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Abstract
With the rapid growth of online counseling services, timely and reliable risk classification of counseling records
is essential for supporting early screening and prioritizing limited intervention resources. High-risk samples refer
to high-acuity suicide risk and require expedited human review. However, this task is challenging due to severe
class imbalance (93% low-risk and 7% high-risk samples) and complex decision boundaries. Large language
models (LLMs) exhibit unstable predictions and systematic errors in such imbalanced clinical-text settings. To address
this issue, we propose Disagreement-Driven Joint Refinement (DDJR), an iterative, parameter-free refinement
framework. It uses prediction disagreement between two inference settings, zero-shot and retrieval-augmented
in-context learning, as the primary signal for identifying high-value instances. These disagreement-identified
instances are transformed into adaptive refinement signals and used to jointly update both the exemplar pool and an
executable rule set, thereby sharpening decision boundaries and improving prediction stability. Experiments on
6,481 real-world counseling records demonstrate that the proposed DDJR outperforms existing methods, achieving
an accuracy of 0.915 and a Matthews Correlation Coefficient (MCC) of 0.583. These results demonstrate that
DDJR achieves more stable and reliable predictions for high-stakes counseling risk classification in real-world settings.
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1. Introduction

The World Health Organization (WHO) estimates
that approximately 970 million people worldwide
are affected by mental disorders. Among these, de-
pression and anxiety are the most prevalent, and
suicide remains one of the leading causes of death
among individuals aged 15 to 29 (World Health Or-
ganization, 2023; Shen et al., 2024). Text-based
online counseling has improved access to mental
health support while offering greater privacy. How-
ever, the absence of nonverbal cues in text-only in-
teractions means that emotional assessment must
rely primarily on linguistic signals (Park et al., 2019;
Zhang et al., 2022). Therefore, reliable analysis of
counseling dialogues is critical for triage and early
intervention, as high-risk samples may require ex-
pedited human review. In this work, counseling risk
is defined in terms of suicide-risk acuity: high-risk
denotes high acuity, whereas low-risk denotes low
acuity.

As illustrated in Figure 1, automatic counseling
risk classification of dialogues can support profes-
sionals by identifying high-risk samples and pri-
oritizing them for intervention. Early rule-driven
and statistical methods, followed by neural models
such as recurrent neural networks (Elman, 1990),
improved linguistic modeling but remained limited
in capturing long-range context and complex affec-
tive dependencies (Kermani et al., 2025). More
recently, transformer-based models and large lan-

guage models (LLMs) have strengthened contex-
tual modeling, motivating increased interest in ap-
plying LLMs to counseling risk classification in men-
tal health settings (Matero et al., 2019; Li et al.,
2024). In this domain, interpretability and evidence
grounding are critical. Nevertheless, counseling di-
alogue classification remains challenging because
distress signals are often indirect and distributed
across multiple turns, while LLMs may overempha-
size surface cues or generate weakly supported
rationales. This challenge is further exacerbated
by severe class imbalance, as high-risk samples
are rare but clinically critical.

To address these challenges, we propose
Disagreement-Driven Joint Refinement (DDJR), an
iterative inference-time optimization framework for
imbalanced counseling risk classification. Our main
contributions are as follows:

1. Disagreement-driven contrastive typing super-
vision is proposed to assign each instance to
one of three types based on prediction dis-
agreement, which provides signals for refine-
ment without parameter updates.

2. Joint refinement of the exemplar pool and the
rule set is proposed to enable closed-loop re-
finement without parameter updates.

3. Type-weighted exemplar retrieval is proposed
to prioritize discrepancy and failure-oriented
evidence from samples with different learning
values, improving calibration for imbalanced
counseling risk classification.
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Input text

I’'ve been feeling this way for a long time
—loneliness (sadness), fear, | can’t
sleep, nausea, and no motivation keep
going on. Before, if | cut myself, | would
calm down right away, but now it doesn’t
work unless | cut a lot... | want to die.

Classification

v v
High-risk Low-risk

Figure 1: Suicide-risk acuity classification for coun-
seling dialogues.

2. Related Work

2.1. Mental Health Intervention Systems

Dialogue-based mental health intervention sys-
tems have been explored as scalable support in
text-based settings. Early systems such as Woe-
bot (Fitzpatrick et al., 2017) demonstrated the fea-
sibility of providing cognitive behavioral therapy-
inspired guidance through scripted dialogue man-
agement and lightweight personalization. Subse-
quent reports on Tess (Rauws et al., 2019) de-
scribed affect-aware interactions through emotion
detection from user messages together with multi-
lingual delivery. Systematic evidence indicated that
mental-health chatbots could improve symptoms in
some settings, but they also revealed substantial
heterogeneity in study quality and limited safety
reporting (Abd-Alrazaq et al., 2020). More broadly,
conversational agents in healthcare remained an
emerging area in which rigorous evaluation proto-
cols and safety assessments have not yet been con-
sistently standardized (Laranjo et al., 2018). Within
psychiatry, recent reviews have further summarized
the use of chatbot for both screening and interven-
tion, emphasizing gaps in real-world validation and
reporting (Vaidyam et al., 2019).

Recent work with large language models ex-
plored reasoning-oriented prompting for empa-
thetic response generation, including Chain-of-
Empathy (CoE), which performed explicit emotion
analysis before response generation (Lee et al.,
2023), and approaches that integrated rational cog-
nition with value-oriented dialogue to promote well-
being (Mercer, 2022). In contrast, our work targets
risk triage for counseling dialogues, where deci-
sion stability under severe class imbalance and
evidence alignment were central requirements for
safe escalation to human review.

2.2. Retrieval-Augmented In-Context
Learning for Counseling Dialogues

In high-stakes settings, it was desirable to ground
model outputs in inspectable external sources
rather than relying solely on parametric mem-
ory, thereby motivating retrieval-augmented ap-
proaches for more reliable and transparent pre-
dictions (Guu et al., 2020). Beyond open-domain
retrieval-augmented generation (RAG) (Lewis et al.,
2020), retrieval-augmented in-context learning (RA-
ICL) retrieved labeled exemplars and uses them as
in-context demonstrations.

Retrieval-augmented pipelines have been stud-
ied as a grounding strategy in mental health text
classification, aiming to improve reliability and pro-
duce more explainable outputs (Kermani et al.,
2025). However, RA-ICL was highly sensitive to
demonstration selection. Dr.ICL, a retrieval-based
in-context learning method, showed that retrieval-
based demonstrations could outperform random
sampling (Luo et al., 2024).

Motivated by this sensitivity, DDJR improves ro-
bustness under severe class imbalance by refin-
ing the RA-ICL exemplar pool to better capture
discrepancy- and failure-oriented evidence, miti-
gating the under-coverage of hard cases during
retrieval.

2.3. Self-Refinement in LLMs

Self-improvement strategies for LLMs can im-
prove behavior either at inference time without
parameter updates or through self-training with
parameter updates. Reflection-based methods
such as Reflexion (Shinn et al., 2023) and SELF-
REFINE (Madaan et al., 2023) generated critiques
to guide iterative revision without changing model
weights, while STaR (Zelikman et al., 2022) im-
proved reasoning by generating rationales and iter-
atively fine-tuning the model on them.

Recent work has further introduced structured
self-verification to improve reliability. ProCo (Wu
et al., 2024) used key-condition masking and itera-
tive verification to refine outputs in complex reason-
ing tasks, and PAG (Jiang et al., 2025) alternated
between policy and generative-verifier roles to de-
tect errors and revise outputs across multi-turn in-
teractions. Constraint-guided frameworks such as
Constitutional Al externalized decision rules to pro-
duce more stable and interpretable outcomes (Bai
et al., 2022).

In contrast, DDJR targeted risk classification in
counseling dialogues under severe class imbal-
ance. It uses disagreement signals to jointly re-
fine the exemplar pool and the rule set, thereby
improving evidence alignment for risk triage.
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Figure 2: The overview of the Disagreement-Driven Joint Refinement (DDJR) framework.

3. Methodology

3.1. Overview

As shown in Figure 2, the proposed framework is
a parameter-free iterative refinement loop that op-
erates on the training set without model weight up-
dates. It consists of three steps: typing instances,
updating an exemplar pool, and refining a rule set.
The exemplar pool and the rule set are updated
jointly across refinement rounds.

3.2. Contrastive Typing Supervision

We obtain typed supervision signals by running
dual inference for each labeled instance and using
prediction disagreement in correctness outcomes
as the primary refinement signal.

Let the training dataset be denoted as

D = {(zs,yi) L4 (1)

where z; represents a counseling dialogue and
y; € {0,1} denotes its risk label, with 0 indicating
low-risk and 1 indicating high-risk.

For each input text x;, we run dual inference:
(i) zero-shot inference, yielding prediction g§°>; and
(i) RA-ICL inference, yielding prediction gz(l). The
goal is to derive structured supervision signals for
exemplar pool and rule refinement, rather than per-
forming prediction ensembling.

To characterize the outcomes of dual inference,
we define a correctness indicator for each configu-
ration:

¢ =10 =y), ke{o1), @
where 1(-) denotes the indicator function. We

then construct a correctness vector

¢ = (2, € {0,1)2 (3)

By construction, each instance must fall into ex-
actly one of the following mutually exclusive cate-
gories:

¢ € {(171)} U {(170)3(071)} U {(070)} (4)

Note that this contrastive typing requires gold la-
bels and is performed offline on labeled data during
the refinement stage.

Based on this correctness vector, we define three
types of supervision signals:

(i) Consistently-Correct samples. When
¢; = (1,1), both configurations predict correctly.
We directly construct a standard Consistently-
Correct (CC) sample (z;,y;). Such instances
reflect consistent behavior across prompting
conditions and typically correspond to relatively
clear decision boundaries.

(i) Contrastive Rationalization samples. When
¢i € {(1,0),(0,1)}, exactly one configuration pre-
dicts correctly. We construct a Contrastive Ratio-
nalization (CR) sample consisting of the input text,
the ground-truth label, and two rationales: one gen-
erated by the correct configuration and the other
by the incorrect configuration. Because the input is
identical while correctness differs, these samples
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highlight discrepancies in evidence selection and
contextual interpretation, providing supervision on
reasoning patterns to encourage or discourage.

(iii) Failure-Diagnostic samples. When ¢; =
(0,0), both configurations predict incorrectly. We
treat the instance as a hard case and construct a
Failure-Diagnostic (FD) sample. In this setting, we
provide the gold label together with the incorrect
rationales, enabling the model to summarize the
likely missing cues, misleading cues, or boundary
confusions shared by both failed predictions. Each
FD instance therefore comprises the input text, the
ground-truth label, and the generated error diagno-
sis.

Through this correctness-vector induced mech-
anism, CC samples capture stable patterns, CR
samples provide contrastive reasoning supervision,
and FD samples summarize shared failure modes.
Together, they form a structured supervision pool
that supports both rule refinement and exemplar
pool updates.

3.3. Exemplar Pool Refinement

The few-shot exemplar pool is initialized with the
full training set and its size is kept fixed across
iterations. In each iteration, every newly added
CR or FD sample replaces one CC sample, so the
pool gradually shifts toward more informative hard
cases without changing its total size.

Each CC, CR, or FD sample is stored in a uni-
fied exemplar format. Each sample is stored as a
retrievable exemplar containing the original coun-
seling dialogue z, the gold label i, and type-specific
auxiliary fields when needed. For CC samples, we
store only the text and label (z, y); for CR samples,
we store both the correct and incorrect rationales
to provide contrastive guidance; for FD samples,
we store an error diagnosis to surface likely failure
causes and boundary-confusing patterns. This uni-
fied sample representation enables the retriever
to return heterogeneous yet complementary exem-
plars.

At test time for a new query z,, we retrieve the
top-k exemplars from the exemplar pool and in-
clude them as in-context demonstrations. In our
experiments, we fix k = 64. We further apply type-
weighted retrieval to prioritize informative CR and
FD samples during inference.

3.4. Curriculum-based Rule Construction
and Refinement

We refine an executable rule set in a label-aware
manner to mitigate rule bias under severe class im-
balance. Besides the learning-value types derived
from contrastive typing, we additionally condition
rule induction on the gold risk label. This design
is motivated by the asymmetric utility of errors in

risk triage: under low high-risk prevalence, uncon-
strained aggregation across labels tends to over-
represent majority (low-risk) regularities, yielding
conservative constraints that can suppress minor-
ity detection. By separating high-risk (y=1) and
low-risk (y=0) evidence during refinement, we en-
courage the rule refiner to extract label-specific
decision cues and to preserve high-risk sensitivity
while retaining low-risk exclusion criteria.

Formally, we split the constructed samples by
gold label, yielding six partitions:

S = {CC-0, CC-1, CR-0, CR-1, FD-0, FD-1}.

Within each label-specific partition, we further
organize instances by a correctness axis that indi-
cates whether the corresponding inference config-
uration predicts the gold label correctly. To avoid
ambiguity with class polarity, we denote this axis
as correct and incorrect. Correct instances pro-
vide higher-reliability evidence for initial constraint
formulation, whereas Incorrect instances expose
boundary confusions and missing conditions that
are informative for subsequent rule revision.

We adopt a two-level curriculum schedule that
is both label-aware and difficulty-aware, and pro-
ceeds in an explicit easy-to-hard, as shown in Fig-
ure 3. Here, difficulty is determined by the correct-
ness outcomes of the two inference configurations.
Samples for which both configurations are correct
are treated as easy (CC), those for which only one
configuration is correct are treated as intermedi-
ate (CR), and those for which both configurations
are incorrect are treated as hard (FD). Within each
gold-label group, evidence is further organized by
correctness, and later stages incorporate less sepa-
rable cases to revise and qualify previously induced
constraints.

For each label group (y=0 and y=1), refinement
starts from more discriminative and reliable evi-
dence and progressively incorporates less sepa-
rable evidence to amend previously induced con-
straints. Specifically, we introduce CC subsets first,
then CR subsets, and finally FD subsets. CC cases
are easy because both configurations are correct,
CR cases are intermediate because only one is
correct, and FD cases are hard because both are
incorrect. This progression stabilizes early rule
formation, while later stages emphasize Incorrect
cases to introduce disambiguation constraints and
exception constraints that improve robustness on
borderline dialogues.

To control partition imbalance, we sample up to
a predefined upper bound from each partition and
process instances in mini-batches of 25.

Let Rule; denote the rule set at step ¢. At each
curriculum step, the rule-update prompt takes as
input (i) the current rule set and (ii) a mini-batch of
typed samples from the current subset. The LLM
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Figure 3: Label-aware easy-to-hard curriculum for rule refinement.

then regenerates the complete rule set in natural
language and organizes it into four parts: high-risk
indicators, low-risk indicators, false-positive preven-
tion, and false-negative prevention. Given newly
proposed constraints New_Rule, summarized from
the current batch, we update:

Rule; = Refine(Rule;—1 U New_Rule,).  (5)

We implement rule updates by prompting the
LLM with the previous rule set and the newly intro-
duced typed samples, then asking it to regenerate a
revised full rule set. The updated rule set removes
redundant constraints, merges overlapping rules,
and relaxes overly specific formulations to improve
generalizability.

3.5. Type-Weighted Exemplar Retrieval
and Rule Injection

At test time, DDJR performs RA-ICL inference with
type-weighted exemplar retrieval and full injection
of the refined rule set. Given a query text z,,
each case s in the exemplar pool has type 7(s) €
{CC,CR, FD} and similarity score sim(z,, s). We
apply a type-dependent weight, w(,), to the simi-
larity score:

score(zg, 5) = sim(zg, 8) - wr(s) (6)

We select the top-k samples according to
score(x4, s) as in-context demonstrations, where
higher weights emphasize CR and FD to surface
discrepancy and failure cues for borderline inputs.

We assign larger type weights to CR and FD
cases so that discrepancy and failure-oriented ex-
emplars are prioritized during retrieval and injects

the full refined rule set Rule; into the prompt as
explicit decision guidance to encourage consistent
and evidence-aligned predictions.

4. Experiments

4.1. Implementation

Experiments were conducted on an annotated cor-
pus of online student counseling records, consist-
ing of 6,481 records labeled by trained annotators.
All records were anonymized prior to use, with
personally identifiable information removed. We
adopted the binary risk setting of low-risk versus
high-risk, where high-risk corresponded to high-
acuity suicide risk and low-risk corresponded to
low-acuity suicide risk.

The dataset was divided into training, validation,
and test sets with the ratio of 8 : 1: 1, stratified
to preserve label proportions across splits. The
resulting labels were imbalanced, with high-risk
samples accounting for approximately 7% of the
corpus.

We used GPT-4.1 (Achiam et al., 2023) as the
backbone model for all LLM-based methods and
compared several prompting-based inference set-
tings under a shared retrieval setup. Unless oth-
erwise specified, RA-ICL retrieved k = 64 seman-
tically similar labeled exemplars based on vector
similarity for in-context prompting. In all experi-
ments, the type weights were set to wee : werg :
wrpp = 1:1.5:1.5. All methods were assessed
with the same backbone model and retrieval set-
ting, and we reported accuracy (ACC), high-risk
recall, balanced accuracy (BACC), and Matthews
Correlation Coefficient (MCC).
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Method ACC MCC Recall BACC

Method ACC MCC Recall BACC

0.643 0.316 1.000 0.808
0.764 0.402 0.978 0.863

Zero-shot learning

Few-shot learning (Random)
ExRAG (Kermani et al., 2025)  0.843 0.453 0.889 0.864
CoE (Lee et al., 2023) 0.737 0.376 0.978 0.848
Fine-tuning (Achiam et al., 2023) 0.944 0.561 0.578 0.775
DDJR (Ours) 0.915 0.583 0.867 0.893

Table 1: Comparison with different methods under
the same dataset split, backbone model, and eval-
uation metrics.

Sample usage ACC MCC Recall BACC
CC (Kermani et al., 0.843 0.453 0.889 0.864
2025)

CC+FD 0.923 0.415 0.467 0.712
CC+CR 0.889 0.523 0.867 0.879
CC+FD+CR 0.905 0.546 0.844 0.877

Table 2: Impact of FD and CR on sample effective-
ness.

All prediction prompts used a shared task-
definition template and required the model to output
a structured JSON object containing a binary la-
bel and a free-text rationale. The zero-shot setting
used only the task instruction and output schema,
whereas the RA-ICL setting prepended retrieved
demonstrations in the same output format. At
test time, DDJR made the final prediction with RA-
ICL using the refined exemplar pool as in-context
demonstrations and the refined rule set as explicit
decision guidance.

4.2. Comparison with Baseline Methods

We adopt a hierarchy of increasingly compet-
itive baselines to assess gains from generic
prompting, contextual alignment, and iterative self-
improvement. We also include a fine-tuned GPT-
40 (Achiam et al., 2023) model for reference; with-
out cost-sensitive tuning, fine-tuning may optimize
aggregate accuracy while under-detecting the mi-
nority high-risk class, leading to lower Recall and
BACC despite high ACC. The zero-shot setting re-
lies only on task instructions and the target record,
and is therefore susceptible to confusing transient
emotional intensity with sustained psychological
risk. Few-shot prompting improves label discrimi-
nation but can remain unstable due to sensitivity
to the selected in-context examples. Building on
RA-ICL, DDJR further refines the exemplar pool
and rule set before test-time inference.

4.3. Structured Sample Usage

We treat EXRAG (Kermani et al., 2025) as the
CC-only variant, where CC refers to standard
consistently-correct exemplars. lts exemplar pool
contains only text-label exemplars, without the

CC w/ CoE (Lee et al., 2023) 0.838 0.447 0.889 0.862
CC Non-curriculum strategy 0.918 0.501 0.667 0.802
CC CBRR 0.827 0.453 0.933 0.876

Table 3: Comparison of curriculum-based rule re-
finement (CBRR) starting from the same CC-only
instance set.

CR (contrastive rationalization) or FD (failure-
diagnostic) auxiliary fields used in DDJR.

We examine how different combinations of
disagreement-derived sample types affect perfor-
mance. In this comparison, only the included sam-
ple types are varied, while the backbone model,
retrieval setting, and downstream inference proce-
dure are kept unchanged, and no additional rule-
update rounds are performed.

We compare four settings: (i) CC-only;
(i) CC+FD; (iii) CC+CR; and (iv) CC+FD+CR.
This comparison examines whether different
disagreement-derived sample types provide
complementary benefits. Table 2 indicates that the
contribution of typed samples is type-dependent.

Adding FD without CR reduces high-risk recall
substantially, from 0.889 to 0.467, and also low-
ers BACC from 0.864 to 0.712, although ACC in-
creases from 0.843 to 0.923. This suggests that
many FD cases primarily emphasize correcting
over-sensitive false-positive decisions; in the ab-
sence of contrastive guidance, such signals may
inadvertently suppress high-risk predictions.

Incorporating CR improves the overall trade-
off in MCC and BACC while largely preserving
high-risk recall relative to CC-only. This supports
the role of CR in providing contrastive evidence
where the same input yields different outcomes
across prompting configurations thereby encour-
aging alignment with more appropriate evidence
usage.

Combining CR and FD yields the most balanced
overall performance, suggesting that CC, CR, and
FD provide complementary supervision under class
imbalance: CC supplies stable but conservative
signals, CR anchors decision boundaries via con-
trastive instances, and FD complements these sig-
nals by summarizing persistent failure patterns that
remain even with retrieval augmentation.

4.4. Curriculum-Based Rule Refinement

We evaluate whether curriculum-based rule refine-
ment (CBRR) is necessary for robust risk detection
under severe class imbalance. For clarity, both
“w/o CBRR” and “w/ CBRR” start from the same
CC-only instance set, and differ only in whether
the curriculum schedule is applied during rule re-
finement. We compare two settings: (i) without
CBRR, where rule refinement is performed on the

286



same exemplar pool using a non-curriculum strat-
egy (i.e., removing the easy-to-hard, label-aware
progression); and (ii) with CBRR, which follows the
proposed curriculum schedule. In both settings, the
backbone model, retrieval pipeline, and evaluation
protocol are kept identical; the only difference is
whether the curriculum schedule is applied during
rule refinement.

As shown in Table 3, removing CBRR signifi-
cantly weakens the model’s ability to identify high-
risk samples. In contrast, incorporating CBRR bet-
ter balances detecting high-risk samples against
avoiding false alarms on low-risk ones, leading to
the highest BACC of 0.876. CBRR improves mi-
nority sensitivity, yielding higher Recall and BACC,
but also increases false positives, resulting in lower
ACC. This trade-off is preferable in practical screen-
ing, where missing high-risk samples is much more
costly than making errors on low-risk samples.

4.5. Ablation Study and Qualitative
Analysis

Method ACC MCC Recall BACC
DDJR (Ours) 0.9150.583 0.867 0.893
w/o Exemplar pool refinement 0.777 0.404 0.956 0.859
w/o Rule refinement 0.905 0.546 0.844 0.877

Table 4: The ablation study of DDJR.

To evaluate the contributions of the two key de-
sign choices in DDJR, we conduct an ablation study
by removing: (i) exemplar pool refinement, which
constructs the types of disagreement-derived in-
stances via dual-inference comparison, and (ii) rule
refinement, which refines the rule set following the
proposed curriculum schedule. All variants are eval-
uated under the same LLM, prompt skeleton, and
retrieval setting; the only changes are the removal
of the corresponding component.

Table 4 reports the results of the ablation study.
Removing contrastive typing (i.e. without exem-
plar pool refinement) leads to a substantial degra-
dation in ACC and MCC, indicating that the con-
struction of the three sample types is critical for
producing informative supervision signals and for
stabilizing decision boundaries. In contrast, remov-
ing rule refinement (without rule refinement) yields
a smaller but consistent drop across MCC, Recall,
and BACC, suggesting that the curriculum schedule
contributes to maintaining balanced performance
under class imbalance by refining rules in a struc-
tured manner. Collectively, the full DDJR configura-
tion achieves the best performance, demonstrating
that both contrastive typing and rule refinement are
necessary to obtain robust counseling risk classifi-
cation. Although DDJR does not achieve the high-
est high-risk recall, it achieves the best ACC (0.915),

Example Analysis

Text:

...But lately, I've started to strongly feel like | want to
die. It's not like anything in particular happened—my
relationships and grades at school are decent—but
1 still feel like | want to die. | can’t talk about this
with my parents, teachers, or friends. Because I'm
known as the “cheerful one,” if | told people something
like this, they’d worry about me. | can’t bring myself to
say “l want to die,” not even as a joke. Why have these
suicidal thoughts suddenly come up...

Ground-truth label: Low-risk

Method: Zero-shot learning
Result: High-risk
Reason:There have been suicide suggestive remarks|
from the parent, such as “Shall we die together?” and
“There’s no point in living,” and the person seeking
help is under severe stress related to school, future
plans, relationships, and the home environment;
therefore, the suicide risk is assessed as high.

Method: DDJR

Result: Low-risk

Reason: The suicidal ideation (“strongly feel like | want
to die”) is clearly expressed, but there is no mention of a
specific suicide plan, intent to act, self-harm behavior, or
an imminent sense of crisis. The main complaint
remains confusion about why these feelings arose and
the conflict of being unable to seek help. Based on

the [LowRisk Indicators] [False Positive Fix] rule,
the suicide risk is judged to be low at this time.

Figure 4: Case study.

MCC (0.583), and BACC (0.893), suggesting that
it offers a more balanced trade-off between sensi-
tivity to high-risk cases and overall classification
robustness.

Figure 4 presents a representative qualitative ex-
ample illustrating how the proposed components
mitigate typical false positives. The record de-
scribes a student’s distress related to schooling
and family pressure, and includes a parent’s state-
ment about “dying together”. Our method predicts
low-risk by attributing the suicidal wording to the
parent rather than the student, and by identifying
contextual cues indicating agency and forward-
looking intent (e.g., a desire for independence and
plans to continue living). In contrast, the base-
line RA-ICL setting misclassifies the record as
high-risk, overemphasizing death-related keywords
and failing to account for speaker attribution and
broader discourse context. This case suggests that
contrastive typing supplies contrastive and failure-
oriented exemplars that surface such misinterpreta-
tions, while the proposed rule set helps regularize
the decision boundary by discouraging keyword-
triggered overgeneralization. Together, these com-
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ponents promote a more faithful interpretation of
emotionally charged language and reduce false
positives in risk triage.

5. Conclusion and Limitations

We propose DDJR, an iterative parameter-free re-
finement framework for imbalanced counseling risk
classification that does not update model parame-
ters. The method improves retrieval-augmented in-
ference by refining the exemplar pool and decision
rules through disagreement signals derived from
zero-shot and RA-ICL predictions. Experimental
results showed that DDJR achieved the best over-
all balance among ACC, MCC, Recall, and BACC,
indicating more robust and reliable performance
under severe class imbalance.

Several limitations should also be noted. First,
the recall of DDJR indicates that some high-risk
samples may still be missed. Second, the proposed
refinement is conducted offline on labeled training
data, while test-time use only relies on the finalized
exemplar pool and refined rule set for inference.
Third, the study is based on counseling records
from a single institution, and the generalizability
of the learned retrieval patterns and induced rules
to other populations and settings remains unclear.
Future work will examine external validation, cross-
institutional transfer, and the stability of the refined
rule set under distribution shift.
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A. Example Rule Set

The rules were originally generated in Japanese
and are shown here in English for readability.
High-risk indicators. Specific suicide methods,
suicide attempts, overdose (OD), wrist-cutting,
use of means such as knives, suicide prepara-
tion/planning, a suicide note or will, or a history
of emergency transport. If suicidal intent or action
is clear, classify the case as high risk.

Low-risk indicators. Expressions such as “l want
to die, but | do not want to die,” “Small things make
me want to die,” or “I keep going back and forth
between wanting to live and wanting to die,” when
they reflect only ambivalence or temporary suicidal
ideation without any concrete action or plan. In
such cases, classify the case as low risk.
False-positive prevention. Even if phrases such
as “l want to die” or “l want to disappear” appear, do
not classify the case as high risk if there is no spe-
cific plan, method, intent, or self-harm behavior, and
the text mainly expresses distress or help-seeking.
False-negative prevention. Even if phrases such
as “l want to die” or “l want to disappear” are indirect,
classify the case as high risk if they are accompa-
nied by suicide preparation, planning, self-harm,
suicide attempts, a suicide note, or strong hope-
lessness and urgency.

B. Cost and Scalability Discussion

DDJR introduces additional overhead compared
with zero-shot and standard RA-ICL baselines, pri-
marily because it uses longer prompts and an of-
fline multi-round refinement procedure before final
test-time prediction. Since DDJR does not update
model parameters, its cost is better understood as
online prediction cost plus offline refinement over-
head rather than training cost.

Under our setup, all three methods require only
one LLM call per test instance, but their prompt
sizes differ substantially: approximately 1,000 char-
acters for zero-shot, around 25,000 for standard
RA-ICL, and slightly above 50,000 for DDJR. This
corresponded to an estimated per-instance input
cost of about $0.003, $0.04-$0.05, and $0.06—
$0.09, respectively. In addition, DDJR incurred
a one-time offline refinement cost of approximately
$318 prior to final test-time inference. These obser-
vations suggest that the main overhead of DDJR
comes from the one-time offline refinement stage,
while deployment only uses the finalized exemplar
pool and refined rule set for inference.
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