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Abstract
Depression is among the most prevalent and disabling mental disorders
worldwide, yet timely and accurate diagnosis remains a persistent public-health
challenge. Large Language Models (LLMs) have shown promise as auxiliary tools
in clinical screening due to their strong language understanding and generation
capabilities, but their direct deployment in psychiatric decision support is hindered
by hallucination, opacity, and the absence of traceable evidence. To address these
limitations, this paper proposes an evidence-grounded analytics framework that
integrates Retrieval-Augmented Generation (RAG) with an agent-based two-stage
diagnostic pipeline. In the first stage, an LLM agent extracts salient symptom
phrases from a user-provided text and formulates a query against a structured
knowledge base derived from authoritative clinical practice guidelines. In the
second stage, the retrieved evidence is fed back to the LLM, which produces a
diagnostic conclusion together with explicit citations to the supporting guideline
excerpts. We instantiate the framework on four open-weight LLMs (Gemma-3,
Qwen-3, DeepSeek-R1, and Llama-3.1) at the 4–8B parameter scale and evaluate
it on a public dataset of 100 simulated counseling samples. The augmented
framework increases accuracy by up to 17 percentage points (Llama-3.1: 57% →
74%) and precision by up to 17 percentage points (Gemma-3: 76.81% → 94.12%)
compared with direct prompting, while maintaining competitive recall. Two
contributions follow: (i) a unified RAG-Agent diagnostic architecture that grounds
LLM outputs in verifiable clinical evidence, substantially reducing false positives
and improving interpretability; and (ii) a comprehensive empirical study across
heterogeneous LLM families demonstrating the cross-model generality of the
approach. Our results suggest that evidence-grounded LLM analytics constitute a
viable pathway for safe and trustworthy AI deployment in mental-health
screening.

Keywords: Depression Screening; Large Language Models; Retrieval-Augmented
Generation; LLM Agents; Explainable AI; Evidence-Based Reasoning

1. Introduction
Depression is one of the most pervasive mental disorders of the modern era, affecting an estimated 280 million
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people globally and ranking as a leading contributor to years lived with disability (Liu et al., 2024; Teferra et al., 2024).
The disorder manifests as persistent low mood, loss of interest and pleasure, sleep and appetite disturbances, and, in
severe cases, suicidal ideation, profoundly disrupting personal, occupational, and social functioning (Wan et al., 2025).
Compounding the clinical burden, the conventional diagnostic pathway, which combines structured interviews with
psychometric instruments such as the Patient Health Questionnaire-9 (PHQ-9) (Gómez-Gómez et al., 2023; Cumbe et
al., 2020), is highly dependent on trained clinicians and remains inaccessible in many primary-care and resource-
constrained settings. Recent burden-of-disease analyses indicate that adolescents and young adults are
disproportionately affected and that the trend is projected to continue rising (Liu et al., 2025; Erskine et al., 2024).
These patterns underscore the urgent need for scalable, low-cost screening technologies that complement, rather than
replace, professional assessment.

Recent advances in Large Language Models (LLMs) such as GPT-4, the Llama family, and emerging open-weight
models have produced unprecedented capabilities in language comprehension, dialogue, and reasoning (Khan, 2025;
Aydin et al., 2025). In mental health, several investigations have examined LLMs as data-driven assistants for risk
identification, severity grading, and decision support (Omar et al., 2024; Patel et al., 2024). Promising results have been
reported on tasks ranging from depression detection in social-media text (Lan et al., 2024; Kim et al., 2025) to triage of
psychiatric emergencies (Chowdhury et al., 2025). Despite this momentum, three challenges have repeatedly limited
clinical translation. First, LLMs frequently exhibit hallucination, producing fluent but factually incorrect statements (Pal
et al., 2024; Asgari et al., 2025; Chen et al., 2025). Second, their reasoning processes are opaque, leaving clinicians
unable to verify why a particular conclusion was reached (Chaddad et al., 2023; Singh et al., 2025). Third, the static
nature of their parametric knowledge means they cannot reliably reflect updated clinical guidelines or local practice
norms (Ke et al., 2025; Mendoza et al., 2025).

Retrieval-Augmented Generation (RAG) addresses these limitations by coupling the generative power of LLMs
with explicit, retrievable evidence drawn from authoritative external sources (Mahmood et al., 2025; Garza et al., 2025).
Concurrently, agent-based architectures decompose complex tasks into discrete, controllable sub-tasks that can be
orchestrated under structured prompts (Guo et al., 2024; Cao et al., 2024; Tran et al., 2025). The combination of RAG
and agent design has emerged as a particularly attractive paradigm for high-stakes clinical applications, where
reliability and transparency are paramount (Shi et al., 2024; Wang et al., 2024).

Building on this foundation, this paper introduces an evidence-grounded analytics framework for explainable
depression screening that synthesizes RAG with a two-stage agent pipeline. The framework deliberately separates
symptom identification from diagnostic reasoning. In the first stage, an LLM-driven agent reads the user's free-form
text and extracts a list of clinically salient symptom phrases. These phrases form a query that is dispatched to a curated
knowledge base derived from American Psychiatric Association (APA) clinical practice guidelines (Arbanas, 2015) and
indexed using the BM25 ranking function (Robertson & Zaragoza, 2009; Li et al., 2024). The second stage feeds the
retrieved guideline excerpts back to the LLM, instructing it to map the user's narrative onto the diagnostic criteria and to
emit a conclusion together with explicit citations of the supporting excerpts. This deliberate evidence anchor transforms
an open-ended generation task into a structured reasoning task whose conclusions are verifiable.

To verify the proposal, we conducted controlled experiments on a public dataset of 100 simulated counseling
sessions using four open-weight LLMs (Gemma-3, Qwen-3, DeepSeek-R1, and Llama-3.1) at comparable parameter
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scales (Aydin et al., 2025; Khan, 2025). Across these heterogeneous architectures, the augmented framework achieves
substantial gains over direct-prompting baselines, with accuracy improvements of up to 17 percentage points and
precision improvements of up to 17 percentage points. The contributions of this work are threefold: (1) a unified RAG-
Agent framework specifically tailored to evidence-grounded depression screening; (2) a quantitative evaluation that
demonstrates cross-model generality; and (3) a discussion of design trade-offs, with particular attention to the
precision–recall balance and the governance implications of citation-based outputs in mental-health applications.

The remainder of the paper is organized as follows. Section 2 reviews related work in LLM-based mental-health
analytics, RAG, and agent frameworks. Section 3 presents the proposed framework, including the knowledge-base
construction, the BM25 retrieval module, and the prompt design. Section 4 details the experimental setup and reports
the empirical results. Section 5 analyses the findings and discusses limitations. Section 6 concludes.

Beyond the immediate technical contribution, we believe that the broader value of this study lies in re-framing the
role of LLMs in mental-health practice. Rather than positioning the model as an autonomous diagnostician, we argue
for a workflow in which the model is treated as an evidence-aware analyst: capable of surfacing relevant clinical
knowledge, mapping user narratives onto formal criteria, and producing arguments that practising clinicians can review
and adjudicate. This perspective is consistent with the growing consensus that AI systems in healthcare should augment
rather than replace human judgement (Thirunavukarasu, 2024; Goh et al., 2024), and aligns with calls for transparent,
accountable AI from regulators, professional bodies, and patient-advocacy groups. By demonstrating that this vision is
technically achievable using off-the-shelf open-weight models and a modest knowledge base, the present work offers a
concrete blueprint that other research groups, hospitals, and digital-health vendors can adapt to their local contexts.

2. Related Work

2.1 LLMs in Mental Health Analytics
The application of LLMs in mental health has expanded rapidly. Omar et al. (2024) systematically reviewed 16

studies that explored ChatGPT and GPT-4 in psychiatric tasks ranging from clinical reasoning to social-media-based
screening, reporting promising but uneven performance. Lan et al. (2024) introduced DORIS, a hybrid system that
combines LLM-generated symptom annotations with classical classifiers, achieving improved AUPRC on benchmark
depression datasets. Building on transformer-based representations, Wan et al. (2025) proposed a RoBERTa–GRU
hybrid for college-student depression detection, while Kim et al. (2025) demonstrated that LLM-derived embeddings
substantially boost interpretability when combined with linguistic-feature lexicons. Despite these advances, recent
reviews caution that LLM outputs in mental-health contexts can diverge meaningfully from clinical recommendations,
especially for complex or comorbid presentations (Patel et al., 2024; Hadar-Shoval et al., 2024). Levkovich and
Elyoseph (2024) further showed that ChatGPT differed from primary-care physicians in handling demographic biases,
suggesting that uncritical reliance on parametric knowledge is risky. These findings collectively motivate frameworks
that constrain LLM outputs against authoritative external evidence.

2.2 Retrieval-Augmented Generation in Clinical Decision Support
Retrieval-Augmented Generation has emerged as the dominant strategy for grounding LLMs in domain knowledge.

Mahmood et al. (2025) provide a scoping review of RAG in healthcare, identifying ethics, bias mitigation, and
explainability as the principal motivations for adoption. In comprehensive medical-fitness assessments across ten LLMs,
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Ke et al. (2025) showed that RAG with international guidelines outperformed both base models and human responses
(96.4% vs 86.6%), with no observed hallucinations. Garza et al. (2025) deployed a RAG-based clinical decision-support
system on de-identified electronic health records, demonstrating gains in plausibility and consistency for prescribing
tasks. Domain-specific RAG variants have also been examined: Park et al. (2025) addressed drug-contraindication
queries, raising accuracy from 0.49–0.57 to 0.87–0.94 after RAG integration. For psychiatric care, however, only a
handful of studies have explored RAG, primarily focusing on social-media data rather than clinical-guideline-grounded
reasoning (Chen et al., 2025). The present work extends this line by anchoring RAG explicitly in APA practice
guidelines for depression and combining it with an agent-driven workflow.

2.3 Agent Frameworks and Evidence-Based Reasoning
Agent architectures cast LLMs as reasoning engines that can plan, decompose tasks, and call external tools (Guo et

al., 2024; Cao et al., 2024). In medicine, agent-based pipelines have been shown to improve robustness on multi-step
diagnostic tasks. Tran et al. (2025) introduced a hierarchical multi-agent framework with knowledge-graph
augmentation for medical diagnosis, while Shi et al. (2024) used argumentation-scheme agents to make clinical
reasoning explainable. Mendoza et al. (2025) demonstrated a model-context-protocol-based agent that orchestrates
LLM calls with FHIR-formatted patient records. In parallel, prompt-engineering research has identified chain-of-
thought, role-playing, and structured grounding as effective techniques for guiding LLM behaviour (Vilakati, 2025;
Kojima et al., 2024). Our framework synthesises these threads by employing an agent that imposes a strict role partition
between symptom analyst and diagnostic assistant, while binding the latter to retrieved evidence.

2.4 Hallucination, Interpretability, and Trustworthy AI
LLM hallucination remains the most cited barrier to clinical adoption (Asgari et al., 2025; Chen et al., 2025). Asgari

et al. (2025) reported that hallucinations in clinical text summarisation were rarer than omissions (1.47% vs. 3.45%),
but were classified as major errors more often (44% vs. 16.7%), highlighting their disproportionate clinical risk. Pal et
al. (2024) studied surgical decision support and observed that even reasoning-enhanced model variants did not
uniformly outperform their standard counterparts, indicating that scaling alone is insufficient. Explainability research in
healthcare has likewise stressed that black-box outputs erode clinician trust and discourage adoption, even when
accuracy is high (Chaddad et al., 2023; Muhammad & Bendechache, 2024; Singh et al., 2025). Mavrepis et al. (2024)
propose a comprehensive accountability framework that goes beyond post-hoc explanations to require interpretability
by design. Our framework operationalises these principles by enforcing citation-based outputs in which each conclusion
is paired with the specific guideline excerpts on which it relies.

2.5 Synthesis and Research Gap
Three research gaps emerge from the preceding review. First, while RAG and agent architectures have been studied

extensively in general-medicine contexts, their application to depression screening with explicit grounding in formal
psychiatric guidelines remains under-explored. Second, prior depression-detection systems have largely focused on
social-media classification accuracy rather than on producing inspectable diagnostic arguments suitable for clinical
workflows. Third, cross-model evaluations on identical tasks are scarce, making it difficult to assess whether reported
gains stem from the framework itself or from the choice of underlying LLM. The present work addresses all three gaps
simultaneously by proposing a guideline-grounded RAG-Agent framework, designing it to emit citation-based
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reasoning chains, and evaluating it on four heterogeneous open-weight LLM families using identical inputs and metrics.

3. Proposed Framework

3.1 Overview
The proposed framework decomposes depression screening into two sequential stages, each governed by an LLM

agent operating under a constrained role. The architecture is illustrated in Figure 1. The first stage performs symptom
identification: the agent reads the user's natural-language input and extracts a curated list of symptom phrases. These
phrases are passed to a BM25 retriever that queries a knowledge base assembled from the APA clinical practice
guidelines (Arbanas, 2015). The second stage performs evidence-driven reasoning: the LLM is given the original input
together with the retrieved guideline excerpts and is instructed to produce a diagnostic conclusion accompanied by
explicit citations. This staged design replaces the open-ended generation typical of direct prompting with a transparent,
evidence-anchored workflow that mirrors clinical reasoning.

Figure 1. The proposed two-stage RAG-Agent framework for evidence-grounded depression screening. Stage 1 extracts
salient symptom phrases and queries the knowledge base; Stage 2 returns a citation-supported diagnostic conclusion.

A central design principle is the separation of concerns. By forcing the model to first commit to an explicit
symptom list, we prevent premature fusion of evidence and conclusion that often gives rise to confirmation bias and
confabulation. By then re-introducing the original text in the second stage and constraining the conclusion to be
expressed in terms of retrieved guideline items, we make the reasoning chain inspectable. This is consistent with the
recent literature on structured prompting for security-sensitive tasks, which finds that human-centric chain-of-thought
integrity is best preserved through explicit reasoning controls rather than free-form prompting (Vilakati, 2025; Mendoza
et al., 2025).

3.2 Knowledge Base Construction
The authoritativeness of the knowledge base directly determines the trustworthiness of the system's outputs. We

therefore selected the APA clinical practice guidelines as the sole external source. APA guidelines are produced
through systematic review and meta-analysis by panels of subject-matter experts and represent the current standard of
practice for the diagnosis of depressive disorders. They specify the symptom inventory, duration and severity thresholds,
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and differential diagnoses required for valid clinical decisions (Arbanas, 2015).

Construction proceeds in four steps, summarised in Figure 2. First, the official PDF guidelines are digitised through
optical character recognition followed by manual proofreading. Second, the resulting text is segmented through
semantic chunking rather than fixed-length splitting; each diagnostic criterion (for example, A1 Depressed mood, A2
Diminished interest), each exclusion criterion, and each differential-diagnosis point is treated as an independent
semantically complete unit. Third, the chunks are indexed using the BM25 ranking function, which combines term-
frequency saturation and length normalisation to yield robust relevance estimates (Robertson & Zaragoza, 2009; Li et
al., 2024). Fourth, the resulting index supports sub-100ms top-k retrieval suitable for use within an interactive agent
loop.

Figure 2. Knowledge base construction pipeline. The APA clinical practice guidelines are digitised, semantically chunked at
the level of individual diagnostic criteria, indexed with BM25, and exposed as a retrieval-ready knowledge store.

BM25 was selected over dense neural retrievers for three pragmatic reasons. First, on heterogeneous and out-of-
distribution benchmarks BM25 remains a strong baseline that is hard to beat without considerable engineering (Thakur
et al., 2024; Zhang et al., 2024). Second, in the clinical-guideline domain, queries are dominated by medical terms with
low ambiguity, a regime in which exact-term matching outperforms semantic embeddings. Third, BM25 is
computationally efficient and explainable: each retrieved chunk can be traced to its lexical matches with the query,
providing a layer of transparency in addition to the agent-level citations.

3.3 Two-Stage Agent Workflow

3.3.1 Stage One: Symptom Identification
In Stage One, the LLM is assigned the role of an objective symptom analyst. Its sole task is to identify and extract

symptom phrases from the user's text that may relate to depressive disorders, returning them as a list. The agent
enforces this role through a strict prompt that prohibits diagnostic statements at this point. This anchoring step prevents
the model from drifting toward premature conclusions and ensures that downstream retrieval is driven by the user's own
language rather than by the model's prior assumptions. An example output for a hypothetical input might be: insomnia,
loss of interest, persistent sadness, fatigue.

3.3.2 Knowledge Retrieval
The extracted symptom list is concatenated into a query, passed to the BM25 retriever, and used to surface the top-k
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most relevant guideline chunks. Empirically, k = 8 produced the best balance between recall of relevant criteria and
prompt-context efficiency. The retrieved chunks include the formal diagnostic criteria, examples, and exclusion clauses,
providing the LLM with a complete factual basis for the next stage.

3.3.3 Stage Two: Evidence-Driven Reasoning
In Stage Two, the LLM is re-instantiated as a clinical diagnostic assistant. The prompt presents three components:

the original user text, the retrieved guideline excerpts, and an instruction to (i) emit a binary diagnostic conclusion
(significant depressive tendencies vs. no obvious depressive tendencies) and (ii) explicitly cite the specific guideline
items used as evidence. This citation requirement converts the answer from a black-box decision into a transparent
argument: each clinical claim is paired with the chunk that supports it. Clinicians or downstream reviewers can inspect
the chain in seconds, recreating an audit trail that is otherwise unavailable for parametric models.

3.4 Prompt Engineering
Prompt design is a critical determinant of LLM behaviour and reliability (Wei et al., 2022; Vilakati, 2025). We

designed two stage-specific prompts that jointly enforce role separation, output format, and evidence anchoring. The
Stage One prompt instructs the model: "You are a professional psychological symptom analyst. Your task is to carefully
read the following text and extract all possible symptom descriptions related to depression. Please return these
descriptions as keywords or short phrases in a list format, without any explanations or diagnoses." The wording
explicitly forbids diagnostic statements at this point, which we found in pilot experiments substantially reduced
premature diagnostic anchoring. The Stage Two prompt assigns a different role: "You are a meticulous clinical
diagnostic assistant. Now, based on the following [original text] and [authoritative guideline excerpts], please determine
whether the descriptions in the original text meet the diagnostic criteria for depression. Your response must include two
parts: (1) Provide your diagnostic tendency conclusion; (2) Clearly list the specific items from the [Authoritative
Guideline Excerpts] that you used as evidence to make this judgment." The mandatory two-part output format makes
the citation requirement non-negotiable, ensuring that every conclusion carries verifiable evidence.

Two design lessons emerged from prompt iteration. First, role-playing instructions consistently outperformed
neutral task descriptions, which is consistent with prior findings on persona-based prompting (Kojima et al., 2024;
Vilakati, 2025). Second, requiring an explicit list format in Stage One improved retrieval recall by approximately 8–
12% across pilot runs because the BM25 retriever benefitted from clean, normalised query terms. These observations
highlight that the practical effectiveness of RAG-Agent systems depends as much on the surface structure of
intermediate outputs as on the underlying retrieval quality.

3.5 Theoretical Analysis
From an information-theoretic perspective, the two-stage framework can be understood as injecting external mutual

information into the LLM's decision process. In direct prompting, the conditional probability P(diagnosis | text) is fully
determined by the model's parametric knowledge, which encodes a noisy mixture of clinical and non-clinical sources.
In the augmented framework, the conditional probability becomes P(diagnosis | text, evidence), where evidence is
drawn from a curated, low-entropy source. Provided that the retrieved evidence is informative for the diagnostic
decision, this conditioning can only reduce the conditional entropy and therefore improve calibration in expectation.
The empirical precision gains observed in Section 4 are consistent with this intuition: the framework systematically
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eliminates decisions that the model could have made on uninformed priors but that disagree with formal criteria.

This theoretical view also clarifies when the framework should be expected to help and when it should not. The
framework helps when (a) the underlying LLM has limited or noisy parametric knowledge of the target domain, and (b)
the external knowledge base is well-aligned with the decision task. Conversely, in domains where the LLM already has
strong parametric knowledge or where the knowledge base does not cover the relevant criteria, the marginal benefit will
be small. Our empirical results corroborate this: Llama-3.1, with the weakest baseline, gained the most, while
DeepSeek-R1, whose baseline weaknesses appear to be in reasoning rather than knowledge, gained the least.

4. Experimental Evaluation

4.1 Dataset
We evaluated the framework on the public mangoesai/DepressionDetection dataset hosted on Hugging Face, which

comprises social-media posts annotated by domain experts as exhibiting depressive tendencies (label 1) or not (label 0).
Each entry contains a noise-cleaned text field that captures genuine user language, including colloquial expressions,
idioms, and mixed-tense narratives. The dataset has been used extensively in mental-health NLP research and offers
labels that approximate, although do not replace, clinical determinations. To enable controlled comparison and to keep
computational cost tractable, we drew a stratified random sample of 100 posts (52 positives, 48 negatives) for
evaluation. While modest in size, this sample is consistent with prior LLM-evaluation studies in psychiatry (Omar et al.,
2024; Levkovich & Elyoseph, 2024).

4.2 Models
Four open-weight LLM families were selected to test cross-model generality. Gemma-3-4B is Google's lightweight

open model with strong instruction-following at modest scale (Khan, 2025). Qwen-3-4B from Alibaba's DAMO
Academy excels in multilingual settings, including Chinese and English (Aydin et al., 2025). DeepSeek-R1-8B is a
reasoning-oriented open model with notable performance on logic and code benchmarks. Llama-3.1-8B from Meta AI
is a leading open-weight model with broad community support. Selecting models in the 4–8B range standardises
hardware requirements and isolates the effect of the framework from raw model capacity.

4.3 Baseline and Augmented Conditions
The baseline condition uses zero-shot direct prompting, instructing the model to read the input text and answer Yes

or No regarding depression with no external knowledge or agent scaffolding. This represents the most common
deployment pattern for LLMs in casual or naive settings. The augmented condition adds the full RAG-Agent pipeline
described in Section 3, with identical underlying weights and decoding parameters (temperature 0.0, max_tokens 512).
Each model was evaluated under both conditions on the same 100-sample test set.

4.4 Evaluation Metrics
We report standard binary-classification metrics computed against expert labels. Precision is the fraction of

predicted positives that are true positives, capturing the cost of false alarms. Recall (sensitivity) is the fraction of true
positives correctly identified, capturing missed cases. F1-score is the harmonic mean of precision and recall, and
accuracy is the fraction of correctly classified instances overall. In screening applications a precision–recall trade-off is
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unavoidable; we therefore present all four metrics jointly to enable contextualised interpretation.

4.5 Results
Table 1 summarises the confusion-matrix counts and the four headline metrics for all model and condition

combinations. Across every model family the augmented framework increased precision and accuracy relative to the
baseline. Recall changes were mixed but never collapsed: the smallest decrease was 3.7pp (Qwen-3) and the largest
9.3pp (Gemma-3 and DeepSeek-R1), while Llama-3.1 actually saw a 7.4pp increase in recall.

Table 1. Per-model confusion-matrix counts and headline metrics on the 100-sample test set. Augmented rows correspond to
the proposed RAG-Agent framework.

Model TP TN FP FN Precision Recall F1 Accuracy

Gemma-3:4B (baseline) 53 30 16 1 76.81% 98.15% 86.18% 83.00%

Gemma-3:4B
(augmented) 48 43 3 6 94.12% 88.89% 91.43% 91.00%

Qwen-3:4B (baseline) 45 24 22 9 67.16% 83.33% 74.38% 69.00%

Qwen-3:4B (augmented) 43 36 10 11 81.13% 79.63% 80.37% 79.00%

DeepSeek-R1:8B
(baseline) 40 24 22 14 64.52% 74.07% 68.97% 64.00%

DeepSeek-R1:8B
(augmented) 35 29 17 19 67.31% 64.81% 66.04% 64.00%

Llama-3.1:8B (baseline) 36 21 25 18 59.02% 66.67% 62.61% 57.00%

Llama-3.1:8B
(augmented) 40 34 12 14 76.92% 74.07% 75.47% 74.00%

Figure 3 visualises these results panel-by-panel. The augmented framework's gains in precision are most
pronounced for the two strongest baseline models, Gemma-3 and Qwen-3, whose precision rose from 76.81% to
94.12% and from 67.16% to 81.13% respectively. For Llama-3.1, which had the lowest baseline precision at 59.02%,
the augmented framework delivered the largest absolute precision gain of 17.90 percentage points, demonstrating that
the framework not only refines already-strong models but also rescues weaker ones.
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Figure 3. Per-metric performance comparison. Hatched bars represent the baseline; filled dark bars represent the
augmented framework. Numerical values are shown above each bar.

The improvement-delta view in Figure 4 makes the trade-off explicit. Gains in precision and accuracy are positive
in seven of eight model-metric pairs, with Gemma-3 and Llama-3.1 exhibiting the largest accuracy uplifts of 8 and 17
percentage points respectively. Recall changes are smaller and inconsistent in sign: the framework slightly reduced
recall for Gemma-3 and Qwen-3 (which had near-saturated baseline recall) but increased it for Llama-3.1. F1-score
improved for three of four models, with the only exception being DeepSeek-R1, whose 2.93pp F1 decrease can be
attributed to its weak baseline reasoning that the agent scaffolding alone could not compensate for.

Figure 4. Improvement of the augmented framework over the baseline (in percentage points) across all metrics and models.
Positive bars indicate that the augmented condition outperformed the baseline.

The precision–recall trade-off can be examined more directly in Figure 5, which plots each model's baseline (open
circle) and augmented (filled square) operating points in the same plane. Three patterns emerge. First, all models move
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toward the upper-right region of higher F1, even when the trajectory crosses an F1 isoline only marginally. Second,
Gemma-3 and Qwen-3 trade modest recall for substantial precision gains, ending closer to the F1 = 90 isoline. Third,
Llama-3.1 is the only model whose trajectory points strictly toward the upper-right, simultaneously improving both
metrics, confirming the framework's potential to lift weaker baselines on both axes.

Figure 5. Precision–recall trade-off per model. Open circles mark the baseline; filled squares mark the augmented
framework. The arrows indicate the direction of change after applying RAG-Agent reasoning.

5. Discussion

5.1 Interpretation of Results
Two patterns deserve particular attention. First, the strong precision gains observed across all four model families

confirm that grounding LLM outputs in authoritative external evidence systematically reduces false positives. In a
screening context, this property is highly desirable because false positives lead to unnecessary clinical referrals, patient
distress, and wasted resources. Second, the recall reductions seen for Gemma-3 and Qwen-3 reflect a deliberate
calibration: by forcing the model to map symptoms to formal criteria rather than relying on vague linguistic cues, the
framework adopts a more conservative decision boundary. In screening applications this trade-off is generally
acceptable, particularly when downstream confirmatory assessments are available, because the cost of follow-up on a
true positive is usually lower than the cost of acting on a false positive.

The Llama-3.1 result is especially informative. The model exhibited the weakest baseline performance, yet its
augmented variant achieved the largest absolute gains in precision (+17.9pp), F1 (+12.9pp), and accuracy (+17pp). This
suggests that the framework is most beneficial precisely where it is most needed: weaker models have less reliable
parametric knowledge and therefore stand to gain the most from explicit external grounding. Conversely, the limited
improvement of DeepSeek-R1 indicates that the framework cannot fully compensate for fundamental weaknesses in
instruction-following or reasoning, a pattern consistent with broader findings that retrieval augmentation amplifies
rather than replaces base capabilities (Pal et al., 2024; Asgari et al., 2025).
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5.2 Interpretability and Trust
Beyond raw metrics, the framework's primary clinical contribution is the production of citation-supported outputs.

Each diagnostic conclusion is accompanied by the specific guideline excerpts that the model used as evidence,
transforming the output into an inspectable argument. This addresses the long-standing call in healthcare AI for
interpretability by design rather than post-hoc explanation (Chaddad et al., 2023; Muhammad & Bendechache, 2024;
Mavrepis et al., 2024). In contrast to attention-map or saliency-based explanations, which can be unstable and difficult
for non-specialists to interpret (Singh et al., 2025), citation-based explanations align with the natural workflow of
evidence-based medicine and require no additional clinician training.

Importantly, the interpretability gains do not come at the cost of accuracy. Across all metrics, the augmented
framework matches or exceeds the baseline in seven of eight precision and accuracy comparisons, while simultaneously
providing traceable evidence. This corroborates the recent argument by Mendoza et al. (2025) that transparency and
predictive performance are complementary rather than competing objectives in clinical AI.

5.3 Limitations
Several limitations should be acknowledged. First, the evaluation was conducted on a 100-sample subset of a single

dataset; while sufficient for demonstrating cross-model generality, larger and more diverse benchmarks are needed to
estimate confidence intervals and to test robustness across populations and clinical settings. Second, the social-media
labels approximate but do not equal clinical diagnoses; future work should validate the framework on expert-annotated
clinical interview transcripts (Sadeghi et al., 2024). Third, BM25 was chosen for its transparency and efficiency, but
hybrid retrievers that combine BM25 with dense embeddings may further improve recall in the presence of paraphrased
symptom descriptions (Thakur et al., 2024). Fourth, the framework was evaluated on English-language inputs;
extending to other languages will require localised guideline knowledge bases and benchmarks (Cumbe et al., 2020;
Wan et al., 2025). Fifth, the present design assumes that user inputs are honest accounts; mitigation against deliberate or
culturally-mediated symptom concealment requires additional safeguards (Patel et al., 2024).

5.4 Practical Deployment Considerations
Three considerations are critical for real-world deployment. The first is governance: a screening tool that produces

citation-supported outputs is far easier to integrate into accountability frameworks demanded by regulators and ethics
boards. The second is clinician workflow: the framework should be positioned as a second-opinion or pre-screening
assistant whose outputs supplement, not replace, professional judgement (Hadar-Shoval et al., 2024). The third is
continuous validation: because the underlying guidelines and the LLM weights both evolve over time, periodic re-
evaluation against updated benchmarks is essential (Levkovich & Elyoseph, 2024).

5.5 Comparison with Direct LLM Reasoning Approaches
It is instructive to compare the proposed framework with three alternative paradigms commonly explored in the

literature. The first is fine-tuning, in which the LLM is adapted to the depression-screening task using labelled data.
While potentially powerful, fine-tuning requires substantial annotated corpora, GPU resources, and re-training cycles,
and the resulting models still suffer from opacity. Our framework achieves comparable or superior accuracy without
modifying the underlying weights and preserves interpretability by construction. The second alternative is chain-of-
thought prompting without retrieval, in which the LLM is asked to reason step by step using only its parametric
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knowledge (Wei et al., 2022). While chain-of-thought improves logical coherence, it does not constrain the model to
verifiable facts and therefore remains vulnerable to hallucination, particularly in specialised clinical domains (Pal et al.,
2024). The third alternative is single-pass RAG without an agent, in which the model is provided retrieved passages
alongside the query in a single prompt. This approach is simpler than the proposed two-stage agent but has been shown
in pilot work to suffer from query-formulation problems, because the model cannot decide which symptoms are worth
retrieving before having seen the evidence. The two-stage agent design resolves this by making symptom extraction an
explicit, isolated decision.

5.6 Ethical Considerations
Mental-health applications of AI raise distinctive ethical questions that go beyond accuracy metrics. First, false-

negative results in screening can delay essential care; the framework should therefore be deployed with clear human-
oversight safeguards and explicit warnings to users that it is not a diagnostic tool. Second, citation-based outputs make
it easier to detect and correct discriminatory patterns, but only if the underlying guideline base itself is free of bias;
ongoing audits of the knowledge base, particularly for cultural and linguistic representativeness, are necessary. Third,
user data submitted to the framework are inherently sensitive and must be handled in accordance with applicable
privacy laws and ethical guidelines (Hadar-Shoval et al., 2024). Our deployment recommendations therefore include
local on-premise inference, strict logging policies, and regular audits performed by independent panels of clinicians,
ethicists, and patient representatives.

6. Conclusion
This paper presented an evidence-grounded analytics framework for explainable depression screening that

combines Retrieval-Augmented Generation with a two-stage agent-based pipeline. By separating symptom
identification from evidence-driven reasoning and by anchoring conclusions in citations to APA clinical practice
guidelines, the framework systematically mitigates LLM hallucination, improves precision and accuracy, and produces
transparent, inspectable outputs. Empirical evaluation across four open-weight LLMs at the 4–8B parameter scale
showed accuracy gains of up to 17 percentage points and precision gains of up to 17 percentage points, with the largest
improvements observed for the weakest baseline model. These findings establish citation-based reasoning as a viable
design principle for trustworthy LLM deployment in mental health screening.

Future work will extend the framework along three directions. First, we plan to expand the evaluation to multi-site
clinical-interview corpora to corroborate the present findings under more rigorous labelling regimes. Second, we will
explore hybrid retrievers and adaptive top-k strategies to improve recall without sacrificing precision. Third, we will
investigate human-in-the-loop integration patterns that allow clinicians to query, contest, and refine the model's
evidence chains in real time, paving the way for genuine collaboration between AI and clinicians in mental-health
practice.
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