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Abstract

Background: Largelanguage models(LLMs) show promisefor mental health counseling applications. However, their deployment
faces significant challenges, including data privacy concerns requiring on-premise solutions, high operational costs, and
Western-centric biases that limit cultural appropriateness for non—English-speaking populations.

Objective: This study aimed to develop and evaluate culturally competent small language models (SLMs) with approximately
7 to 8 billion parameters for Korean mental health counseling and to validate a 2-stage hybrid evaluation framework combining
LLM-as-a-Judge screening with expert clinical validation.

Methods: We constructed a dataset of 1558 diary-based counseling interactions from a Korean mental health mobile app
(Maeumpyeonuijeom). Three Korean-optimized base models (SKT A.X 4.0 Light {7B}, LG EXAONE 3.5 {7.8B}, and Meta
Llama 3.1 { 8B}) were fine-tuned using an aggressive fine-tuning strategy with high-rank low-rank adaptation (r=256) over 20
epochs. Inference parameters were optimized using GPT-5 (gpt-5-2025-08-07) as an LL M-as-a-Judge. The optimized SLMsand
GPT-40 (gpt-40-2024-08-06) were evaluated by 10 board-certified psychiatrists (mean clinical experience of approximately 10
years) on 50 counseling scenarios across 4 dimensions (individualization, supportiveness, cultural appropriateness, and safety)
using 5-point Likert scales. Wilcoxon signed-rank tests with Holm correction were used for statistical comparison, and intraclass
correlation coefficients (ICCs) assessed interrater reliability.

Results: No statistically significant difference from GPT-40 was detected for SKT A.X 4.0 Light in supportiveness (mean 3.39,
SD 0.74 vs mean 3.45, SD 0.90; P=.26) and cultural appropriateness (mean 3.30, SD 0.77 vs mean 3.29, SD 0.79; P=.58). SKT
A.X 4.0 Light ranked first in cultural appropriateness among all models. Interrater reliability analysis revealed higher agreement
among psychiatrists for local SLMs (ICC=0.575 for SKT A.X 4.0 Light in cultural appropriateness) compared with GPT-40
(ICC=0.211). GPT-40 maintained significantly higher safety scoresthan all SLMs (P<.001). The LLM-as-a-Judge demonstrated
moderate-to-good correlation with human evaluation but exhibited a ceiling effect in safety scoring.

Conclusions: A 7 to 8-billion-parameter SLM fine-tuned on culturally specific data can achieve performance comparable to
GPT-40 in supportiveness and cultural appropriateness for mental health counseling. These findings support the feasibility of
locally deployable, privacy-preserving mental health Al systems based on culturally adapted SLMs. However, the safety gap
necessitates human expert oversight, and success depends on the availability of high-quality language-specific base models.
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Introduction

The application of large language models (LLMs) in mental
health care has garnered significant attention due to their
potential to address the global shortage of mental health
professionalsand improve accessibility to psychological support
[1,2]. LLMshave demonstrated strong capabilitiesin generating
empathetic and contextually appropriate responsesin therapeutic
conversations [3,4]. However, the deployment of these
state-of-the-art models in clinical mental health settings faces
substantial barriersthat limit their practical utility.

First, data privacy concerns present a critical obstacle. Mental
health conversations contain highly sensitive personal
information, raising important concerns regarding data security,
privacy protection, and regulatory compliance in Al-based
systems[5]. Health care institutions often require on-premises
solutions to maintain control over patient data, which is
incompatiblewith proprietary cloud-based models[6]. Second,
the infrastructure and computational requirements associated
with advanced Al systems may pose substantial implementation
challenges, particularly for health care systems in
resource-limited settings [7]. Third, and perhaps most
importantly for global mental health applications, existingLLMs
may exhibit Western-centric cultural biases that can result in
culturally inappropriate or insensitive responses for users from
diverse cultural backgrounds[8].

These limitations have motivated growing interest in small
language models (SLMs), particularly models in the
7-billion-parameter range, which can be deployed locally while
maintaining strong language capabilities[9,10]. However, SLMs
may face greater challenges than frontier-scale models in
handling nuanced tasks requiring sophisticated empathy and
cultural sengitivity, which areimportant capabilitiesfor effective
mental health counseling [11]. Recent advances in fine-tuning
techniques, particularly low-rank adaptation (LoRA), have
enabled efficient domain-specific adaptation of pretrained
language models [12]. Simultaneoudly, the emergence of
high-quality language-specific base models has created
opportunitiesfor devel oping culturally adapted applications. In
the Korean context, large-scal e language model s optimized for
Korean language understanding and generation have
demonstrated strong performance in Korean-language tasks
[13].

This study proposed a methodology for developing culturally
competent mental health counseling Al using small local
language models. We introduced an aggressive fine-tuning
strategy optimized for deep adaptation to culturally specific
counseling data, maximizing the internalization of linguistic
and emotional nuanceswithin alimited but high-quality dataset.
Furthermore, we presented a 2-stage hybrid validation
framework that combines cost-effective LLM-as-a-judge
screening for hyperparameter optimization with rigorous expert
clinical evaluation for final validation.

https://ai.jmir.org/2026/1/€92470

Our primary contributions were threefold: (1) demonstrating
that a 7- to 8-hillion-parameter model fine-tuned on culturally
specific data can achieve statistical eguivalence with GPT-40
(OpenAl) in key counseling dimensions, (2) validating a
practical evaluation framework that balances efficiency and
clinical rigor, and (3) providing empirical evidence for the
importance of cultura adaptation in mental heath Al
applications.

Methods

Dataset Construction

Data Source and Collection

We collected diary-based counsdling data from
Maeumpyeonuijeom (meaning “mind convenience store” in
Korean), a Korean mobile mental health app that provides
Al-assisted journaling with professional counselor feedback.
Users write diary entries describing their thoughts, emotions,
and daily experiences and receive personalized counseling
responses [14].

The training dataset comprised 1558 diary-counseling pairs
collected from December 19, 2023, to October 10, 2025,
involving 380 unique users. The test dataset consisted of 200
pairs collected from October 10, 2025, to December 23, 2025,
involving 28 unique users. This tempora separation ensured
no data |eakage between the training and eval uation sets.

Counseling Response Generation Process

Counseling responses in the dataset were generated through a
hybrid human-Al collaborative process. Initial draft responses
were created using Al assistance, followed by comprehensive
review and revision by mental health professionals, including
board-certified psychiatrists and clinical psychologists with
certified counseling credentials. This process ensured
high-quality, clinically appropriate responses while maintaining
scalability.

Data Preprocessing

We applied a 3-step preprocessing pipelineto ensure dataquality
and clinical appropriateness. First, we performed text
normalization by removing system-generated logs, repetitive
characters, and formatting artifacts to ensure linguistic purity
of the corpus[15]. Second, we conducted anonymization using
a hybrid pipeline combining regular expression matching and
named entity recognition to identify and mask personally
identifiable information, including names and location
references, though complete deidentification cannot be
guaranteed given the inherent limitations of named entity
recognition recall [16]. Third, we applied clinical filtering by
excluding diary entries with fewer than 50 tokens, as well as
pairs containing nonsensical or clinically uninformative text
[17]. We further retained only pairs with a combined token
count of 50 to 2000 tokensto ensure sufficient emotional context
for model training while remaining within the model’s effective
context window.
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Ethical Consider ations

Thisstudy wasreviewed by the KoreaUniversity Anam Hospital
Ingtitutional Review Board and was approved for an ethics
exemption (2025AN0508). All users of the M aesumpyeonuijeom
app provided informed consent for the research use of their
anonymized data at the time of registration.

Model Selection and Fine-Tuning

Base Model Selection

We sl ected three base model s representing different approaches
to Korean language modeling: (1) SKT A.X 4.0 Light, a
7B-parameter Korean-optimized model developed by SK
Telecom for Korean-language processing and enterprise
deployment; (2) LG EXAONE 3.5, an instruction-tuned
English-Korean bilingual model from LG Al Research; and (3)
Meta Llama 3.1-Instruct, included as a general-purpose,
state-of-the-art open-weight instruction-tuned baseline. These
models were selected based on their parameter efficiency
(approximately 7-8 billion parameters), availability for local
deployment, and documented Korean-language capabilities.

Aggressive Fine-Tuning Strategy

We used a deliberate aggressive fine-tuning strategy to
maximize domain-specific adaptation within a limited but
high-quality dataset. In preliminary experiments using standard
fine-tuning configurations (lower LoRA rank and fewer epochs),
training loss failed to converge adequately given the small
dataset size relative to model parameters, resulting in context
drift and hallucinationsin the generated responses. To overcome
this, we adopted an aggressive fine-tuning approach to enforce
deep internalization of the linguistic and clinical patterns
essential to Korean psychiatric counseling [12,18-20].

The theoretical basis for this strategy rests on 3 observations.
First, mental health counseling requires consistency in tone,
empathy expression, and cultural sensitivity rather than creative
variation; thus, tight adherence to expert-validated response
patterns is desirable rather than problematic. Second, our
training data consisted entirely of professionally reviewed
counseling responses, meaning that intensive adaptation to this
data implies absorbing clinically appropriate communication
patterns rather than noise or errors. Third, prior work has
demonstrated that alignment on small but carefully curated,
high-quality datasets can achieve performance comparable to
training on substantially larger corpora[21].

This strategy was implemented through 3 components. First,
we used a high-rank LoRA configuration, setting the LoRA
rank (r) to 256, substantially higher than typical values of 16 to
64, to increase the adapter’s learning capacity and enable the
model to capture fine-grained stylistic and emotional patterns.
The scaling factor (o) was set to 512. Target modulesincluded
all attention projections (q_proj, k_proj, v_proj, and o_proj)
and feed-forward layers (gate_proj, up_proj, and down_proj).
Second, we used an extended training duration, training models
for 20 epochs, significantly longer than the typical 1 to 3 epochs
for LLM fine-tuning. This extended exposure allowed the model
to deeply internalize the counseling response patterns, moving
beyond surface-level pattern matching to capture subtle
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emotional and cultural nuances. Third, we optimized sequence
length, setting the maximum sequence length to 2048 tokensto
accommodate the full context of diary entries and enable
generation of comprehensive counseling responses without
truncation.

Our results were consistent with the feasibility of this
configuration: the fine-tuned model s did not show obvioussigns
of overfitting (eg, verbatim memorization or incoherent outputs)
on counseling scenarios that were temporally held out from
training, although a formal memorization analysis was not
performed.

Training Configuration

Training was conducted on NVIDIA H100 graphics processing
units with the following hyperparameters. a learning rate of

1x10 ® with a constant scheduler, a batch size of 8 per device,
gradient accumulation steps of 4, and 4-bit quantization for
memory efficiency. We used a completion-only loss strategy,
computing loss only on the counseling response portion to focus
learning on response generation rather than diary reproduction.

All experimentswereimplemented in aPython (version 3.12.3;
Python Software Foundation) environment using PyTorch
(version 2.8.0; MetaAl) with CUDA (Compute Unified Device
Architecture; version 12.8) support. We used the Hugging Face
ecosystem for model development: Transformers (version
4.57.1) for model architecture, parameter-efficient fine-tuning
(PEFT; version 0.10.0) for applying LoRA, and transformer
reinforcement learning (TRL; version 0.8.6) for supervised
fine-tuning. Memory-€fficient training was facilitated by
BitsAndBytes (version 0.48.1) for 4-bit quantization, while data
management was handled using Datasets (version 4.2.0).

I nference Par ameter OptimizationviaL L M-as-a-Judge

After  finetuning, we  optimized 2  inference
parameters—temperature and top_p—to improve response
quality [22]. Manual optimization across multiple parameter
combinations was impractical; therefore, we used GPT-5 as an
automated judge to evaluate response quality across a grid of
parameter settings [23]. The LLM judge evaluated generated
responses on the same 4 dimensions used in human evaluation:
individualization, supportiveness, cultural appropriateness, and
safety.

A systematic grid search was conducted for each model over
decoding parameters known to influence generation diversity
and coherence. Temperature was varied from 0.4 to 1.2 in
increments of 0.2, and top_p from 0.3 to 1.0 in increments of
0.1 [22]. For each parameter combination, responses were
evaluated using an L L M-as-a-judge framework acrossthe same
4 clinical dimensions used in human evauation:
individualization, supportiveness, cultural appropriateness, and
safety [23]. The optimal configuration was defined a priori as
the parameter setting with the highest mean score across the 4
dimensions.

Onthebasisof thissearch, LG EXAONE 3.5and SKT A.X 4.0
Light were both optimized at atemperature of 0.8 and top_p of
0.8. For Meta Llama 3.1, the temperature was set to 0.8, but
top_p was reduced to 0.5; higher top_P values were found to
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increase the occurrence of English tokens in generated
responses, attributable to this model’s comparatively limited
Korean-language pretraining, and constraining top_p to 0.5
effectively suppressed this linguistic drift while yielding the
highest mean L L M-as-a-judge eval uation score among the tested
configurations. Full details of the LLM-as-a-judge evaluation
framework, including the grid search procedure, final selected
parameters, and evaluation system prompt, are provided in
Multimedia Appendix 1.

For the SLMs, generation parameters were tuned using an
LLM-as-a-judge framework because of the limited size of the
domain-specific dataset. Candidate temperature and top p
settings were eval uated, and the configuration yielding the most
appropriate and stable responses was selected for inference. In
contrast, GPT-40 was used as a genera-purpose benchmark
without domain-specific parameter tuning. The default OpenAl
API generation settings were therefore used: temperature=1.0,
top_P =1.0, frequency penalty=0, and presence penalty=0, with
oneresponse generated per prompt (n=1). No explicit maximum
output-token limit or custom stopping criterion was specified.

Human Evaluation Protocol

Two-Stage Hybrid Validation Framework

We implemented a 2-stage validation approach. In stage 1
(LLM-based pilot screening), multiple fine-tuned models with
various hyperparameter configurations were prescreened using
GPT-5 as a judge to identify the most promising candidates,
improving evaluation efficiency. In stage 2 (multiexpert clinical
validation), selected models and GPT-40 underwent blinded
evaluation by board-certified psychiatrists, serving as the gold
standard for clinical validation.

Evaluators

A total of 10 board-certified psychiatrists with approximately
10 years of clinical experience participated in the evaluation.
Evaluators were blinded to model identity throughout the
assessment process.

Evaluation Materials and Criteria

Fifty counseling scenarios from the test set were selected for
evaluation. For each scenario, evaluators received the user’'s

Table 1. Demographic characteristics of dataset participants.

Han et al

diary entry and counseling responses generated by each of the
4 models (3 fine-tuned SL Msand GPT-40) in randomized order.

Responses were assessed on four dimensions using 5-point
Likert scales (1=very poor to 5=excellent): (1) individualization,
the degree to which the response addresses the specific content
and concerns expressed in the user’s diary; (2) supportiveness,
the level of emotional support, empathy, and validation
conveyed in the response; (3) cultural appropriateness, the
appropriateness of language use, expression style, and cultural
sensitivity for Korean users; and (4) safety, the absence of
potentially harmful content and appropriate handling of sensitive
topics, including self-harm references.

Statistical Analysis

We calculated intraclass correlation coefficients (ICCs) using
a2-way random-effectsmodel for average measures (ICC{2,k})
to assess agreement among psychiatrist evaluators for each
model and criterion combination. |CC values were interpreted
aspoor (<0.40), fair (0.40-0.59), good (0.60-0.74), and excellent
(=0.75) [13].

Wilcoxon signed-rank tests with Holm correction for multiple
comparisons were used to compare each SLM against GPT-40
across evaluation criteria. Nonsignificant results (P>.05) were
interpreted as no statistically significant difference detected.

Spearman correlation coefficientswere cal culated between LLM
judge scores and mean psychiatrist scores to validate the
LLM-as-a-judge methodol ogy.

Results

Participant Demographics

Table 1 presents the demographic characteristics of usersin the
training and test datasets. The training set participants had a
mean age of 33.78 (SD 11.75) years, with 70.3% (267/380)
female representation. The mean Peatient Health Questionnaire-9
(PHQ-9) score was 12.03 (SD 6.27), indicating moderate
depression severity on average. The test set showed similar
characteristics, with amean age of 32.36 (SD 10.17) yearsand
92.9% (26/28) femal e representation.

Characteristics Training set (n=380) Test set (Nn=28)
Age (y), mean (SD) 33.78 (11.75) 32.36 (10.17)
Sex, n (%)
Female 267 (70.3) 26 (92.9)
Male 26 (6.8) 2(7.2)
Missing 87 (22.9) 0(0)
PHQ-9? score, mean (SD) 12.03 (6.27) 10.86 (4.79)
Diary entries, n 1558 200

3PHQ-9: Patient Health Questionnaire-9.
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Compar ative Performance of Models

Table 2 presentsthe mean scores and SDsfor each model across
the 4 evaluation criteria. The overall performance trends are
visualized in Figure 1, which illustrates the comparative mean

Table 2. Psychiatrist evaluation scores by model and criterion (N=50 scenarios, 10 evaluators).

mirroring GPT-40
appropriateness dimensions.

Han et al

scores of the 4 models. Asshown in Figure 1, the SKT A.X 4.0
Light demonstrates acompetitive performancetrajectory, closely
in the supportiveness and cultura

Criterion and model Mean (SD) Rank
Individualization
GPT-40 3.44 (0.89) 1
SKT A.X 4.0 Light 3.31(0.80) 2
LG EXAONE 3.5 3.06 (0.82) 3
MetalLlama3.1 3.03(0.83) 4
Supportiveness
GPT-40 3.45 (0.90) 1
SKT A.X 4.0 Light 3.39(0.74) 2
MetalLlama3.1 3.23(0.78) 3
LG EXAONE 3.5 3.17(0.84) 4
Cultural appropriateness
SKT A.X 4.0 Light 3.30(0.77) 1
GPT-40 3.29 (0.79) 2
MetaLlama3.1 3.08 (0.81) 3
LG EXAONE 35 3.05 (0.90) 4
Safety
GPT-40 3.33(0.73) 1
SKT A.X 4.0 Light 3.11(0.73) 2
LG EXAONE 35 3.09 (0.73) 3
MetaLlama3.1 3.08 (0.69) 4

Figure 1. Mean evaluation scores by criterion for 4 language models, as rated by 10 board-certified psychiatrists. Among the small language models,
SKT A.X 4.0 Light performed closest to GPT-40 overall, whereas GPT-4o received the highest safety score.
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To provide amore granular view of performance beyond mean
scores, Figure 2 illustrates the detailed distribution of ratings
assigned by the 10 psychiatrists (N=500 ratings per criterion).
As shown in Figure 2, the SKT A.X 4.0 Light achieved a
competitive distribution of favorable ratings (scores of 4 or 5)

Han et al

in supportiveness and cultural appropriateness, comparable to
GPT-4o0. In contrast, for the safety criterion, GPT-40 maintained
adominant proportion of high scores (86% rated 4 or 5), while
SLMs showed a wider spread with more ratings in the neutral
(score 3) range.

Figure 2. Distribution of human evaluation ratings for 50 counseling scenarios across 4 evaluation criteria, asrated by 10 board-certified psychiatrists
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Statistical Comparison With GPT-40

Table 3 presents the results of Wilcoxon signed-rank tests
comparing each SLM to GPT-40.

No statistically significant difference from GPT-40 was detected
for the SKT AX 4.0 Light in 2 dimensions: supportiveness
(P=.26) and cultura appropriateness (P=.58). This indicates
that, under our evaluation setting, the 7-billion-parameter SKT
AX 4.0 Light showed comparable performance to GPT-40 in
these dimensions, though this does not constitute formal
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statistical equivalence. All other comparisons showed significant
differences favoring GPT-40 (P<.001), particularly in safety.

To further validate this equivalence, we conducted a pairwise
head-to-head comparison (Figure 3). As illustrated, the SKT
A.X 4.0 Light achieved anoninferiority rate (win + ti€) of 84.2%
in cultural appropriateness and 70.2% in supportiveness agai nst
GPT-40. Thisindicatesthat in most counseling interactions, the
localy finetuned SLM provided responses that were
competitive with those of the general-purpose proprietary model.

JMIR Al 2026 | vol. 5| €92470 | p. 6
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR Al Hanet d

Table 3. Wilcoxon signed-rank test results: small language models versus GPT-40.

Criterion and comparison P value (Holm-adjusted) Significance

Individualization

SKT A.X 4.0 Light vs GPT-40 .03 Yes
LG EXAONE 3.5 vs GPT-40 <.001 Yes
MetaLlama 3.1 vs GPT-40 <.001 Yes

Supportiveness

SKT A.X 4.0 Light vs GPT-40 .26 No (equivalent) significant difference
LG EXAONE 3.5 vs GPT-40 <.001 Yes
MetaLlama 3.1 vs GPT-40 <.001 Yes

Cultural appropriateness

SKT A.X 4.0 Light vs GPT-40 .58 No (equivalent) significant difference
LG EXAONE 3.5 vs GPT-40 <.001 Yes
Meta Llama 3.1 vs GPT-40 <.001 Yes
Safety
SKT A.X 4.0 Light vs GPT-40 <.001 Yes
LG EXAONE 3.5 vs GPT-40 <.001 Yes
Meta Llama 3.1 vs GPT-40 <.001 Yes

Figure 3. Distribution of evaluation scores assigned by the large language model (LLM)-as-a-Judge (GPT-5). Stacked bar charts show the distribution
of ratings (1-5 Likert scale) generated by GPT-5 across 4 evaluation criteria. Notably, the judge model exhibited a tendency to assign higher scores,
particularly in the safety dimension, compared with human evaluators. Labels indicate the count (n) and percentage (%).
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Interrater Reliability

Table 4 presents |CC values indicating the level of agreement
among psychiatrist evaluators. A notable pattern emerged:
GPT-40 consistently showed the lowest interrater reliability
across all criteria, with particularly poor agreement for cultural

Table4. Interrater reliability (ICC(2,k)) by model and criterion.

Han et al

appropriateness (ICC=0.211). In contrast, thelocally fine-tuned
models, especialy SKT A.X 4.0 Light, achieved higher
agreement levels (ICC=0.575 for cultural appropriateness),
suggesting that psychiatrists more consistently recognized the
cultural appropriateness of locally adapted responses.

Criterion and model ICC(2,k) Interpretation
Individualization
LG EXAONE 3.5 0.704 Good
MetaLlama3.1 0.658 Good
SKT A.X 4.0 Light 0.642 Good
GPT-40 0.560 Moderate
Supportiveness
SKT A.X 4.0 Light 0.573 Moderate
Meta Llama3.1 0.565 Moderate
LG EXAONE 3.5 0.557 Moderate
GPT-40 0.386 Poor or fair
Cultural appropriateness
SKT A.X 4.0 Light 0.575 Moderate
MetaLlama3.1 0.484 Fair
LG EXAONE 3.5 0.374 Poor
GPT-40 0.211 Poor
Safety
LG EXAONE 3.5 0.677 Good
MetaLlama3.1 0.610 Good
SKT A.X 4.0Light 0.586 Moderate
GPT-40 0.452 Fair

Validation of LL M-as-a-Judge M ethodology

Table 5 compares the LLM judge (GPT-5) evaluation results
with human evaluation results. Figure 4 visualizes the rating

https://ai.jmir.org/2026/1/€92470
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distribution generated by the LLM judge, revealing distinct
evaluation patterns compared with human psychiatrists.
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Figure4. Head-to-head comparison: SKT A.X 4.0 Light v GPT-40. Win-tie-loss chart showing the frequency of pairwise comparisons. “Win” indicates
that SKT A.X 4.0 Light received ahigher rating than GPT-4o, “ti€” indicates equal ratings, and “loss” indicates alower rating. The combined noninferiority
rate (win + tie) exceeds 80% for cultural appropriateness.
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Table5. Large language model (LLM)-as-a-judge (GPT-5) evaluation scores compared with human evaluation.

Criterion and model LLM score, mean (SD) Human score, mean (SD) Difference

Individualization

GPT-40 2.96 (0.70) 3.44 (0.89) -0.48
SKT A.X 4.0 Light 2.70 (0.65) 3.31(0.80) -0.61
LG EXAONE 3.5 2.26 (0.63) 3.06 (0.82) -0.80
MetaLlama3.1 2.24(0.52) 3.03(0.83) -0.79

Supportiveness

SKT A.X 4.0 Light 3.42(0.64) 3.39(0.74) +0.03
GPT-40 3.34 (0.69) 3.45 (0.90) -0.11
LG EXAONE 3.5 2.66 (0.56) 3.17 (0.84) -0.51
MetaLlama3.1 2,58 (0.54) 3.23(0.78) -0.65
Cultural appropriateness
SKT A.X 4.0 Light 4.38(0.78) 3.30(0.77) +1.08
GPT-40 3.72(0.88) 3.29 (0.79) +0.43
LG EXAONE 35 3.64 (0.92) 3.05 (0.90) +0.59
MetaLlama3.1 3.06 (0.87) 3.08 (0.81) -0.02
Safety
LG EXAONE 3.5 3.96 (1.18) 3.09 (0.73) +0.87
SKT A.X 4.0 Light 3.96 (1.18) 3.11(0.73) +0.85
GPT-40 3.90(1.27) 3.33(0.73) +0.57
MetaLlama3.1 3.74 (1.24) 3.08 (0.69) +0.66

As evident in Figure 4, the LLM judge exhibited a significant  sharply with the human evaluation in Figure 2, where safety
ceiling effect in the safety criterion, assigning perfect scores(5)  ratings were more varied. This ceiling effect indicates that the
to avast majority of responses acrossall models. Thiscontrasts LLM judge was unable to differentiate safety performance
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across models, though the human expert eval uation successfully
identified the significant safety advantage of GPT-40 over all
SLMs.

Discussion

Principal Findings

This study demonstrated that an SLM with approximately 7
billion parameters, when appropriately fine-tuned on culturally
specific data, could achieve performance comparableto GPT-40
in key dimensions of mental health counseling quality. The SKT
A.X 4.0 Light achieved no significant difference from GPT-40
in supportiveness (P=.26) and cultural appropriateness (P=.58),
despite substantially smaller model size.

This finding may have implications for improving the
accessibility and local deployability of Al-assisted mental health
services. The strong performance achieved with less than 1%
of the parameter count suggests that, in domain-specific and
culturally grounded applications such as mental health
counseling, dataquality and cultural alignment can substantially
influence model performance alongside model scale. Notably,
the SKT A.X 4.0 Light ranked first among &l evaluated
models—including GPT-40—in cultural appropriateness. This
result underscores afundamental limitation of globally trained
large models: their tendency toward Western-centric biases can
result in responses that feel foreign or inappropriate to users
from different cultural backgrounds [24]. The strong
performance of SKT A.X 4.0 Light in this dimension supports
the potential value of culturally specific fine-tuning for mental
health applications.

Clinical Implications

Our findings have several important implications for clinical
deployment of Al-assisted mental health tools.

First, regarding privacy and accessibility, the ability to achieve
GPT-40-level performance with a locally deployable model
addresses critical data privacy concerns. Health careinstitutions
may benefit from locally deployable mental health Al systems
because such systems can reduce the need to transmit sensitive
patient data to external servers, a concern that is particularly
salient under health information privacy frameworks such as
the Health Insurance Portability and Accountability Act
(HIPAA) [25]. Inthis study, our results suggest that competitive
performance may be achievable using smaller model s deployed
in closed-network environments.

Second, regarding cultural adaptation, the competitive cultural
appropriateness ratings for locally tuned models, relative to a
strong general-purpose benchmark, provide an empirical
foundation for the argument that mental health Al must be
culturally adapted rather than simply translated. This aligns
with established principles in cross-cultural psychology
emphasizing the importance of cultural context in therapeutic
communication [26].

Third, regarding cost efficiency, the dramatic reduction in model
sizetrandatesto substantially lower computational requirements
and operational costs, potentially improving access to
Al-assisted mental health support in resource-limited settings.
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This safety gap supports the need for human expert oversight
when Al systemsare used in mental health contexts, particularly
given the risks associated with high-stakes or crisis-related
interactions[27]. Thisgapisclinically significant and indicates
that current SLMs are not ready for autonomous deployment
in mental health settings. Rather, it highlights the necessity of
amodular safety architecture for SLM-based systems. Unlike
monolithic cloud-based models where safety mechanisms are
opaque and immutable, locally deployed SLMs enable the
integration of customizable, transparent safety guardrails—such
as keyword-based filters for self-harm content, secondary
classifier models for risk detection, or rule-based response
modification [28]. Furthermore, this safety gap reinforces the
principle that no Al system should operate autonomously in
mental health contexts; human expert review remains essential
regardless of model capability [29]. The combination of
culturally competent SLMs with explicit safety layers and
human oversight may ultimately provide a more controllable
and auditable safety framework than reliance on proprietary
models alone. Importantly, the lower safety scores of SLMs
may partialy reflect a trade-off with cultural
authenticity—GPT-40'shigher safety scores could be associated
with more conservative, generic responses that sacrifice
emotional engagement for caution, as suggested by its lower
cultural appropriateness ratings.

Interrater Reliability Patterns

A particularly intriguing finding was the consistently lower
interrater reliability for GPT-40 compared with locally tuned
models. Psychiatrists showed markedly poor agreement
(ICC=0.211) when evaluating GPT-40's cultural
appropriateness, compared with moderate agreement for SKT
A.X 4.0Light (ICC=0.575). This pattern suggeststhat GPT-40's
responses may lack the consistency in cultural adaptation that
allows experts to reach consensus on their appropriateness.

This inconsistency may reflect GPT-40's tendency to produce
responses that occasionally align well with Korean cultural
norms while at other times exhibiting distinctly Western
communication patterns. Such variability would naturally lead
to divergent expert opinions depending on which aspect of the
response individual evaluators prioritize.

Validation of L L M-as-a-Judge Framewor k

Our 2-stage hybrid validation framework proved effective for
efficient model development. The LLM judge correctly
identified relative performance rankings among models and
demonstrated good correlation with human evaluation for
supportiveness. However, important limitations emerged.

The LLM judge exhibited a significant ceiling effect in the
safety dimension, assigning perfect scores (5) to avast majority
of responses across al models and thus failing to differentiate
safety performance between GPT-40 and the SLMs. The notably
higher safety scores observed for GPT-40 in human expert
evaluation may reflect the extensive safety alignment procedures
commonly incorporated into GPT-4-series models, including
reinforcement learning from human feedback and adversarial
red-teaming [30]. However, this interpretation remains
inferential, and we cannot exclude the possibility that additional
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unmeasured factors contributed to the observed safety
differences. This insensitivity in automated safety scoring is
particularly consequential for mental health applicationswhere
safety discrimination is critical. We therefore recommend that
LLM-as-a-judge methodologies be used for preliminary
screening and hyperparameter optimization, but final validation
for clinical applications must include human expert evaluation,
particularly for safety assessment [23].

Implicationsfor Global Mental Health Al

Our success in devel oping a competitive Korean mental health
Al hasimplicationsfor the broader goal of providing culturally
appropriate mental health support globally. However, several
conditions enabled this achievement.

First, the availability of high-quality Korean base models (SKT
A.X 4.0 Light and LG EXAONE 3.5) was essentia. These
models already possess deep Korean-language understanding
that our fine-tuning could build upon. Second, our dataset
comprised professionally reviewed counseling responses,
ensuring high-quality examples for the model to learn from.
Third, the involvement of psychiatrists and licensed clinical
psychol ogistsin data preparation and eval uation ensured clinical
validity.

These requirements highlight a potential equity concern:
underresourced languages lacking high-quality base models
may not be able to replicate our approach through fine-tuning
alone. Additional pretraining on language-specific corporamay
be necessary, representing a substantially higher barrier [31].
Addressing thisgap should beapriority for global digital mental
health equity.

Limitations

Several limitations should be considered when interpreting our
findings.

First, the dataset and evaluation scale present inherent
congtraints. Thetraining corpus of approximately 1500 samples
is modest relative to large-scale language model benchmarks,
and while our aggressive fine-tuning strategy was designed to
maximize learning from limited but high-quality data, larger
datasets may enable further performance gains or enhance
generalizability. Similarly, our human evaluation involved 50
counseling scenarios assessed by 10 psychiatrists; alarger and
more diverse eval uation set would strengthen confidence in the
generalizahility of findings across the broad spectrum of mental
health concerns encountered in clinical practice. Although the
eval uation scenariosweretemporally separated from thetraining
data, this held-out evaluation provides only indirect evidence
against memorization and does not congtitute a formal test of
memorization or a validated assessment of distributional
generalization; verbatim memorization of training examples
cannot be fully excluded. It should be noted that the dataset
scale was additionally constrained by the availability of a
time-limited GPU resource program, which has since concluded.

Second, the test set demographics showed high femae
representation (26/28, 92.9%) and predominantly moderate
depression severity (mean PHQ-9 score 10.86). This profile
reflects the user base of the source application but limits

https://ai.jmir.org/2026/1/€92470

Han et al

generaizability to male users, individuals with severe
depression, or those with other conditions such as anxiety
disorders, bipolar disorder, or psychotic disorders. Thetraining
dataexhibited similar demographic patterns, reinforced through
aggressive fine-tuning. The high female representation may
have introduced gender-specific linguistic patterns—including
vocabulary, emotional framing, and empathic tone—into the
model’s learned communication style, potentially reducing
performance for male users whose expression of emotional
distressmay differ systematically. Future studies should include
active recruitment of male participants and individuals across
diverse age groups and psychiatric diagnoses.

Third, our evaluation was conducted in a controlled
diary-response format, representing a specific subset of mental
health communication contexts. Performance in synchronous
chat, crisis intervention, or live therapeutic conversation may
differ substantially. Furthermore, models were evaluated on
structured prompts; real-world inputs including grammatically
incorrect text, colloquial expressions, or ambiguous emotional
content may yield variable performance. The long-term effects
of Al-assisted counseling on clinical outcomes—including
changesin depression symptoms, user satisfaction, and sustained
engagement—were not assessed, and the clinical significance
of the observed dtatistical equivalence requires validation
through longitudinal outcome studies.

Fourth, this study did not use standard automated natural
language processing evaluation metrics such asBLEU (Bilingual
Evaluation Understudy), ROUGE (Recall-Oriented Understudy
for Gisting Evaluation), BERTScore (Bidirectional Encoder
Representations from Transformers), or perplexity. This was
an intentional methodological decision: word-overlap metrics
such as BLEU and ROUGE have been empirically shown to
exhibit limited correlation with human judgments of dialogue
response quality [19], embedding-based metrics such as
BERT Score do not adequately capture the empathic creativity
essential to psychiatric counseling, and fluency-based metrics
such as perplexity do not reflect clinical and empathic
dimensions central to therapeutic effectiveness. Additionally,
the use of a single model (GPT-5) as an automated judge may
introduce model-specific biases, multimodel LLM-as-a-judge
frameworks could improve robustness, though the clinical
impact of thislimitation isminimized by the reliance on human
expert evaluation for al primary findings. Future work
incorporating complementary computational metrics and
multimodel automated evaluation alongside expert evaluation
would provide amore comprehensive characterization of model
outputs.

Fifth, formal ablation studies comparing our aggressive
fine-tuning configuration (LORA rank r=256, 20 epochs) with
more conventional configurations (eg, lower LoRA ranks and
fewer training epochs) were not performed dueto the constraints
of the time-limited GPU resource program. This represents a
genuine limitation, as we cannot definitively confirm whether
the specific hyperparameter choices were strictly necessary,
and we have noted the absence of a formal ablation study
accordingly.
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Sixth, 2 practical limitations constrain the broader applicability
of this work. Our approach depended critically on the
availability of high-quality Korean base models; languages
without comparable foundation models may face substantial
barriersto replicating this methodol ogy, representing a potential
equity concern for global digital mental health. Additionally,
while reduced operational cost is cited as a primary motivation
for SLM adoption, this study did not benchmark inference
latency, throughput, or comparative compute costs between
loca SLM deployment and GPT-40 APl calls. Rigorous
cost-benefit analysis in a real-world clinical infrastructure
environment remains an important direction for future research.

Seventh, because GPT-40 was not equivalently domain-adapted,
this comparison should be interpreted as benchmarking against
a general-purpose model rather than as demonstrating the
superiority of the SLM or the fine-tuning strategy.

Conclusions

This study demonstrated that SLMs, when strategically
fine-tuned on cultural ly specific data, could achieve performance
comparableto state-of-the-art LLMsin menta health counseling
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applications. The SKT A.X 4.0 Light (7 billion parameters)
showed no dtatistically significant difference from GPT-40, a
frontier-scale proprietary language model, in supportiveness
and cultural appropriateness as evaluated by psychiatrists, while
using less than 1% of the parameters.
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local infrastructure. However, the persistent saf ety gap between
SLMs and larger models necessitates careful implementation
with appropriate safeguards, including modular safety guardrails
and mandatory human oversight. Furthermore, the success of
this approach depends on the availability of high-quality
language-specific base models, highlighting an important
consideration for global digital mental health equity.
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LLM-as-a-judge screening with expert clinical evaluation
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domain-specific Al applications, though the inability of
automated LLM judges to discriminate safety performance
across modelsreinforced theirreplaceable role of human expert
oversight in clinical Al development.

This research was supported by a grant from Korea University Anam Hospital, Seoul, Republic of Korea (02514171). This
research was al so supported by the High-Performance Computing Support Project, funded by the government of the Republic of

Korea (Ministry of Science and ICT, G2025-0738).

Generative Al Use

During the preparation of this manuscript, the authors used Generative Al to improve the language and readability of the text.
The authors reviewed and edited all output and take full responsibility for the content of the publication. The use of GPT-40 as
a comparator model was part of the study design and is described in the Methods section.

Authors Contributions

Conceptualization: JH, BS, WJ, MK, HK, DS
Formal analysis: BS, DS

Methodology: JH, BS, DS

Project administration: JH, BS, WJ, MK, HK, DS
Supervision: DS

Visualization: JH, BS, DS

Writing—original draft: JH, DS
Writing—review and editing: JH, BS, DS

Conflictsof Interest

BS, WJ, MK, HK, and DS are employees of Drpresso Inc. However, this affiliation did not influence the study design, data
analysis, interpretation of results, or any other aspect of this research. JH has no conflicts of interest to declare.

Multimedia Appendix 1

Largelanguage model (LLM)-as-a-Judge eval uation framework and generation parameter optimization, including the grid-search
procedure, final generation parameters, and the complete GPT-5 evaluation system prompt.

[DOCX File , 19 KB-Multimedia Appendix 1]

References

1. HuaY,NaH,LiZ, LiuF Fang X, Clifton D, et a. A scoping review of large language models for generative tasksin
mental health care. NPJ Digit Med. Apr 30, 2025;8(1):230. [FREE Full text] [doi: 10.1038/s41746-025-01611-4] [Medline:

40307331]

https://ai.jmir.org/2026/1/€92470

IMIR Al 2026 | vol. 5| 92470 | p. 12
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=ai_v5i1e92470_app1.docx&filename=d1919218912c88eafb5419926639dcea.docx
https://jmir.org/api/download?alt_name=ai_v5i1e92470_app1.docx&filename=d1919218912c88eafb5419926639dcea.docx
https://doi.org/10.1038/s41746-025-01611-4
http://dx.doi.org/10.1038/s41746-025-01611-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40307331&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR Al Han et d

2.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Lawrence HR, Schneider RA, Rubin SB, Matari¢ MJ, McDuff DJ, Jones Bell M. The opportunities and risks of large
language models in mental health. IMIR Ment Health. Jul 29, 2024;11:€59479. [FREE Full text] [doi: 10.2196/59479]
[Medline: 39105570]

Ayers JW, Poliak A, Dredze M, Leas EC, Zhu Z, Kelley JB, et al. Comparing physician and artificial intelligence chatbot
responses to patient questions posted to a public social mediaforum. JAMA Intern Med. Jun 01, 2023;183(6):589-596.
[FREE Full text] [doi: 10.1001/jamainternmed.2023.1838] [Medline: 37115527)

Chen S, Wu M, ZhuKQ, Lan K, Zhang Z, Cui L. LLM-empowered chatbots for psychiatrist and patient simulation:
application and evaluation. arXiv. Preprint posted online on May 23, 2023. [doi: 10.48550/arXiv.2305.13614]

Price WN2, Cohen IG. Privacy in the age of medical big data. Nat Med. Jan 2019;25(1):37-43. [FREE Full text] [doi:
10.1038/s41591-018-0272-7] [Medline: 30617331]

Mehrtak M, SeyedAlinaghi S, MohsseniPour M, Noori T, Karimi A, Shamsabadi A, et a. Security challenges and solutions
using healthcare cloud computing. JMed Life. 2021;14(4):448-461. [FREE Full text] [doi: 10.25122/jmI-2021-0100]
[Medline: 34621367]

Ciecierski-Holmes T, Singh R, Axt M, Brenner S, Barteit S. Artificial intelligence for strengthening healthcare systemsin
low- and middle-income countries: a systematic scoping review. NPJ Digit Med. Oct 28, 2022;5(1):162. [FREE Full text]
[doi: 10.1038/s41746-022-00700-y] [Medline: 36307479]

Tao Y, Viberg O, Baker RS, Kizilcec RF. Cultural bias and cultural alignment of large language models. PNAS Nexus.
Sep 17, 2024,3(9):pgae346. [EREE Full text] [doi: 10.1093/pnasnexus/pgae346] [Medline: 39290441]

Jiang AQ, Sablayrolles A, Roux A, Mensch A, Savary B, Bamford C, et al. Mixtral of experts. arXiv. Preprint posted online
on January 8, 2024. [doi: 10.48550/arXiv.2401.04088]

Touvron H, Martin L, Stone K, Albert P, Almahairi A, Babael Y, et al. Llama 2: open foundation and fine-tuned chat
models. arXiv. Preprint posted online on July 18, 2023. [doi: 10.48550/arXiv.2307.09288]

Wang F, Zhang Z, Zhang X, Wu Z, Mo T, Lu Q, et al. A comprehensive survey of small language models in the era of
largelanguage model s: techni ques, enhancements, applications, collaboration with LLMs, and trustworthiness. ACM Trans
Intell Syst Technol. Nov 24, 2025;16(6):1-87. [doi: 10.1145/3768165]

Hu EJ, Shen Y, Wallis P, Allen-Zhu Z, Li Y, Wang S, et al. LoRA: low-rank adaptation of large language models. arXiv.
Preprint posted online on June 17, 2021. [doi: 10.48550/arXiv.2106.09685]

Kim B, KimH, Lee SW, Lee G, Kwak D, Hyeon JD, et al. What changes can large-scale language model s bring? I ntensive
study on HyperCLOVA: hillions-scale Korean generative pretrained transformers. In: Proceedings of the 2021 Conference
on Empirical Methods in Natural Language Processing. Stroudsburg, PA. Association for Computational Linguistics;
2021:3405-3424.

Shin D, KimH, Lee S, Cho Y, Jung W. Using large language model s to detect depression from user-generated diary text
data as a novel approach in digital mental health screening: instrument validation study. J Med Internet Res. Sep 18,
2024,26:54617. [FREE Full text] [doi: 10.2196/54617] [Medline: 39292502]

Chai CP. Comparison of text preprocessing methods. Nat Lang Eng. Jun 13, 2022;29(3):509-553. [doi:
10.1017/s1351324922000213]

Dehghan A, Kovacevic A, Karystianis G, Keane JA, Nenadic G. Combining knowledge- and data-driven methods for
de-identification of clinical narratives. J Biomed Inform. Dec 2015;58 Suppl (Suppl):S53-S59. [FREE Full text] [doi:
10.1016/}.jbi.2015.06.029] [Medline: 26210359]

Naim PM, Sadeh-Sharvit S, Jefroykin S, Silber E, Morrison DP, Goldstein A. Preprocessing |arge-scale conversational
datasets: aframework and its application to behavioral health transcripts. IMIR Form Res. Oct 24, 2025;9:€78082. [FREE
Full text] [doi: 10.2196/78082] [Medline: 41135026]

Dettmers T, Pagnoni A, Holtzman A, Zettlemoyer L. QLORA: efficient finetuning of quantized LLMs. In: NIPS '23:
Proceedings of the 37th International Conference on Neural Information Processing Systems. New York, NY. Curran
Associates Inc; 2023:10088-10115.

Huang J, Cui L, Wang A, Yang C, Liao X, Song L, et al. Mitigating catastrophic forgetting in large language models with
self-synthesized rehearsal. In: Proceedings of the 62nd Annual Meeting of the Association for Computational Linguistics.
Stroudsburg, PA. Association for Computational Linguistics; 2024:1416-1428.

Zhai Y, Tong S, Li X, Cal M, QuQ, Lee Y J, et . Investigating the catastrophic forgetting in multimodal 1arge language
models. arXiv. Preprint posted online on September 19, 2023. [doi: 10.48550/arXiv.2309.10313]

Zhou C, LiuR, Xu PR lyer S, SunJ, Mao Y, et al. LIMA: lessis more for alignment. In: NIPS '23: Proceedings of the 37th
International Conference on Neural Information Processing Systems. New York, NY. Curran Associates Inc;
2023:55006-55021.

Holtzman A, Buys J, Du L, Forbes M, Choi Y. The curious case of neural text degeneration. arXiv. Preprint posted online
on April 22, 2019. [doi: 10.48550/arXiv.1904.09751]

Zheng L, Chiang WL, Sheng Y, Zhuang S, Wu Z, Zhuang Y, et al. Judging LL M-as-a-judge with M T-bench and chatbot
arena. In: NIPS '23: Proceedings of the 37th International Conference on Neural Information Processing Systems. New
York, NY. Curran Associates Inc; 2023:46595-46623.

https://ai.jmir.org/2026/1/€92470 JMIR Al 2026 | vol. 5] €92470 | p. 13

(page number not for citation purposes)


https://mental.jmir.org/2024//e59479/
http://dx.doi.org/10.2196/59479
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39105570&dopt=Abstract
https://europepmc.org/abstract/MED/37115527
http://dx.doi.org/10.1001/jamainternmed.2023.1838
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37115527&dopt=Abstract
http://dx.doi.org/10.48550/arXiv.2305.13614
https://europepmc.org/abstract/MED/30617331
http://dx.doi.org/10.1038/s41591-018-0272-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30617331&dopt=Abstract
https://europepmc.org/abstract/MED/34621367
http://dx.doi.org/10.25122/jml-2021-0100
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34621367&dopt=Abstract
https://doi.org/10.1038/s41746-022-00700-y
http://dx.doi.org/10.1038/s41746-022-00700-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36307479&dopt=Abstract
https://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgae346
http://dx.doi.org/10.1093/pnasnexus/pgae346
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39290441&dopt=Abstract
http://dx.doi.org/10.48550/arXiv.2401.04088
http://dx.doi.org/10.48550/arXiv.2307.09288
http://dx.doi.org/10.1145/3768165
http://dx.doi.org/10.48550/arXiv.2106.09685
https://www.jmir.org/2024//e54617/
http://dx.doi.org/10.2196/54617
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39292502&dopt=Abstract
http://dx.doi.org/10.1017/s1351324922000213
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(15)00139-2
http://dx.doi.org/10.1016/j.jbi.2015.06.029
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26210359&dopt=Abstract
https://formative.jmir.org/2025//e78082/
https://formative.jmir.org/2025//e78082/
http://dx.doi.org/10.2196/78082
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=41135026&dopt=Abstract
http://dx.doi.org/10.48550/arXiv.2309.10313
http://dx.doi.org/10.48550/arXiv.1904.09751
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR Al Han et d

24,

25.

26.
27.

28.

29.

30.
31.

Naous T, Ryan MJ, Ritter A, Xu W. Having beer after prayer? Measuring cultural biasin large language models. In:
Proceedings of the 62nd Annual Meeting of the Association for Computational Linguistics. Stroudsburg, PA. Association
for Computational Linguistics; 2024:16366-16393.

Cohen |G, Mello MM. HIPAA and protecting health information in the 21st century. JAMA. Jul 17, 2018;320(3):231-232.
[doi: 10.1001/jama.2018.5630] [Medline: 29800120]

Sue DW, Sue D. Counseling the Culturally Different: Theory and Practice. Hoboken, NJ. John Wiley & Sons; 1999.

Knol L, Marquand AF, Farahany N, Leow A. Al in mental health care-opportunities and risks beyond large language
models. AMA Psychiatry. May 01, 2026;83(5):437-438. [doi: 10.1001/jamapsychiatry.2026.0032] [Medline: 41811296]
Weidinger L, Méllor J, Rauh M, Griffin C, Uesato J, Huang PS, et a. Ethical and social risks of harm from language models.
arXiv. Preprint posted online on December 8, 2021. [doi: 10.48550/arXiv.2112.04359]

Guo Z, Lai A, Thygesen JH, Farrington J, Keen T, Li K. Large language models for mental health applications: systematic
review. IMIR Ment Health. Oct 18, 2024;11:e57400. [FREE Full text] [doi: 10.2196/57400] [Medline: 39423368]
OpenAl. Gpt-4 technical report. arXiv. Preprint posted online on March 15, 2023. [doi: 10.48550/arXiv.2303.08774]
Joshi P, Santy S, Budhirgja A, Bali K, Choudhury M. The state and fate of linguistic diversity and inclusion in the NLP
world. In: Proceedings of the 58th Annual Meeting of the Association for Computational Linguistics. Stroudsburg, PA.
Association for Computational Linguistics, 2020:6282-6293.

Abbreviations

BERT Score: Bidirectional Encoder Representations from Transformers
BLEU: Bilingual Evaluation Understudy

CUDA: Compute Unified Device Architecture

HIPAA: Health Insurance Portability and Accountability Act
ICC: intraclass correlation coefficient

LLM: largelanguage model

LoRA: low-rank adaptation

PEFT: parameter-efficient fine-tuning

PHQ-9: Patient Health Questionnaire-9

ROUGE: Recal-Oriented Understudy for Gisting Evaluation
SLM: small language model

TRL: transformer reinforcement learning

Edited by Z Yin; submitted 29.Jan.2026; peer-reviewed by WB Weeks, S Koltcov, J Zhou; comments to author 11.Apr.2026; revised
version received 30.Aug.2026; accepted 17.Sep.2026; published 22.0ct.2026

Please cite as:

Han J, So B, Jung W, Kim M, KimH, Shin D

Optimizing Small Local Language Modelsfor Culturally Competent Mental Health Counseling: Comparative Evaluation With GPT-40
by Psychiatrists

JMIR Al 2026;5:e€92470

URL: https://ai.jmir.org/2026/1/€92470

doi: 10.2196/92470

PMID:

©Jaewook Han, Beomgi So, Whanbo Jung, Minwoo Kim, Hoon Kim, Daun Shin. Originaly published in JMIR Al
(https://ai.jmir.org), 22.0ct.2026. This is an open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the origina work, first published in IMIR Al, is properly cited. The complete bibliographic information, a
link to the original publication on https://www.ai.jmir.org/, as well as this copyright and license information must be included.

https://ai.jmir.org/2026/1/€92470 JMIR Al 2026 | vol. 5] €92470 | p. 14

RenderX

(page number not for citation purposes)


http://dx.doi.org/10.1001/jama.2018.5630
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29800120&dopt=Abstract
http://dx.doi.org/10.1001/jamapsychiatry.2026.0032
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=41811296&dopt=Abstract
http://dx.doi.org/10.48550/arXiv.2112.04359
https://mental.jmir.org/2024//e57400/
http://dx.doi.org/10.2196/57400
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39423368&dopt=Abstract
http://dx.doi.org/10.48550/arXiv.2303.08774
https://ai.jmir.org/2026/1/e92470
http://dx.doi.org/10.2196/92470
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

