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[Abstract]

Mental health text classification based on social media is limited by the scarcity of labeled data and
the computational burden associated with full-parameter fine-tuning. To address these limitations, this
paper proposes an Enhanced LoRA-SimMatch(ELSM) model that applies LoRA to a pre-trained
language model and integrates it with SimMatch-based semi-supervised learning. Through this structure,
the issue of pseudo-label noise in semi-supervised learning is effectively refined, enabling precise
classification of mental health texts. In experimental results, while training only 1.05% of the total
parameters, ELSM achieves relative improvements of 8.04% in Accuracy and 7.84% in Macro-F1,
alongside a 36.3% reduction in ECE compared to existing baselines, demonstrating superior classification
performance and prediction reliability. As future research, we plan to evaluate the domain extensibility
of ELSM in low-resource labeled-data environments across various text processing tasks, including legal

document classification, medical text analysis, and toxic text detection.
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I. Introduction
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II. Preliminaries

1. PLM-based Mental Health Text Classification
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Fig. 1. Overview of the BERT Model Architecture
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2. Supervised learning
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3. Semi-supervised learning
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Fig. 2. Pseudo—-Labeling Flow for SNS Text Classification
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Fig. 3. FixMatch Flow for SNS Text Classification
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Fig. 4. SimMatch Flow for SNS Text Classification
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III. The Proposed Scheme

1. Proposed model
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2. Data Standardization and Augmentation (Step 1)
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Table 2. Class distribution and dataset statistics

2. Comparison of Supervised and
Semi-supervised Learning Performance
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Table 4. Full Fine-Tuning Comparison

Method Accuracy Macro-F1 ECE
Supervised 0.6855 0.6877 0.2937
Pseudo- 0.7014 0.6990 0.2832
labeling
FixMatch 0.7043 0.7113 0.2557
SimMatch 0.7259 0.7299 0.2072

Class/Category Train Test Total
Normal 929 798 1,727
Anxiety 929 798 1,727
Depression 929 798 1,727
Suicidal 929 798 1,727
Labeled 3,716 3,192 6,908
Unlabeled 34,119 - 34,119
Overall Total 37,835 3,192 41,027

Table 3. Hyperparameter Configuration

Property Value

Maximum sequence length 512

Epochs 5

steps per epoch 2000

batch size 4

Learning rate 2e-4

Random seed 42

LoRA rank 8

LoRA scale 16

LoRA dropout 0.1
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3. Performance Comparison Based on LoRA
Application

Table 5= Full fine-tuningyt LoRA &R 710j|A4 k55t
9] /d5= vl Auolty. ELSME A|=sks 25
i8] Accuracy 8.04%, Macro-F1 7.84% =9fo 0 ECE
£ 36.3% ZAsto] Aot Relo] 71 943t o5 AlgE
£ B9t %3t SimMatch-Fully}l B]ud = ELSME
Accuracy®t Macro-F1& 712F 2.03%, 1.6% I8
ECEE 9.7% Y&9itt olg|st Zit= SimMatch 7]gt
LoRA WElo] £5 453t o5 A2 s ] Pets
o aiAeds Bo&Eth

Table 5. LoRA Comparison

Method Accuracy Macro-F1 ECE
Full 0.6855 0.6877 0.2937
Supervised
Ful 0.7259 0.7299 0.2072
SimMatch ' ’ ’
LoRA 0.7133 0.7112 0.2652
Supervised
LoRA
Pseudo- 0.7246 0.7245 0.2522
labeling
LoRA
FixMatch 0.7334 0.7298 0.2099
ELSM 0.7406 0.7416 0.1871

Table 62 T XS B shdlsti 2lo] oPgyS
455171 ol Al 7H] A1 Al=g A3t vk A At
ojct. ELSME SimMatch-Full tjH] =+ Accuracy®t
Macro-F1o)|A] Z+2} 3.13%, 2.36% SFASict £38] ELSM
o] 3] Macro-Flo] 7| 299] 52 52 4alsielo

oot £3F B ECE: 19.34% 7445}
2 AolA s 294t dlE AR & 7hdE Ellstal

K
~E -
A
19
>,
[
rE
LR

Table 6. Performance stability comparison across
random seeds

Method | Seed Accuracy Macro-F1 ECE
. 41 0.7083 0.7125 0.2176
?'F”J'I\I"atd‘ 42 | 07259 0.7299 0.2072
43 0.7093 0.7169 0.2607
Mean _ 0.7145 0.7198 0.2285
+Std +0.0099 +0.0090 +0.0284
41 0.7350 0.7359 0.1805
ELSM 42 0.7406 0.7416 0.1871
43 0.7350 0.7328 0.1853
Mean _ 0.7369 0.7368 0.1843
+Std +0.0032 +0.0045 +0.0034

Table 72 Full fine-tuning tHH] ELSMe] mjzio]g
ot o5 ARE A 22 ARNS Blaeh Aafoltt. ELSM2
A mtulElo) 1.05%RE shasto] b AR 7IE o
H] 29.7% TESIIon] R 2 AI7F E3F 71E ty

L

11.36% =5ttt o] & Soll Aot w&o] st mafu]
Bl 29F £3 AIZFE SolHA £E DY) At 5842
eMgE o s,
Table 7. LoRA Parameter Comparison

Parameter Type Full fine-tuning ELSM

Total Params 335,145,988 338,701,316
Trainable Params | 335,145,988 3,559,428
Trainable Ratio 100% 1.05%

Train Time 62.19 min 43.70 min
Inference Time 9.86 ms 8.74 ms

4. Ablation Study on SimMatch Hyperparameters

Table 8& confidence thresholdES 0.952 1At
semantic similarity®} instance similarity®] Z3st 715
A ool U2 4% WS ulwEt Adolc). HY A=
A2st 2AEY 8| w3le ] ELSME Instance-only(a
=0.0) ™H] Accuracy?t Macro-Flo] 7z 1.86%,
1.51% 3= on ECE= 19.39% 7t4sto] of& Alg]
=7F JhAElQel. E3F Semantic-only(a=1.0) CTHy]
Accuracy@t Macro-F1o] ZFzk 2.92%, 2.33% SFAYE]Q)
oo} ECEe 553t #8845 RAI5H3T. ol semantic
similarityS £A10 2 2H835IHA] instance-level AH S
BAROZ WS ol B QAE B O] BR
Wt o5 Alzle ol auHele wolz

Table 8. Effect of Semantic-Instance Weight o

o Accuracy Macro-F1 ECE

0.0 0.7271 0.7306 0.2321
0.1 0.7259 0.7305 0.2222
0.3 0.7221 0.7232 0.2389
0.7 0.7265 0.7258 0.2310
0.9

(ELSM) 0.7406 0.7416 0.1871
1.0 0.7196 0.7247 0.1844

Table 9= o= 0.92 145k QA 29 confidence
thresholdo] T2 A% W3S H| w3t ZAuto|t}. threshold
0.950|A] Accuracy 0.7406x} Macro-F1 0.74160.2 74+
Lo BE A5 B ol 0957 2 AN 71
Ast AAo]n thresholdE 0.997}X] =o]H ECE7}

22 H
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023012 £7kstol ALpAIA Q4% oAt aha A
Nele Ewoi BajshA] AMRere alstoirt

Table 9. Ablation Study on Confidence Threshold

Confidence

Threshold Accuracy Macro-F1 ECE
0.00 0.7133 0.7155 0.1825
0.70 0.7253 0.7240 0.1961
0.80 0.7287 0.7292 0.1422
0.90 0.7190 0.7223 0.1707
0.95 (ELSM) 0.7406 0.7416 0.1871
0.99 0.7372 0.7392 0.2301

5. Class-wise and Feature Space Analysis

Table 10& Supervised-Fulldt ELSM9] Z
Fl-scoreS 8|3t ZAyto]ct AR 0 Z Normal, Anxiety,
Depression Ze2§A9] Fl-score?t 242k 7.74%, 6.95%,
4.57% e it} E5] 2 HLo] sBAl E}IQ1 Suicidal
S A= Fl-scoreZt 7]1& 0.62710]A 0.70292 12.09%
7}7(01— 2 xZoz /\}Aa]»oﬂq o)== ELSMO] E?ﬂ A0

PIEA] L AR £/ 52 7SS B

Al

Table 10. Class-wise F1-score

2702 UMAP AlZste] 2 ajAg uetel] 9
8 Table 119} o] Aabs 24 Bel= Wots 230519
T} ELSM-E Supervised-Full tj8] Silhouetteo] 63.58%
SEAE]911 Davies-Bouldin®  27.55%  7hAsHaCT
Calinski-Harabasz+= 112.66%, Centroid Inter/Intra=
55.67% TSIt o5 &5l ELSMo| A|wshs 7|9t
Full fine-tuning 2.t} ZefA 59] 37“59} A 7t
Bajort MUt o g At 1E 1AES FASHS S gHo)
sheirt.

Table 11. Quantitative clustering evaluation in feature
space

Metric Supervised-Full ELSM
Silhouette 0.1535 0.2511
Davies-Bouldin 2.0370 1.4758
Calinski-Harabasz 720.94 1533.09
Centroid Inter/Intra 1.4741 2.2947

Supervised-

Category Eull 1 ELSM F1
Anxiety 0.7588 0.8115
Depression 0.5860 0.6128
Normal 0.7790 0.8393
Suicidal 0.6271 0.7029
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Fig. 7. UMAP Feature Visualization
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V. Conclusions
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