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Abstract

Depression and mental health problems have increasingly become critical issues that significantly
affect the quality of life, particularly among adolescents and working-age populations. Many individuals
often express their emotions and symptoms through social media platforms, which can serve as valuable
sources of data for computational analysis. This study aims to compare the performance of two topic
modeling algorithms, Latent Dirichlet Allocation (LDA) and BERTopic, using a dataset of 6,397
depression-related posts collected from Reddit. The evaluation employed three metrics: Purity
Score, Entropy Score, and Rand Index (RI). The results demonstrate that BERTopic outperformed LDA,
achieving a higher Purity Score (39.06%), lower Entropy (1.93%), and higher Rl (66.84%) compared to
LDA’s 34.38%, 2.11%, and 65.47%, respectively. These findings indicate BERTopic’s superior capability
in producing co-herent and accurate topic clusters that align more closely with the ground truth.
Nevertheless, this study is limited by the use of only 10% of the total dataset for testing, which may
affect the comprehensiveness of the evaluation. Therefore, future studies should increase the size of
the test set and incorporate Thai-language contexts to broaden the scope of practical applications in

mental health research.
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foyaatalddnin eeslsfiniuainmsned 5 (Gemini
w1 LDA wag BERTopic 19 Purity winiudi 0.7422
wanadtuunensal LDA anunsadnnguindelas lne

v
o

RNNZLERUBAMUL AT TR

A197199% 1 MsUNUSEINNVRlSATULAS LA Al 910

NaaNSYadluAa LDA

(Postpartum Depression;
PPD )

yade | Ussnvvedlsaduiadn AfiiAeatias
(Types) | (Types of Depression (Related Terms)
Disorders)

0 | nmeBuaiuuAnun@ | friend, know, year, go, tell,
(Atypical depression) | get, talk, school, try, time

1 TsnBuAiseausuuse | depress, help, know,
(Major Depressive need, people, time,
Disorder; MDD) think, tell, thing, try

2 TsatuadFesa work, job, get, go, year,
(Persistent Depressive | time, life, anxiety, start,
Disorder; PDD) home

3 |Tspensuniansin vi%e | suicide, tired, way, hurt,
Tsalulnans (Bipolar love, time, think, die,
Disorder) kill, hope

q Ansfueiwvaseasn | Life, fuck, live, people,

care, know, anymore,

hate, kill, thing

A19719% 2 MsIUNUSEINNVRILSATULAS LA Al 910

HadwsvesluLAa BERTopic

Uszinnuaslsaduadi

(Postpartum
Depression; PPD )

e (Types of Depression ANEYeT
(Types) (Related Terms)
Disorders)
0 AMETUATIUURAUNG | friends, therapy, taking,
(Atypical depression) | suicide,ago, suicidal, started,
having, medication, worse
1| lsABAi1seAusunse | thinking, reason, birthday,
(Major Depressive happy, say, tried, thing,
Disorder; MDD) things, hope, good
2 Iiﬂ‘ﬁmﬂ%’%%a%’ﬂ trying, bad, shit, try,
(Persistent Depressive | point, home, thing,
Disorder; PDD) depressed, end, live
3 Isﬂmsmﬁaaqsz“jy'a 0] say, sad, depressed,
Tsalulwans (Bipolar having, makes, hope,
Disorder) years, hard, bad, reason
4 | nmgduadvaenaen | better, thought, tried,

happy, relationship,
school, live, away, good,
right, best
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A19719% 3 wan1siUSeuigusenindlainga LDA wag

BERTopic 2e3nadnsilian Deepseek

Tuna Purity Entropy
RI Score
(Model) Score Score
LDA 0.4062 1.9602 0.6479
BERTopic 0.4219 1.7918 0.6572

A15719% 4 wan1siUSeuisusenindlaing LDA wag

BERTopic vaskadnsléann ChatGPT

Tana Purity Entropy
RI Score
(Model) Score Score
LDA 0.2891 2.1842 0.6512
BERTopic 0.4219 1.9397 0.6766

A15199 5 nan1silSeufiguseuningluma LDA way

BERTopic U8uadnsflaain Gemini

Tawaa Purity Entropy
RI Score
(Model) Score Score
LDA 0.7422 1.1925 0.4628
BERTopic 0.7422 1.1412 0.4592

A5719% 6 Nan1siUSeUsUTENINalaLna LDA wag

BERTopic
g Purity Entropy
RI Score
(Model) Score Score
LDA 0.3438 2.1115 0.6547
BERTopic 0.3906 1.9325 0.6684

2) Entropy Score

BERTopic ffin Entropy #n31 (1.9325 wieuiu
2.1115) Fauvaiwadnsves BERTopic fmnudu
onnmvasiadogindt uarfinnusdoutiesnds
A1 Entropy 184 LDA genin wansinilomiidands
fnviudauiu wazdanunainrarsnielunguuin
Auly

3) Rand Index (RI)

BERTopic {1 Rl gendnantos (0.6684 vs 0.6547)
ayviouinNsianguiinnuaenndediuteyadzainn i
LDA wiazlaisheruann lusadwsues Gemini (5737 5)
wuT LDATH R geniniintios Bauaniiluunanumsal
LDA fanunsaduganuduiusvesdeniudungulaa

3.3 8AUEUNA

nan1snaaosLansliiiuin BERTopic i
Usgansnmlaesaugendi LDA lumsdwuniideves
Fomnuilierestunmedned saluguauuiue
(Purity) Audalauvesiide (Entropy #1ndn) wae
Anuaenndasiudeyatss (R gandn) avaudni
BERTopic auldfninunainauainsaveslung
7i59lA59a%19uuU Transformer-based Embedding
Faannsadnuanumnedauiunvesdoainldosns
an%s Tuvaedl LDA finnsanfiesadnnuivesd (Bag-
of-Words) ¥ilwdilunsdgnszyindudiddey w
arlillfaziouninismadnlaiiuviase eegndlsfiniu LDA
Sefitofiunsusenis lnsamelunsdideruiidnuae
nadlunssuasdiFags wu Fonnufiasiounuddn
%1 9 0814 sad, tired Wae hopeless dslunsaliaui LDA
ausadangulaegneivssansainuazliien Purity
Tn&ifiesiiu BERTopic éiduify nadniidaenndosiu
AN [31-7] finuih BERTopic g fudoniny
lidulassadrouasdy (9u Inaduuludeailife)
uzdl LDA Ssnsiuselomfludoyaiifinnadwasdiunn
viedeansmsinnuideadn sefesfnvesenisei

v Ao o A

faldedrinndrdne nslddeyanaasuiiivs 10%

v

vosyntoyaviovnn Fsenavinlvinisussidiuuszansam
vodlunadilinsouaguifivsne uenaininisimun
Uoyad3e lagedy Al 3 ¢ (ChatGPT, DeepSeek,
Gemini) wizYisanonfveuyudiUssiiiu uiding
Wunuwmadmeassitenadesdinisnsivaouiiuiy

lnedliednyauguamAniiieguduninugnaes
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wadnsfildannnsduunindedeninuifadiy
nzduaiiansaunluuszendldlunisl jUala
VAEAIU WU NSIASEUULEISETa (Surveillance
System) iteldAnmuuuiliuvedlsaduaisiudoya
Tudedsnuseulall msatiuayuiiBongymugunmin
Tumsdnnsosisianuidssgs nasnaunstiiugiu
PoyadmIuiaun Chatbot viverYleiaileu (Virtual
Assistant) tielsimuuziidosiusuauninin uenann
dauidelueuianaisyafinumuuazaumain
vanguesydeya Tmfedeyannwineiiionageu
anuanansoveslimalunateuiun Snvierafiansan
inlutealul 9 Wy Top2Vec w3 CombinedTM
umaaesUToufioufiuify saufaniswaunis
Hybrid Ground Truth FnaunaunIUsTEILaN Al uae
fidy Weriuanuindofiovomadns uonand

U

o a

§39A25R15801A518 Dynamic Topic Modeling e
Tasziwwildunisidsuntasesonisduaily
e (Temporal Analysis) levianudhlanainves
amgFuaildosansounquity

1
av v

dawSsudisunanisnaaedduauideiiva
Wedu q nuhfunliufiqenadostudetudnenm
Yo4lunanuu Embedding-based ag13tatau 017
TunN159ANquTaANUAUEUNINIR Ma wazane [10]
Igszidiu BERTopic kg LDA fmedeyan1an1sunngann
PubMed Ing3in15918:911431 BERTopic au15auenite
Iianzia1z99 wazfnuladaiaundt LDA Tnaaniz
Soysanmssmfuivlimaniwuunalg (LLMs) tite
rwsnsviunsagUuazuiulassadheiade sildmut
M3l Embedding Fasaneudeurivuesidouaziiiu
AMNNTBINSAAUTIRGTIN T1auYed Qasim wawAnse
[11] FeUszifiumnuguussesneduaiandenin
vudedsauseulatmuintunailddunuanunine
\WaUIUy (Context-based/Embedding-based) @u156
Fudyrnnsensuniuardnuaeniviiiazidengeu
IiniTunadsadnuuunaiu nadwsienantividiui

wmalafdenisunudoyaiBaninumung (semantic
representation) ningdmSuN1sUTEINaNATRYA
guamdniiliidulassaanazivdsuutasuuiun
Wy Temnunnglivuuwnanesuledea
Tuvihuesfeafuiunures Salmi uavaug [3]
wanglLfiudn Embedding-based Topic Modeling
ansadanguiennulasgadiussdnsam lnganiz
TuuFunvesunauyguamaniilassaman oy
Wasuwasmuudunnsaunun dealiidediaang
aenAdeIfuAUMINEBIARTnLaz A iouAN YL
9113 bE1auIUEN
anvheranisnaaeslunuideifuandliiuiy
BERTopic Toirn Purity Qﬂﬂ’h #A1 Entropy NI wae
A1 Rl 83031 LDA 39iAuaennnediUuNan1snnaeves
AT Sesaduayuinlinaids Embedding
fufuinedinanfifitugs Wy UMAP upg HDBSCAN
fdnenmlunmsianisteyafilidulnsaiuazdudou
wu deaunnlyd@eaivielafninlunadeaiifegig
Tifudndy vauedl LDA Ssnaifeddalunisfianuuium
LLaxmmwmsﬁLLma&ﬂuﬁammﬂizmmﬁ

4. d3UNan1InAasg

nuan1snaaetainsaauledn luea BERTopic
finuanunsawmiiondt LDA TuuSunvesyndoyail
Tnefiananuwdudiasninantesludiu Purity Score
wag Rand Index (RI) &aazvioufisnnnuaiunsatuns
Innquilaenndesiudoyadzalannit vaugiReaiy
BERTopic £4ilA1 Entropy Score $nN31 FILaAIDg
ANNTAUYBINgUTIAnI1 LDA agalsAnunisiden
Tdausgnintlunaniaasnasiansanainingusvasd
YDINTNATIN Uazdnuazvesyntas nFBanIsiiu
AU TATIVTUN UaZAIUNAINNAIBTVDINTY

. < a PN ' | o

BERTopic stlumadeniimunzaundl wannfenis
HAdWSNRANY wavillassaiadeadnndnay LDA
v & - v
fanadulumainoulandlad

Ay WevSysal uazanly, “nsiSeuliiey BERTopic Uas LDA dmwsumstmuniiaten s duaslutena1uain Reddit.”



MIFANFIVINTNTLAVUNAMTEUATIVLD U 36 aUUN 2 13.8.-3.8. 2569

11

The Journal of KMUTNB., Vol. 36, No. 2, Apr.-Jun. 2026

LBNAN591999

[1]

World Health Organization. (2022). Mental
Disorders. [Online]. Available: https://www.
who.int/news-room/fact-sheets/detail/mental-
disorders.

World Health Organization. (2022). Mental
Health and COVID-19: Early Evidence of the
Pandemic's Impact: Scientific Brief. [Online].
Available: https://www.who.int/publications/i/
item/WHO-2019-nCoV-Sci_Brief-Mental _
health-2022.1.

S. Salmi, R. v. d. Mei, S. Mérelle, and S. Bhulai,
“Topic modeling for conversations for mental
health helplines with utterance embedding,”
Journal of Computational Social Science,
vol. 13,2024, doi: 10.1016/j.teler.2024.100126.
A. Krishnan and P. Kennedyraj, “Exploring the
power of topic modeling technigues in analyzing
customer reviews: A comparative analysis,”
arXiv, 2023, doi: 10.48550/arXiv.2308.11520.
R. Eggerand J. Yu, “A topic modeling comparison
between LDA, NMF, Top2Vec, and BERTopic to
demystify Twitter posts,” Frontiers in Sociology,
vol. 7, 2022, doi: 10.3389/fs0c.2022.886498.
A. Rkia, A. Fatima-Azzahrae, A. Mehdi, and
L. Lily, “NLP and topic modeling with LDA,
LSA, and NMF for monitoring psychosocial

well-being in monthly surveys,” Procedia
Computer Science, vol. 251, pp. 398-405, 2024,
doi: 10.1016/j.procs.2024.11.126.

A.Khan and R. Ali, “Measuring the effectiveness
of LDA-based clustering for social media data,”
2022, doi: 10.37394/232025.2022.4.11.

M. Grootendorst, “BERTopic: Neural topic
modeling with a class-based TF-IDF procedure,”
arXiv, 2022, doi: 10.48550/arXiv.2203.05794.
D. Sik, R. Németh, and E. Katona, “Topic
modelling online depression forums: Beyond
narratives of self-objectification and self-blaming,”
Journal of Affective Disorders Reports, vol. 32,
no. 2, pp. 386-395, 2021, doi: 10.1080/
09638237.2021.1979493.

L. Ma, R. Chen, W. Ge, P. Rogers, B. Lyn-Cook,
H. Hong, W. Tong, N. Wu, and W. Zou, “Al-powered
topic modeling: Comparing LDA and BERTopic
in analyzing opioid-related cardiovascular
risks in women,” Experimental Biology and
Medicine, vol. 250, 2025, doi: 10.3389/ebm.
2025.10389.

A. Qasim, G. Mehak, N. Hussain, A. Gelbukh, and
G. Sidorov, “Detection of depression severity
in social media text using transformer-based
models,” Information, vol. 16, no. 2, 2025,
doi: 10.3390/info16020114.

siAs WeavSysal uasaaly, “n1siSeuliiey BERTopic uas LDA dmsumsvuuniiiteneduailudenatuein Reddit.”



