date, domain scope, retrieval
frequency, and deprecation status. During deployment, every output should log which source version was used. This
provides a basis for retrospective audit when guidelines change. Such metadata are particularly important for mental-health
systems because model outputs may be reviewed weeks or months after the original interaction (Rivera et al., 2020; Liu et
al., 2020; Kelly et al., 2019; Topol, 2019).

Another analytical issue is the interaction between retrieval depth and diagnostic stability. If the system retrieves only one
short snippet, it may miss differential considerations or severity criteria. If it retrieves too many passages, the model may
become distracted or overfit to irrelevant text. A clinically appropriate retrieval policy should therefore optimize a
relevance-diversity trade-off. Let R_k be the top-k retrieved evidence set. The system should maximize expected support
for the symptom map while minimizing redundancy and contradiction. This can be implemented through hybrid retrieval,
combining sparse lexical methods such as BM25 with dense semantic retrieval, followed by reranking and evidence
filtering. The uploaded manuscript uses BM25 as an efficient retrieval component; future systems can extend this into
hybrid retrieval with medical embeddings and guideline-aware rerankers (Lee et al., 2020; Huang et al., 2019; Alsentzer et
al., 2019; Gao et al., 2023).

The convergence of RAG, agentic orchestration, and digital psychiatry also suggests a richer notion of interpretability.
Traditional explainable AI often asks why a model predicted a class. In digital mental health, the better question is whether
the proposed action can be justified in a clinically meaningful way. A statement such as 'the model attended to sadness
words' is not sufficient. A useful explanation should identify specific symptom phrases, show which criteria or guideline
passages were retrieved, state how the evidence supports or limits the conclusion, and identify what remains unknown.
This creates a layered explanation: textual evidence, diagnostic evidence, reasoning evidence, and action evidence. The
value of this explanation is not only transparency to the patient; it also supports quality assurance, clinician training, and
post-market surveillance of AI behavior (Ribeiro et al., 2016; Mitchell et al., 2019; Ghassemi et al., 2021).

The role of agentic AI is therefore not simply to make the model more autonomous. In a clinical system, the agent should
make the workflow more controllable. A well-designed agent has a bounded mandate: it can extract symptoms, request
retrieval, compare evidence, detect missing criteria, and format a recommendation, but it cannot replace a clinician's
diagnostic authority. This bounded autonomy is especially important in psychiatry because the consequences of
miscommunication are high. A user who receives a false reassurance may not seek help; a user who receives an alarming
unsupported label may experience distress. The agent should consequently be designed with refusal, escalation, and
uncertainty-expression capabilities. In practical terms, every output should have one of four dispositions: no depression
signal detected, possible concern for monitoring, evidence-supported screening concern, or urgent risk requiring human
escalation (Char et al., 2018; Miner et al., 2016; Fitzpatrick et al., 2017).

The data analysis can also be enriched by considering threshold curves rather than a single yes-or-no result. In screening,
the optimal decision threshold depends on the downstream care capacity and the cost of missed cases. If a digital clinic has
limited psychiatric appointments, it may prioritize high-specificity triage for urgent review. If the tool is embedded in a
community outreach program, it may prioritize recall and route uncertain cases to low-intensity follow-up. The RAG-agent
framework can support both scenarios by outputting calibrated risk categories and evidence density. For instance, a case
with high symptom severity but weak evidence traceability should be treated as uncertain-high-risk and routed to human
review rather than as a definitive negative or positive. This multi-category triage logic aligns better with clinical practice
than binary classification alone and reduces the risk of inappropriate automation (Arroll et al., 2003; Gilbody et al., 2007;
Manea et al., 2012).

A third extension concerns subgroup validity. Depression language differs across age, gender, culture, socioeconomic
status, and platform context. Some users describe symptoms in clinical terms, while others use metaphors, irony, silence,
or somatic language. If a language model performs well only for users whose wording resembles the training set, it may
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reproduce access inequalities. The benchmark should therefore report not only aggregate accuracy but also subgroup
performance where metadata permit. When demographic metadata are unavailable, proxy analyses can still examine
linguistic clusters, post length, sentiment intensity, and symptom-type distribution. A system that improves aggregate F1
but reduces sensitivity to low-resource language styles is not clinically superior. This concern is consistent with broader
evidence that medical AI can encode structural inequities when it is evaluated only with global performance averages
(Obermeyer et al., 2019; Chancellor & De Choudhury, 2020; Guntuku et al., 2017; Eichstaedt et al., 2018).

A second analytical extension concerns calibration. Clinical decision support needs probability estimates that can be
interpreted by clinicians. A model that says a text is likely to indicate depression should not be equally confident for a
clear report of persistent anhedonia and for a vague statement of temporary tiredness. Let p_hat_i denote the model's
estimated probability for case i and y_i the binary label. The calibration error can be approximated by grouping predictions
into bins and comparing mean predicted probability with empirical prevalence. A retrieval-augmented agent can reduce
calibration error if the retrieved evidence narrows the model's uncertainty by providing diagnostic anchors. However,
retrieval can also worsen calibration when irrelevant evidence is retrieved or when the model treats every retrieved passage
as equally authoritative. This is why the proposed architecture includes source-quality checks and contradiction detection.
In digital psychiatry, calibration is not a statistical luxury; it shapes triage thresholds, clinician workload, and patient risk
communication (Beam & Kohane, 2018; Rajkomar et al., 2018; Vasey et al., 2022).

The mathematical model can be extended by treating the evidence traceability score as a constraint on clinical
admissibility rather than as a descriptive metric. Let f_theta(x) be the language model's latent screening function, r(x) the
retrieval operator, and g_phi(x, r(x)) the final agent-mediated decision function. A conventional system evaluates only
whether g_phi equals the observed label y. A safer system evaluates whether g_phi is supported by a set of evidence
snippets E = {e_1, ..., e_k} that meet relevance and authority conditions. If S(e_i, x) measures semantic relevance and
A(e_i) measures source authority, the evidence admissibility condition can be expressed as (1/k) sum_i S(e_i, x) A(e_i) >=
tau_E. A screening output is then released only when predictive confidence, evidence admissibility, and contradiction
control jointly exceed threshold values. This formalization changes the design goal from maximizing accuracy alone to
maximizing constrained utility under safety requirements (Vayena et al., 2018; Kelly et al., 2019; Liu et al., 2020; Rivera
et al., 2020).

This distinction matters because depression screening is clinically different from many medical imaging tasks. In skin
cancer classification or mammography triage, the input is often a standardized image; in mental health, the input is a
situated narrative. The same statement can carry different clinical meaning depending on time course, functional
impairment, medication history, interpersonal context, cultural idiom, and immediate safety risk. Language models are
attractive because they can process these complex narratives, but they are also vulnerable to narrative overinterpretation.
Retrieval-augmented generation provides a partial remedy by making the model compare narrative fragments with explicit
clinical criteria rather than relying entirely on latent associations learned during pretraining. Agentic orchestration adds
another safeguard because it decomposes the task into symptom extraction, evidence search, contradiction checking, and
response formatting. The result is a modular reasoning chain that can be audited and improved independently (Lewis et al.,
2020; Karpukhin et al., 2020; Ghassemi et al., 2021; Haug & Drazen, 2023).

The central analytical lesson of the proposed convergence framework is that clinical usefulness depends on more than a
binary prediction. A depression-screening model that returns a correct label in an offline dataset may still be unsafe if the
explanation is untraceable, if the model fails to recognize suicidal language, or if the user interface encourages the patient
to treat a probabilistic screen as a medical diagnosis. The uploaded manuscript already demonstrates the value of moving
from direct prompting to a retrieval-augmented and agent-orchestrated workflow; this article extends that idea by defining
clinical safety as a joint outcome of discrimination, calibration, traceability, and escalation. In the language of decision
theory, the model is not merely estimating a class label y; it is producing an action recommendation a under asymmetric
clinical loss. A false negative may delay help-seeking, whereas a false positive may create anxiety or unnecessary referral.
Therefore, an adequate evaluation must place predictive metrics within a broader decision-support objective (Spitzer et al.,
1999; Kroenke et al., 2001; Levis et al., 2019; Topol, 2019).

XI. EXTENDED ANALYTICAL DISCUSSION: FROMMODEL OUTPUT TO CLINICAL SAFETY

The framework also benefits from a cost-sensitive evaluation function that reflects clinical workflow constraints. Let
C_FN represent the cost of missing a patient who needs follow-up, C_FP the cost of unnecessary escalation, C_H the cost
of human review, and C_U the cost of unsupported reasoning. The expected operational loss can be written as L = C_FN
FN + C_FP FP + C_H H + C_U U, where H is the number of cases routed to clinicians and U is the number of outputs
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failing traceability requirements. Direct prompting may minimize H by producing immediate answers, but it can increase
U and potentially FN. A RAG-agent system may increase review volume for uncertain cases, but that increase is
acceptable when it reduces unsupported decisions and severe-risk misses. This cost-sensitive view explains why the safest
system is not necessarily the one with the highest offline accuracy; it is the one with the best balance between predictive
performance, evidence quality, and clinically manageable workload (Manea et al., 2012; Levis et al., 2019; Kelly et al.,
2019).

A final methodological refinement concerns counterfactual evaluation. A clinician often asks what would change if a
single symptom phrase were absent, if the time duration were shorter, or if a retrieved evidence passage were replaced by a
different guideline. A traceable RAG-agent system can support such counterfactual analysis by rerunning the reasoning
stage under controlled changes to the symptom map or evidence set. This does not imply causal diagnosis, but it helps
reveal whether the model's recommendation depends on clinically central cues or on incidental wording. Counterfactual
auditing is especially useful for detecting spurious associations in social-media-derived mental-health data, where topic,
community, and style may correlate with labels. By testing whether the decision remains stable under clinically irrelevant
paraphrases and changes appropriately under clinically relevant symptom edits, developers can better separate robust
screening behavior from superficial linguistic pattern matching (Calvo et al., 2017; Guntuku et al., 2017; Eichstaedt et al.,
2018).

For this reason, the proposed convergence framework should be interpreted as a clinical infrastructure model for
accountable assistance, not as a shortcut to unsupervised diagnosis.

The final design implication is that clinical decision support should present its result as a structured object rather than as
conversational prose alone. A structured output can contain fields for detected symptoms, duration cues, functional
impairment, retrieved evidence identifiers, uncertainty level, safety flags, recommended disposition, and clinician-review
status. Such a format makes the output easier to audit, compare, and integrate with electronic health records. It also helps
prevent the model from hiding uncertainty in fluent language. In psychiatry, fluency can be misleading because a confident
narrative may obscure weak evidence. Structured reporting therefore complements natural language generation by making
safety-relevant components explicit. This point is consistent with reporting standards for medical AI and with broader
recommendations that high-stakes AI systems should document intended use, performance boundaries, and failure modes
in operational language that clinicians can understand (Liu et al., 2020; Rivera et al., 2020; Mitchell et al., 2019).

XIII. CONCLUSION

This article proposed a convergent framework for safer clinical decision support in digital psychiatry by integrating
retrieval-augmented generation, agentic AI, and evidence-traceable screening design. The approach reframes LLM-based
depression screening as a structured decision-support process rather than a direct diagnostic conversation. A symptom
extraction agent maps patient language into candidate clinical cues, a retrieval layer grounds those cues in external
evidence, a reasoning agent produces a constrained screening conclusion, and a safety layer evaluates support,
contradictions, and escalation needs before clinician review.

The analytical benchmark suggests that RAG-agent workflows can improve not only classification metrics but also
traceability and reviewability. More importantly, the paper shows why accuracy should not be the sole criterion for
psychiatric AI systems. A safer system must demonstrate evidence coverage, citation linkage, contradiction control,
escalation sensitivity, and governance readiness. Future technologies in clinical decision support will succeed not by
making LLMs appear more autonomous, but by making their clinical role more bounded, auditable, and accountable. In
that sense, the convergence of RAG, agentic orchestration, and digital psychiatry offers a practical path toward more useful
and safer AI-assisted mental health screening.
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