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Topic modeling enables the rapid discovery of latent thematic
structures within large amounts of unstructured textual data. Although
many new techniques have been developed, the stability of topic

modeling remains one of the noteworthy concerns. This study focuses
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on Latent Dirichlet Allocation (LDA) topic modeling and proposes
a two-stage ensemble learning approach to improve the stability of
topic modeling. The first stage of this method involves selecting
stable and meaningful topics from multiple basic models, while the
second stage utilizes the word occurrence information of these selected
topics to guide the creation of improved models with higher stability.
This research was tested on two different corpora, and the results
demonstrate that the proposed improvement method can consistently
improve the stability of models. Furthermore, in order to save overall
modeling time, this study suggests sampling only a subset of the textual
data from the corpora when building each basic model, as experimental
results indicate that a small proportion of textual data can also yield

satisfactory stability scores.
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T (topic modeling ) /& —fHIEEEZ (unsupervised ) HYSIA
#7774 (Chauhan & Shah, 2022) - iETHJTAEEEERHE (corpus) A
HISCAR LUK, P 22 GRRE 2 fiA —4H RSy 8 S - 8 & £/ (topics)
B B —4H (7 L EE R AR BHAVEERE AT AR » 3 XA K% HEab
BT - FREEENEF SR AERER - RESCK EHERAVEERE
RE > FIHSEEE A S B T EAYSEEEAE DA R & SOR ErY T+
RERR ST LB SR 2 - R AR SR T 2 T R B A 251 -

AT DURRTE K EIEGERE M SR B RIS IR E At S0y R4S
1% BASNEEHEHE 2 T EEEEERIR - BEREE AN BT
sRHENFTA AN EE - SR FRERBE - BRI EREE A
FEE R EATBHY SCAR R o BIANAY R ZE 28 40 FE F AR SRR I 2 T &
fEEAS (Elgesem, Steskal, & Diakopoulos, 2015; Jacobi, van Atteveldt, &
Welbers, 2016 ) FafimiyAdagll - S0 BHET RS EE (Kim &
Oh, 2011) - pHEEHGIRAIA T 4EEs e am F BT E mak s B ThRERY
FHEELRE (Tirunillai & Tellis, 2014 ) > DL S5 PR B8 82 S R 482 SR,

=1
REZRNSBEIEREEEL
TR S TRER Nl Ry N SEIRR
FE Sy fiR EEREERS| Deerwester, Dumais, Furnas,
(latent semantic index, Landauer, & Harshman
LSI) (1990)
FEE R i Lee & Seung (1999)

( non-negative matrix
factorization, NMF )

GeatHEsm HARAVBEEREEERS] Hofmann (1999)
( probabilistic latent
semantic index, PLSI )

Ve IR R 5E B 4y i Blei, Ng, & Jordan (2003)

(latent Dirichlet
allocation, LDA )
L TR (neural ProdLDA Srivastava & Sutton (2017)
topic modeling, NTM )  Top2Vec Angelov (2020)
BERTopic Grootendorst (2022 )
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I BRHME (psychological thematic features ) SiERa HBLHE: 7 HIHIRA (%
( Toubia, Iyengar, Bunnell, & Lemaire, 2019) - DIEANAVIFZET= & f32
B~ SR BB S (2021) (EFILDASr L2 EAREE A ZE
[ B B E B Ay R [A1 5 > R[0S prR sy -8 WA T
Sy ERE Y (G AR B R [ ST AR RETE T R RS
BAly ~ "W REEEZEE ) KB F IS P AR ESEE -
BBl ZIEE (2023) AEEZERIEVIHETHEM %% (bulletin
board system, BBS) FARICOVID-19fY3 7 Bi[a] 37 » FM]FHLDAEBI4E4E
Iy M T EGREN A8 R B Em AR 2R - DARA fige B R A s SR R DA R S P Y e
o TR~ B ~ =R - MIRFHELISA A (2018) DILDATEM R
NERFERHEEHN EEER  SEEPBSEEN - I AB SR
[m] &% (fuzzy support vector machine ) THAIR(EHYIREEES o BIEM
SR - EEE - S AEBOMEA (2023) {#HLDAS TR BATEEIRA
¥t~ ZETER MRS BT ERASTELER - EARES
B TR RAS ST -

NMAEEFRAVEA L > BrRTLSIZ4h » LDABLE A 3= R ASE B AHT
HEEME (stability) YRIRE ( Abdelrazek, Eid, Gawish, Medhat, & Hassan,
2023) > WELEEMAMEENSEECE > W HEHEEREEEETS
KEHENELT » BTIEEIVEER RN —8 - et TR ERE
TERVEE SRR E B By EAMIE A T FEi% M SEE (stochastic strategies ) fi¢
SERHEE A A 28 (Maier et al., 2018) o DILDA FREEM S5 » LDA
TR ARE —fEE R E N SR TR SR B S S
F—ESC M B R EE BT DA S A e R R AY RGBSR A - IR
SERHEEHE AV H B LDA T A S s — (EEEAVE (an intractable
problem )  EF{E FLDA I BE AR filt 28 s 1 RS B Ry— (8 & e F 8
{8 > MA S5 HESm (variational inference ) (Blei et al., 2003 ) fIFE A
it (Gibbs sampling) ( Griffiths & Steyvers, 2004 ) ZE& =T HEsm E B A
o AR 83T D f# ( Yang, Pan, Lu, Topkara, & Song, 2016 ) - {HA &
TEEIT4E T HEEm A IBAE T TR FPEIfE T (random seed ) FEAGX
EEYIEIIE 7310 (Lancichinetti et al., 2015) DUk B HE (LB FEAVIE
HIZ:8 (Koltcov, Nikolenko, Koltsova, Filippov, & Bodrunova, 2016 ) - f[J
fEEAE A0y RS B 3G B st ¥HAE FEREERE - R EREEE e
TR T RIS BN B0 53l e % (local optima) | > ZEEAR
BEMEE (Yangetal,2016) -
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WREAN FEESEE AR ENR S XANE S ITEERNEE
1755 5%¢ (Ballester & Penner, 2022; Maier et al., 2018 ) - £l 3 fEzE
A RN AR RS - &R AR EEN TR RN —E &
B HEHERMREARSAEL (Yang et al,, 2016) - FTF—LEHITE
BraGE TR TR AR E MR - RS TR R RES AR
REN SRR SE L - BEATEULDA T EEE A S
{H G2 B NMFAFE EE#ETI2Z (Belford, Mac Namee, & Greene,
2018) o HLEJASHERE TRAEBUEEE - AR % T DUE
NN EFEFRAEEE - HATE RiY A EERE S A e iE s
RIS HER 75 AR B BN TS e 0y - RE WO - BRI - FiE (e siietEE
HYRAEESEEE (term clustering ) Eafl » 1Efy LA WA E N B2 H
s, 5| EEE T B HEER (Koltcov et al., 2016; Lancichinetti et al.,
2015; Maier et al., 2018) - {HX B¥5EgEETHRE » SEGE R A0 FF
EREE—EEE - E—RISER T FREES A EEEE A U IR
AEEE EER - BEDMEENSEEE - HE—EREEEETL S
&l FREAA > FHEREE L (clustering algorithm ) VAR E T8

( Chuang et al., 2015; Mantyla, Claes, & Farooq, 2018 ) - ZA1ffj 72 fE %
H BRHEESURN AR EEB - iR B S i A B (B
o R TR RE RIS YT - AR E SRR S ETRVERL - 2
P LDA T Y R P B R AR E M 0 » RS B R s
HE—J77EB A T - 3 H A a am bt — D7 A B A HoAth T R A T AR
FitE  BEAh > AR IR A EHEREE IS » FEILESR
LDA T BB L E H AT R « BT kit —iE - R ERAE
55— B BB HH BE AR R Y B0 o SO HE T o [RIE - ST
(EFe T HE T E B o

DU SEINASELE © T SURERST ) Aeishm AN TGS E
PERVIASE DL R S FEAE T 0E o T PSR R R R S B E I E R
i ) SREAARWFC TR H R p B X R R R s A B LR © B T B
AR Y T A A IMGELDA X B EME - AT 7 —
Rl Ess - THTTTEfR EAE R | BRI S e E R A AYEERHE
BFEETEBAER o BN T 4w ) ARV IR H AR 2 BT DA
LERRRY T A -
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Rl SORKRSY

ASETE S R R I AR SCFT (8 AV SEEA TR » Ky 7 B R
FEEMERSCE RN - R RS NE LEEIEAVRRE T - NIELRE R AGK
et I ERE AR E M E AR RHBANT I - SRy w8 KT e K
M EREERRE M SE A -

— \ AFWNMEAIMITEEERRT IR
BB CIY LA DI SCAEE + B, s s Wy s Wyy)

FoREAEIAER  Hw, B85 8 E A EnfEGERE - N AR
EXARERE » R RE A LAVEEERE - b > sERENGHEEE
(vocabulary size) FyV > ttEsBRHE A& Vs -
HEFTLDA - REEEMENY W50 & o] DUMECE s R EA KAE £/ - I
BB R SR BEER EHRH S HESE - —H 2R ESCRR
AR EEI0 PR AR 0 = [0, 60,...0,...0,]7 > 0 Z—(EKLEAEE - 0,
REFFE EREEEESOR ERVAER RS « SH—HSBR A EERE K
{EAREREE » ¢ = [0, &, ... 0, ... 017> (O AVHEEZV » ForaiiEHE
HRARREEAT S A(E 2R E IR o (Rl LR LAY AT S LR AR
RN R RETE 2 Ry ia (I 12 R TR iEE (topic descriptor) o fELDA T
RE R T AR i 0 Bl 2857 A2 FHEE 28 (hyperparameters )
FyofIBEY P 7 B 5347 ( Dirichlet distribution ) #itHHYZSIH AR « FEAEE
e LB SOARES - DAEEn{@aEEw, Fefdl] > & 20 B 25TE 57460 FhEUE
BB £z, o F R RERIEREERE AR, B A nIRERYEREw,, o
LDA F 3 5 2 &8 sB ek SO B B AV Rl B R B DA R 4 E Y
T REE H o1 B E S EHEE T BN 2 80 o LUK SHEE R TS E
1Tz o RSB E SR RIE - FrLlE RTRE I & A0 e
( Griffiths & Steyvers, 2004 ) S/E5 57 HEET (Blei et al., 2003 ) K5
figg o AT AR oRER - B S DAREIRHY )7 =5 EsE Rl E R o —{E S0k
SEFERERY L - I HEERVE 2 8o - {HETH0F1¢ - ZABET0FI0HY
{f&f445317 (conditional distributions ) EE¥ri5E & —(EEREN T/ > 1R1E
FERBATEER T BHRAGETOM¢ - —EEE IS EEE ERE U 1L -
NG RAEITLDA TS - 2 —METHEE R R EIAIRE AR T - BT DA
FRAEEEE—FGRERIE E N EREEREE o SHMNEFHR SR LHYE
BRI rARTE E TR o (EET OB EN A S 8E - 2 —(EREE A
12 (Maier et al., 2018) - K[t » F—RAVEBHEEH VSRR g A E
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RERERYZZEE o MRIZLL Eadam - mT DU IRAS B M 2 E FHLD A ERE A2 5L
ARG R R A EE T -

— TEERREBEMRS08REHR

T8 T RSV E MR - 8 S B E R B RHE G B D[
SEET SR IEES > EASETEER > NEILRE—HER > &
HEMZ B —2E 7% (agreement score) -

HH IR IO AT 5 2 R Fp BN SN R AT gE S8 = AH[E - fE
HIA F4R5T Rkt T /B v 5E AR AIB E[E 4R oEhny TRAMZR A - HE
Stk iy 55— FEEAA L - REEAEAGEHEAL 7 R —2ME > de WaalBid
Barnard (2008) -~ Greene * O’CallaghanECunningham (2014) -~ Yang®
A (2016) KBelford5E A (2018) @A H & FFEEE (Hungarian
algorithm ) (Kuhn, 1955) #f7FHEET (topic alignment ) - % H /i {E
A FARDF EAV R RO B4 & - F ERE¥T 2 1% > de Waal#dBarnard

(2008) FIHSC A ERYEBEHEBERG] (HEEe,) - PhE i {E A 2
TERTAE X4 ERVMHRBAYE - AR R SRR —BUER R/ » Yang®s
A (2016) HE—E M58 AR R EEEER - SoE F o
S aE FTHE & B R By % R B sE A N AH B EE BT £ 5 AARAE
TR % > PR (EE A S A B EE A A E Y ER B - GreeneE A

(2014) K BelfordsE A (2018 ) 5 3= RERAUAE UM RIIE 38 F 12 REFH 2055

(1F F 8 EH R R RAY AT (EEEEE ) 2 Y Jaccard 778 - #E1T &
T 2 1% 0 R {EREE Y 2 FE Y — B e FE O 3 12 RE R 105 2 Jaccard 73 8
HE39(E -

WA R 75 T RS AR 0T — U4 5T 7504 - Ballesterfi
Penner (2022 ) FJ A3 b Ay 3= REAH Al B BIHI & 5B RHEE Hh (£ o] — %3
2 BRI - 2B E AT A A FTHIS AR CUME AV EE 2 (standard
deviation ) » FFEEZEAYE AR A R RGZ B SCAFEA R A AR UM E T
HEERMEAERK o Bl DA S DI 2= 2 P EE B
RIS E MG EHE - Maier®E A (2018) SHI & (Ffo]— % 3 B > R EERE
EHER AR AY BRL B AR 280, THYLE BIE R — B A 5T 73 8L Belford% A

(2018) BT Hijt DL R EPET Ay (EHC ¥ F R LRE 2 Jaccard 73 839 {H
ZAh o B EA R — B S A - TR DARTA 1A - RE R A
SBEEFRIEMANRTRRE . FIFHMERELRSEEZ (set difference )
TEREMZ ENZER - WRMEFEESHEERAR » EEHEAZ R
Ko WEhR— B8R o SRR IARE R R F R S
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TR (ELE R SRR B/ ) 7R S EERF (document
clustering ) HY45ESE > FIFH ELECEERF&E AR DU AV IE R B2 B & &
(normalized mutual information) ( Strehl & Ghosh, 2002 ) {E & I REfERY
Z R 8 -

TR DL_ E0YE R - AR [ BRI T TR, B T A
1Y E R E | ERRERCE o i LS ER H SAERE E M E AR
M R7R2 o (HEE FIERT AR E T Name Ay 7 A # T DLgs
I EEENIEE R EBRENME - R SCEIIRE% -

1E TR SR 7 i — 2 57 & > GreeneZE A (2014) K
BelfordZE A (2018 ) & TR % TR 2 MV E R EE A
BHEENTTE  RIEAWFREEE — 57k o (HEHPFIHJaccard 53 8 -
’E bR RE R R T RN RS T e (AR &E AR s E R -
IRMAERERER - E2ARETEE T - RIS ERE E WA 5y ST
JE o RIEAHZE R HERTZNIE (cosine measure ) 515 FREAR UM -

= TEREREM S8R R

FEHR > e N EEERALEAENLE LA (heuristics) {Ef
REE AR TR AR ENE - N SRR T /A K S (F R 14 SR
RHEEMEAIN S8 > BEHRREBERERETEESEABENEER
> PRI R R E VISR S OB SRS A 5 — e FREE TR
MEEGEE T ARG R ET 2 e A\ BRI S RS R E T
A AT AR 2 B A SRR [E] o (HA e A S R E D
B > RIS A 8 B HUAE 25 TR 45 R rhi A8 8 1Y - RE Bl A
SREER IS T REE S E R H Y -

1 i S i A S Bl 7 A B E M S SRS & o > Agrawal ~ Fu

rR2
FREEEREWNESEZZ 2
—EE A @Fﬁi{f{ﬁé’\gei%iéﬂfﬂ‘ztt@ﬂ @E}%Iﬁgé’\ﬁﬂ%ﬁfﬁﬁ

Par! 2 ()
AT FEEE de Waal & Barnard Greene et al. (2014)
(2008) ; Yang et al. Belford etal. (2018)
(2016)
REFefT L REETS  Belfordetal. (2018) ; Belford etal. (2018) ;
Ballester & Penner Maier etal. (2018)
(2022)
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BiAgrawal (2018) HRFLDA T Y 4 st kBT 704 S DUFI FH B R
Bk (genetic algorithm ) Y=y H(LEEE (differential evolution
algorithm ) » TIREXEMERIAE S - BIEK ~ ON05E » BEIIR [E2E
AEHJLDA FREMAY Y F A UM - Lancichinetti®: A (2015) K Maier
FA (2018) HURSAERMRIE FEFERAIRES - TR H —4HEEERN
SAREFTIERG - Bt EE AR AR SR R [E] (R o PRIE TR m] DATESE
MRS EBAR SR AT L E MR B R - 2RI HETT
TR THES SR B A R EAV I B A (2o ) BF - I 3E[E
HIRAYEE GERFAH - DAR{EAVAE 4 (B 2 oo A B AR e Y RN R E 1 [
Bk F gal s S [F] B AV & SRR s T R Rg E M » {EKoltcoviE A
(2016 ) Y7772 RIlEi 3 (5] HIR A sE sE AR A 28 R fE Ik £ RERYAEAR
B EHRSOR FAVEEEE RN R TS E TR - (T OB RV 28
B > AME QST E RSO FAVEEREE E T - W [E I S S (e e P
JE B AH By oAt AR BRI A1 E - RE DU R AT A TR B MR BT S DR A B AR KB
(local maximum ) - YangSE A (2016) 38R 7E#Ef 726X LA A #FE
B BN R (U RAREEFIR /8 ) TEZ AR RESE
EMEIEER o LR R [E— TN —4H30F > FEHEE 1%
2R a] DI R R AR [EIRY 578 » 3 B AR — R R N (B BT S - 4
RESHERF A [EHY F AR o R MM A B S 2 IR BRI Ry
TR E MR A A T R EAZ - FE DR DAY B R 1% (5] — SO A
RARNETZENABEBE o EEFMG SR SRRy T B4 R F
(0) B » RS R B R B FREAY SRR T REAH R ER I R B 58 AYER 7
3 H DR R FAth 5 RE H B35 Se 3 (72 B i K S 2 REEH R ER IR
R EEHE Sy © IEERSEE 0 Lancichinetti® A (2015) ~ Maier® A
(2018) ~ KoltcovZE A (2016) eYang®s A (2016 ) HYFEEEETRE M
I A ] DLEE R A SR E B R B ST S [ B R (guided
topic modeling ) (Jagarlamudi, Daumé, & Udupa, 2012 ) Tfj#ERK °
H LT A\ BB ELEIAE 5] —aEieHE B [F] S 80N 1T LR AT
ZRYEANELN FEAFSHEEHUEZMHEN T E - #5008 T E
FIREE oy SRR E £ RE ~ R KB/ H & - BB E A R A OF
(Chen et al., 2020; Chuang et al., 2015; Mantyla et al., 2018 ) - Chen= A
(2020) T DGR B LR 2 X T REEHEE R - kg T RREsR
U5, (an ensemble of topic models) - F&HZ(ERAIAY T AP K
HyZzf R g FRE RV ER[E - RS - AR FAEMEY EEEZE
R PR SEAT > NAELRY AR 67 bhad i o 58— B 2 (B ik
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FEATHY ERERE A E RN EIAYBEAY EREERE > E A gE K E [E—{E R
TR (archetype topic) o HAMAEZZR FHCE 7 &R &I HY /D8 3 E 7]
RE R R FLE AN SER M EA N/ DEIEA EAYETHEEY) (computational
artifacts) - tpt/E T RS EE PEAE AR - NEEIEFELER
TR > ChenfE A (2020 ) 305y ia Lo B H A I REAH 25 H 80T LA DL
W& o BRIL - FTDARI A I —3R5e - 1F R 2 RS E MR CGE SRS (ol
Rieger » RahnenfiihrerEiJentsch (2020 ) {252 aEfE 4k B dh 5 By — (@ F1EL
i Y % —ECHY RO LDARERY o fif & Se @ 1r 2 (ELDA TR A - 28
TR WA (SR > R 187 bt = REAE(DLAVAR TS » B — SR > iy —2
M RIBE— BRI RS R - ZEHFULLDABE - R E (E R AR Ry
BN T EE R - Chuang®E A (2015) KMantyla%: A (2018)
HINE B A8 O BR AT 20 O A AR (DUEAE B Y 2R - o3 Bl AT A
s g EEEE (agglomerative hierarchical clustering, AHC ) FIK-t[0 B
(K-medoids ) J8 FZERFA [FEE A N AR DAY FRES SR HEAK - REEERF R 3
LW R AR AR R i iR e 0y EREEERT - e AT R
o BRI S E S LDA T AT FT AR [E 0 BelfordSE A (2018)
HIBHZERIE DAINMF R R iR e M S - f2 R INMEF 7% -
Belford%: A (2018) Sifahfctea #1726 ANMF T2 R » i 2 25 Haa)aE
T REFE A I R FE AR - R U £ T R E AR > SRR R
ERHY T REGEEEARE - Sk ¥ i — B K T R RE A TNMEF - i
TSIy T RERAEEAERE - (F R iR e HY TR AR -

fis 1 B3 bt & fd R IR E M U7 0% - B RIREE A
J& A DB 2 B HEE )7 A B BE RS E 1Y E R B AT TIE 57
ISR B 705 & o BRI A REE AR EE S8
& 0 BGERAIHGERE - R DE ST (B EREEE 58T
B S T] 7 R MR Bl sE A U ER TH R B B el A 1R E AV BRIy
10 BRI S AR DU & SRR B S iy EREAH R LR - (R AR E
HY ERE A J50% - Aoy Ry BE A R B BR DL Rl U AR &
A EEFR R E Y - R E WA o5 -

2 MERETERENB SR E I EEIM

— HREE
(eI —ETEHY AT ARt 2 & R R AR T M DA T VAR R
A FE S IS A T
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/' Zz;z & — > Agrawal et al. (2018)
e Lancichinetti et al.(2015)
o B
Eik 0] '\—P Maier et al. (2018)
FTHEHEERBEY \ 5l&=k / Koltcov et al. (2016)

BEHE EREEH \ﬁﬁg —»Yang et al.(2016)

\ — if'ﬂétﬁﬂ — P> Rieger et al. (2020)

BNEREN
ERAEGEE

Chuang et al. (2015)
ey giiitgfﬁ <Maﬂty]a etal. (2018)
' Belford et al. (2018)

1 FEEENREMNES A2

1. DAC s I S BOHE B SRR M= > H AilLancichinetti®E A (2015) -~
Maier¥E A (2018) fKoltcoviE A (2016) HEFEEIRHE YR EEETT
B IRIBEEEEERE o (F i eB A 2R b IR MR S A Y THES (B B 52
HISEZEH - TS E TR o H R R ERER - B
SEH0 R REFE E EME— B —(EEFE A - S S R Re R A 5 [ 8 - R A
HIGESR » BEREERRERY AR tH AR T — (0 R | - (H R
Ry LGB A E TR L E A AENES - BEEET UEHIRES
EREEEET - RNItEERIRER T R F RS -

FEEEEANESER - BRTREBERENEEZ & E
i W FRRLE R EAY A 2 A B E B S AR R
BILL R s B HAERF R RV B - #ELUETRENER » Flkez a1
HISCH ~ STEFEREE > DUREET A 2R, - DU e S
f (Alexander & Gleicher, 2016) - [RHL5EEEHY T REE LS R AE GIFE
S EAT & T bRV HIRER S 0 DU —(E 2 L A RS EERE
RO HTRERHE AL &Y ERE DR HL B - L FR B F S A B AR AR
ELBIO » 1F R SOy L RER =L » SR SCARAR DU B B A I R A 73
If o SR AIBelfordEE A (2018 ) ~ ChuangZ A (2015) FzMantylaZg A

(2018) HEEHVEA s E FRE - &= S0 & FRERYAE RSB
EREEA g HEREE -
Byt o AR SCE SE A W SRS BB B Ol o PR — (WP B
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VB EAE - F—TEEME AN EEEI, © HREI S R
R LS ERARA ERTA ZEAVROIE - MREAEEEES - &
TEEEAR ARy ERERIRIDpeRRAH - & AR E HIRAE S (AR AL EAY A E -
O H AR A DB T, - SR PR By | 5N RE R -
P — PR PR A S EREHYREAE - DABRAH R B A AR B BEAERY
REFFE > HURICAIRTFE o AV AR RS R TS (S TR > &
ASEREMERR R R - S 2 - EEITANSE —TEEREHRS
REBEBEGERPEITRE HIRVAREE > EIE— PR LRSS -
sHE PRV IR IR CFEAR R £ ERYEZ M - 7] DU IR S A 2
EEET > To EERBEA R o (F RaasE £ L8 E R IRR R TR
ENSHEN - EH _EEETS [E A TR > BRI RiMEdiREr
FREREA - B2 RS (VAN REE o 8EAANITE LILDA EREEEE Ry5h
— PR AR AR AR DA R 55 R B 5 [E A B EAE RS > (HES
B IS L oy m] DUSE A A RS RUE » AE R R BT LA
FeFTE Y E R N AT R AR © 1EAh o HNES I
ESFRBE T SHEEAEAY > LL{HATLDA T RE I TR S S S h A

PR EREEEAL

—fFIDA

HDBSCAN

PR B T ERE

TREHEAER

B2 FAAFEMREAOMEREFEEEZSARELISRNTER
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PEASER A F2 L E T RE AR i M O U7 VAR R DI R T - DU EE4

A oD R R R TR (IR 9 -

= BMEEER

F—PEELHY TR - H HAV R TR 45 SRS T S AL

HERHY " AR ER , © Chuang®E A (2015) KMantyla®s A (2018) &f

i P REEAUE BN A HEE M (non-deterministic ) > 43 I FHAHCA]

K-medoids SERFH FUAMEST FRESERE » @R E M ELRYA R EE B A

HIERAVFEEN - AU R R E A B B T TR ENE R

8 o Chuang® A (2015) kzMantyla®: A (2018 ) FYMFZEAEIE I FRE R

BEEE > ALUTHYRE ¢

1. FREASERFRE Sl A 2 TR B AR E R R 2 & N A 2 [
HEATHIEERE - TEFERAVI AT A AR LHY £ - Frasil EAY T
TEZER] By A A 5] TERCE B E 22 [ B e iy AR F4H DA
FARTERFAR PRt > BREAEZEM BB EERR - ZAifiK-medoidsHI|
BB B R AR EEAI L o (E A O FIRRAH N HY EAM R & 2
B N - DR iSRS - K-medoids il & JERITE R IR 7716
HAME ERARRE - WA B G FREEZER om0y EEE
HETER -

2. 0[E] EAlHYEREA - FREEZER EomAe s - EEEEREREES
HY AR FAH B H SR AR A B SR THA © ZAMAHCHIK-medoids#S 75
TR E SRR H SR -

3. AHCHIK-medoids#f & 58 8K A Y SRR F S S ie A — (Rt E - E
e RN R T TER AL — (B R AH B0 B2 G — 2D B e T B 45 TR
fAEE o

FER LA E={HERE > AHFTE S FMclnnesEiHealy (2017) #2tH
HYHierarchical Density Based Spatial Clustering of Applications with Noise
(LUTf&fEHDBSCAN) JHEUAMETT T REEERT - HDBSCANZE—fE K
2= FERVE RO B S RS EERY R E BEDE (density-based clustering
algorithm) - EfEEEAEANEEILRGVERE - W H R B ERD

RCEERY FRESH - N REEE o E B E A RYRRAH B H SR 0 i BN

oo R A AE S Y SRR R AR —(E R4 - AN o AHER

R ERIERERDA 2 i Ry A1 Density Based Spatial Clustering

of Applications with Noise (DBSCAN ) ( Ester, Kriegel, Sander, & Xu,

1996 ) & K& AV ES > th X B R EERF - HDBSCAN HUE E A1 K&

13



[ 5 & EHERFSE 19 ¢ 1 (December 2024)

FEEW S TE > FEaEEER - HIL > & T SR HAR Pl
EREFNVRE E T/ - 6 BBV EE R DEHE DR R i E TR 0 At
e FEHDBSCANYE fy 2 ([ E FH AV EE B E BOL - IF AT 1T T EEERT
ZH  AEFFE S FIMclnnes ~ HealyEiMelville (2018 ) $2£HiHYUniform
Manifold Approximation and Projection ( L FNESfHUMAP ) JEE AR ¥ E
#EFTIE4E (dimensionality reduction) - fEERIERMHE SHVIFIL o #
FHUMAPELT [ 4 v] DL 08 BORHE = 4E 22 R EAVAR B - BEIRiES
SRR - FIFHUMAPHETTIFEHE A% A FHIHDBSCANHET TEERE 73 AT HY
B AW E I FANTMAY Top2Vee ( Angelov, 2020 ) FIBERTopic
( Grootendorst, 2022 ) & S FEIRAHL M LR EAHBR % -
UMA P[4 5 504 0T DR 92 55 e 40 2T 3 REEL H 1Y A/ INZe ] 3 R 22 R
5 BRAE A B e B 4SRRI Sty s/ NAVAR AT T RS B R E IR A
eSS - MR RAIAD T T REEEH K T DS EEIZ AR E R o 1
HDBSCANSE B FUE N T E /P IR AT R AVAR T T RS H - fmi 2
& s e TREEE N TR - f5EnvAala T RN
HDBSCANEE A& B2 LA » K2 BRI EECRIAT
THEHE > Qg B AR EREE R R e o 30 H i i DAY
FEAH - N EARILDA FBEEBRBEVA A RE - (55— S D
HAE N T REBFAE AR 2N R E N TEEH - AIFRVDIRN R ER
THEEH - EitE RSN E MR > SEEREEAHENEE
BH > AsEtEEm e M EELE o it - AR A E SN T
RARFAHE H A — 2V M - AR5 S B UMAPHIHDBS C AN {E] 5
BUARRVALE FREEH o (AR EEREEEE (K) FERREE
R A THE T A EH 0% H/NARATHE FEEHE (K) » thild
09K < K' < K » AT &R B F R b DIsr & £ (background
topics ) #ii e R AYTHEE FRASH o AR EAN AR HE H A~ Ll
A - (R EE R T T B8 H EHrst HUMAPHIHDBSCANE R L » —
B E YRR H A A R Rk -
1% > DABIBHYRERERS (pseudo-code) sREATEEE—PEEL " AR REEE

B, BB

PR FREBEEY | CEEVERERB T ¢
Step 1. HEBEHAVEERIE (C) REMEHE (K) i A—KLDA T EE

BERER 0 ElEa ~ PAIHEETEREE S (RN ERNE

H) » ERETMIERE » BEILME EEER - 55 3 EEA DL

TR AR -

14



PRARER @ DISRRGERE Vi iAUGE LDA T REA IR E M L i 5

R RE B
Input: FHIEHE C, EERHE K. #AHE M
Output: FHEFFHEE G
Riigia
Step 1: ¥ C B2 K i A LDA » T M REREE - 4 M ([EREAEE -
Step 2: FEA & FRAAVATRFFEL -
Step 2.1: H M (EEAME D » HUHFTA EREHVEE R, ©
Step 2.2: T HEH ¢, ZHATRERZIE » HIREH EREAHEINE -
Step 2.3: fRISEREZ RAVIHELE - I UMAP 4 - BEAE TR -
Step 3: ¥ A ERERHE - FIF] HDBSCAN ME{TEREERF - A TRERAERS
G-
Step4: I G HVBHHBHIRK » 0.9K < K' < K » R4EHARERESEEL - $ith
G; BRIFHEAT FRERE » TR Step2 B Step 3 -

B3 RBEMNNERME—FEE "HREHEN, AUREEERS

Step 2. (ERFMEE AR > U SR E AR L AR R A 28
¢, (FTABRAISEETM < K(EFERERRAG) > FIHERZ A ER R
O, Z IR UM « Reap ¢, 2 PRV R 52 AR DA AUMAPHETT %
4 EAEREREEAVREL -

Step 3. #i AEYERAY FREFFE > FIFFHDBSCANGEREE FULMENT TR
B o B ATA R R Y Rl T B DUR MR o A A R AY
EEG - F—EEHAT B E SR AR DR ey AR L -

Step 4. AR EAH LERAHESGARERHEIH (K') KREERFL
SOEMIEREHE (K) - 280g/NRIFSeEsE EEEHEY90% (0.9 x
K) - {FFEUMAPFIHDBSCANEH B ANVANT ¥ AR H - EHEt
FARREUDERS > —HEE HH LB E TSR (09K <
K'<K) Bk -

= SIENEERER
FPER T SIE A E R ) BYEEARE RESAIE4 -

15
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5[ R

Input: FHEFHEES G

Output: 5[4 F FEEAE 4 ATy B E AR

Begin

Step 1: BN EEBFAES 6 LS —EHHy > sTHEIERR, =
YkegPgk X Pr/LkegPgk °

Step 2: DGRBS AWMU E R TERE - S AR REERHE TIHE

e EEBE K -
Step 3: AR T REREAR BUR AT B T RERHB + P35 T RSSO
A BT BB -

End

B4 RBEUNESRMETMEE "SIEXETHEE | (BB AERS

DU sF4HsR A 220 B
Step 1. B ZRE 55— P X LA o7 - A4S R P AR E Y A U ERE SR
TBEMHER - RTAEE—(EERAH TR 0y REHE 2R AT 2 2 E R — {8
RTHE > HELTEMHERI AR TE > AR TEAMEERER
SR E AR5y > a0t T H M ERE > ST A
RHEE AN AHALL - HDBSCANJE B Al iy T RESERFAE R - R TR T
FHEEEFT BRI o B EE - (ERERE - TR
FREATRT @R AH EAV OERE o BRAEMRER R A BE4H
AU E - Rt et T RE S B R F s - ErTEERE
TR A B R R EREZ LR B O L RS
K o FTDUARWFC R R B AR BOR EAE B IME - ST ERAEN T RER
HEEREHIRMERE  (E B —(EREM AR ERER L - DI —(E
ie P> O

TR He B - HAREERED ¢,= S o

o FERE 0 ¢,

16



PRARER @ DISRRGERE Vi iAUGE LDA T REA IR E M L i 5

TR gHy— I Rk L HUEERE IR R AT - p S5 (6 EREAE R
g EAVCR(E - NIE > LR & —(E4EE R VAR - 1£5f
e & EBUEECRHVEREE S ERAE A R E R -

Step 2. VorontsoviPotapenko (2015) 2P AR b R AY T E A5 F4E
1845 E £ (domain-specific topics ) FlET & FH - SEIES € X
HY R 58 HHERAR R G AL B R RY D BEa]EE | - I B S thimsE fE oy
AE—E T XCAE S - Bl sk A BNV EE R o B
BLo5 BE 25 S AR A5 KA TG T sa) sB (4 & [F H IRAE A EI ST
AE-fln BT, THgy, - TEYE, - THEEE, - T4
&), FE o M5 AR RE & B2 Y LR shleH B Y &5 (B SO
b B FEE ERYEEEE BRI TR o AR DS — PR EEA
2 REEE S A Y T R AR IE Ry RRICR € 118 - I DL AlSumait
Barbara ~ GentleBiDomeniconi (2009) ZEz5AYEEZE 540 AR

(uniform distribution) {F e & TREAVEHE > K AR R 2 2]
JFA T REREATH E 2 K{E T RE -

Step 3. DA REARHEAETT | B A TS - 155 [ E T EEEEEE S
T REFHEGRHE T R A SR 3 REAH B EE IO - RE A e EE 3R
R SR e FRSEES BV R (Zhou, Kan, Huang, & Silbernagel,
2023) o AW EERE E IR S —(E5EEE o A A R R
(a2 B Ay E R (0o DA R By LR > BT T [E U E
REERE o W —2K > ALACRE B — TR ERAV AR &N - I
BRSO EaEey E AR RS -

Bt EBERIRR M@

HEPN AT FEIE Y LR E M VT A L B LDAHRA R E
FI$E: > 2RI T AR AT S R R s RUARI R e M -

iE (EAR e MRS AR S8 — I B EREAH CIMEEL T ~ 4T -
FREERERTT > (CEE R LAY S (R AR B R A A
RERE o Ryt - ATTERE AR EEEL - HEBP AR RE R
EENEE > FE LN (ETR AR (EEE A T LAV EE
REJE - DILDAEEDAIN F - BlE R o iy 5 s B AR o0 AT
o, ° FE L HAKPRTAR X EE R A A S 7 4L th B 5 5E
RRAY LR - A H AR E R A B A 2 -

FIREL AR E R 5 18 X E R - A S —PEEEAA R E
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[ 5 & EHERFSE 19 ¢ 1 (December 2024)

’E F VB SRR S [ R - H RIS B R R - BR T JeRT
FrIg 2y 5 | 5= LDA FE M LIYM » NMF ( Vendrow, Haddock, Rebrova,
& Needell, 2021 ) DL BERTopictr # A 5T E 38 8 5 | E =X R -

AN o R RIEE HH2ER B B B A 58 BT B HH e T3 VA Y A 11 P B T
DUE A EEAHY T AR EEEDE « FIEE — P& B HBelfordsE A
(2018) FRHAINMFR T A AT > ABRIESE ZFEEHETS[EX
LDA T SRR — PSR E A 2 {ELDA I BRI SR A 3 -/
% » 25 [ EF FIBERTopicHY 5 [ & = T RE A -

1~ EIBIEREERIS

M EHILDA T BT R AT — R EE - EEEL - E
Ry T ESLDA X R FE LB E SR - AT ee M g R eE 5
EAE S PR B FR BT 2 R E ARG S (B A A A (NI
TE# B 2] -

Fo THEE 2T 7ERVRCR > AT RS —TEEEE I TLDAE
REERE > FRIL S (EE ARG > B0 R SR P A R 43 S i
TR REILR D IO RR RIS - BRI R AR ALY H BV Z (e
SRR L ERAY TR DRI 28 I S e R e e o BB A L 5 73 S
LTS > (AW By S th VR T RE B & KRBTV A R
ERE > FTPAE BB S TR A AV R AL E Rt RE S ISR L o B AR e
HIRAVAERE - K T Bess Calaystiss - AUTSURETE R - R
IR (5 A S R DL R B AR R IR T2 HH o U5 TR S B A R ]
GRS EA PR -

B2~ iRBI2EEIER

AT FERHE FH W (B 58 = SO (genres ) SEEAFEINVRERHBEET—
YN EEEEREEE R - WA SE AN AR - B EREE
¢ E RE RIS E MRS T A B AR LDA BN A [ E Y SRR RIS E 1
BB o DU — PR B th BRI R W UGE T AN E - ARt
TRHRET FE Fh AT BE IR o SR e - JB/ D T B AR A 5 Y B SO BB
BRI Eh e R A AT © AR SeaR A S b (8 F AV RE ) B S AR A
THEREE (preprocessing) HYJ57% @ AR S LREEBRETERIHIE T A -
A& TR E MR E B VI AT CE Y B R A IR -
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MRBHEL © DUEREER T A GE LDA B AR E M 5T

—\ BRIEENAERRIE

AT AT E A EERHE — Ry B 1T 3SRV P S BBS#SEERE » 55—
TS BRSSO & s SCEB A -

X BBS#E SRR (LA T REPTT-Salary ) HHAIHIEHIH B ITH#ER
HIRE= - e B 2R BT & .48 (PTT bulletin board system -
PUTRETEPTT BBS) VISR (https://www.ptt.cc/bbs/Salary/index.html )

TSR SIS A R st o AR S E NS AT [ # [ 5 20194F6
ARLE20234E5 F » HIEE K H 6,465 FE V14,3193 - EHds 0k
FIFH Hp e e v SCER Rk e/ AR 28 HY ckiptagger & (Li, Fu, & Ma,
2020) #HfTEEAEIE (word segmentation ) BiZRJEIE R ( part-of-speech
tagging) Kl ARV E—EE LAY o7 Ryt A H B ER Y 51 -
AR FEAAE SE B A Ea) SR B8 S et B A A I R 38 S BsR 425
SEFSIHYGERE - IR e A e~ TR - Y EENEE ~ B
A BN AE S0 R A RS fBﬁHJlﬁ"tHfﬁ?éj{%Z’/[ﬁAZO‘J’ZﬁEdeE"?*B‘C
%&T—Z'?”ﬁ(%il/loLj\J:E’]u ob o Hxi® 0 ERRYESCE R A2, 12178 R [H]
G JEEWQEP@E 10{[E 5= uuU\J:EI’]"?*jI TR R EE R - 3
F17,488FE R F—FER OB EE S H W IIE 3417 0 (FEES
24.65 -

T e s S sE R E R i Neural Information Processing Systems

(LU FHFENIPS ) ERHERYER S 25 (Hamner, 2017) - EEREEERE
198745201 74 R £ JRINIPSUIS G HVsw &R » ERPEEEH ~ fF
# o YK EHPDFREE A 25 > £E517,24 1R CER - AT E
B SCERHET/ N LR B A A PR R B S 2R S AT % - ANRFIHBE A
sE= T H A (natural language toolkit, NLTK ) E{F B sm s & #7475
(tokenization ) HizE[JZiE]E (lemmatization ) ZEFEHH - ﬁf{ﬁi_ﬁ‘iﬁﬂ‘
I H 3R 2 S D A 1002 B2 HY B 3 SC BT 48 38 S8 1 /100 _ERYEEIRE »

?ﬁﬁunltkﬁﬁiﬂ’ﬁfﬁﬂ?}ﬂ &6 (stopwords ) #ETTHEIE » £ % R

BERHLA3,418FE A [E]HEE - BEEANR P EES50(H5E DDJ/J\J:EI/jﬂi;Z
JrJr BT FHAVEERIE - 2517, 2218 m 2Bk B—FEwm S CER
BEPRCE R H A EI(E /298,14 5 AR F5116.45 -

Ry THETUUNESS - A TEFEMANN EEEBEK - K
BRI & Es - BRI N T E R DR T E
M (average topic coherence ) (Roder, Both, & Hinneburg, 2015) #YF
REEHRE « ARSI EEBREREIIZEAE LEEE (K =5, 10, ..,
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50) HYEREFA > Hor DIPTT-SalarysBisheE D3 0(E £ REHT P45 R
P INIPSEEARHEE R LS S8 T AR i » FRIE » FELA Ay TR
TREME B > WERERHEE 53 IR A3 0RIS Sl LR -

FICEH W (SRR Y S IH AR - PTT-Salary st EE SR A 7582
W sEEEOE YD NS ERE RS M R e i R AR R
ZH)EREBH - TNIPSTEHE R ST bTa G HYaR L2 CE R SCANE
R H AR EREERE - (5P R R s Ay TR AR e
ZHIEREEE -

Z TEERERREHAS

AT 53 B E — K LDATEEUA LU iR tH T 7ARIRRE M - #ELASR
SUETANARE - ESEE-ERHN PR E I RS RE
SRR R U 2B pREER (2022) -

B o EA A A 5 F AR B R oK ] LUZBR A
G AV > BUZ AT I Rl T RE IR E VR RTiR t AL
Ay BRI - IME HET T — B 7 R HY EREAH O (SET - DLERSZ &
alng PR AT (¢,) AYRHDLME: - st RI(EEE A th & — 8 AV DL
Por 8 - N R R ERTEERE R AR R B0 - (R EREAYRH (DL
P BAE0BL 2 ] - 1 H BRI - sy BoieiTl -

PR AEH SR (A E AR D EREE T R — R A Ay —
MRS EL o ARIB AT Y TR AR E M E T e AT - AR A

x3
PTT-SalaryEINIPSEE# EERY IR S T4

S| EE AL T PTT-Salary NIPS
FESURE 14,319 7,241
sAlaE HER S SO IR 20 100
aAaE HER S SO F IR 110 SCARS] 110350 AR%
biF% 28 P IR 3 2,121 3,418
A B R T IR 10 50
7% 8 FH SO AR 7,488 7,221
A B R 34.17 298.14
A B A 24.65 116.45
FELAR T RS 30 55
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PRARER @ DISRRGERE Vi iAUGE LDA T REA IR E M L i 5

EREME LN

S TR
fhat

M EEHE

TRFERER
A
B
HE

BA—E %
pag o

REEARE

v
FrREEERER

B> FHEEERRBEUAIEBRETEE

0 S MEFUREST TR > SRR (AL i R £ & Y
MM EHEME - SR B A 2 R — 2R 8 - —EES B TR0
B 2] > AURIERSEORHY P IIE S B RIFoREm (E BN EH
ST R W i R A AR & — 2K -

ik o MR IEE RATAEEZ I — 2 By I E -

= MEERERIVIES 5AREIRLDAEIRE N FAILLER

Fo 1B AT T e A P B SRR E T A B A LA LDAEE L1
RIS LA R ATE RIS B S V7RI 2 AR E e A BEE R
BT O EAE AR - FEA R EREBEHER 73 - BTS2 I1E10 ~ 20 ~ 3071
AOfE A A EST ERAERRE » BEHURRE HERAVA R R > MR TS5 [
FREZM - EAM REA > BUEGLDAEEAE ANEAILEE: - 4K
RIERINIRGLDABAIEE 108 - BB RENHE—HRAE R
EFIH—EM B FRASE— S B T - S ERIREME Y
% o RAZWITEB LS BT E R IR E T -

TEFRARITRE M B 45 2R o] LAREARUE AW e AT i th By 5 A
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[ 5 & EHERFSE 19 ¢ 1 (December 2024)

<4
PTT-SalaryE2NIPSEEH B 7 & BEREFTESHIRE ML B
T A A SRR

AR HHLDA 10 201 30(# 401
PTT-Salary 0.70 0.82 0.81 0.85 0.82
NIPS 0.64 0.77 0.80 0.82 0.82

HREHMELDA EREREHIREN: - AW ERERENVERET - TR
{5 3 2 DB EE AR AR VA R 8 » (e 07 A B iR 0L 4R
LDAJE BRI RIS B 4r (VIR E PEAS R - oo > NIPSEERIEH Y A
ARSHISCANE - FlESERS - NIEAN EEEA AR E
B H - EHELDANTRE ML A BT - ZAM A FE ATtV SEE A
{ERES A Bt Z R HRRE M - T B RS — P B (R B A
PREURECE W ERE > o RIS RYREE M th sE S FAH E 4 VAR E 1 -
It AU FRHSE AR AHER SRR EESEERE T > RS
SHBON ~ EREBE Y LAY -

Fo 7 HE— D EEEA T AT VIR E M B 77 A B LDA - N
LAl 618 773 B # P TT-Salary BANIPS £ B gt H B {H AT L DA AR —
B E A EAE R - B LRGN RN — B — B Sy
% BEOJTRAR Mo B TEE - W ERENE R -

T M (EEE LAY £ R AR E M B SRV E P b o] DU > A am
2 DHEATER B BEALY MR — S B P ET EL AT LDA R
AV M — 2 BoE S o I EAENIPSEERERE R E T - B
EEAAERIR R H N o R MR — 2 RREMA/IME RIS -
FERAEPTT-Salary B EERTEERAE R - IR AR EREF AR -
FITOfE B AR A BE A R R - (FEAEFIEEFRVSCELE - fE30H
EABRIGER - R M E —8 E2F —SEM 7 HY—#%
PESBEERN0.9LL L o ERE20EEAARIGE R > — 2y 8P ENH
HLLEATLDARRSRIGS, - BI5A — 80y EEBE 2 A —2 - (515
B EE T BE S ERE TR

\ IBN D BRI A BB E 5 AENH R
Fo TV BT RIFT FR AR AR ] R LB IR AR S fE 2 2
ZITENEE  WPMERIL AR A AR H A ER e T E S AU o
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PRARER @ DISRRGERE Vi iAUGE LDA T REA IR E M L i 5

PTT-Salary& BERAEA—BEDE

1S4 LDA - .-.MQL Pt Bk
HERE(LEESER) - R R4 2P %Y
=
a.;; HEFEQOBEEAER) - 2% Bl§Res Pon
HEFECOEEAER) - S g et NN
HEREGOERESER) - 8 et

0.65 0.70 0.75 0.80 0.85 0.90
—EHRED

E6 PTT-SalarysEHER BEHEEBRE — RSB EIEEHE

NIPSEERHE M D E

DA - BBV 4
B 75 (OB AR - 4o 0y A 43,5
=
i mEoomEASD) - 1%, SR S
B 7 (OB AR - 0e® 1§ Y 2
B 7 (OB AR - »° o ENIIRE T oy
0.60 0.65 0.70 0.75 0.80 0.85
—HMAH

E7 NIPSEXERBEHENEEEE —HENBTHIERR
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& 25 AHER TS 19 ¢ 1 (December 2024)

AR o F5EAF657 R 2 LA ST [ FH HYPTT-Salary BEANIPSEE A} EE £y 5] -
MRIBEA I LL BB BE A S A HET T 100 R EEAEHYIGR > IS IR i
HYEIg{E B A AR 72 o SR BRI/ DI SOR S SR o] DU D3
FRABEIRR ] -

BUF 73 11 EA20%E ] 100% Y SERHEE LA TLAE L0 ~ 20 ~ 301404 5
AR E BRI A R T E - A% E A 10fE ik R E & 4HNTE
EME > FELIR RS — ISR P R A E W E AN E - RTHEE
843 il & WA B AR AT 25 e B A A T (5 B R (B B SOR BV RS E MM =
GEIR -

ERTHIRSNERGE R - AUt TEEER EESE A
FEREER T - o] LES P AR A ERIRY > FE D SCARE R DL
ADEHIFRENED - I B ERE G RR T aig et o8 - thig
fELLDA T BRI AIAE E M o B S 40 o R RIS 20 RE E M 80

%5
HR E BB RIPTT-SalarysE 4l B SUA#E 171000 B AIE B S REF
R HAR R

EFRBRECCALE oAl PEEEE R

100% 7,488 19.96 sec. 1.32 sec.
80% 5,990 16.36 sec. 1.19 sec.
60% 4,492 12.13 sec. 0.99 sec.
40% 2,995 7.74 sec. 0.86 sec.
20% 1,497 3.74 sec. 0.70 sec.
<6

R F 8B HINIPSEE KBS AT 100X B AME RIS REY T o2
BRI EAE
EFRERACCRLLE]  SORl  PHREIE RS

100% 7,221 125.48 sec. 2.13 sec.
80% 5,776 106.15 sec. 2.32 sec.
60% 4,332 72.02 sec. 2.48 sec.
40% 2,888 47.85 sec. 2.89 sec.
20% 1,444 23.14 sec. 1.62 sec.
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&7
PTT-SalaryzEHIEE AT FHENAVEBELNERER
SUREER 10/ AU 20 AU 0[RS 40{@E AU
20% 0.77 0.77 0.77 0.78
40% 0.78 0.83 0.82 0.83
60% 0.79 0.82 0.83 0.83
80% 0.80 0.81 0.81 0.84
100% 0.82 0.81 0.85 0.82
3*8

NIPSEHEERTRBENANRELAEGR
SURLES 10 573 20{E RS 30{RE LR A0SR

20% 0.71 0.75 0.77 0.78
40% 0.72 0.79 0.79 0.78
60% 0.76 0.79 0.80 0.81
80% 0.76 0.79 0.82 0.84
100% 0.77 0.80 0.82 0.83

N1 PTT-SalarysB R EEEF28 NIPSEERE » K [EHE N SCAE
A R R R AR AR P S B HIFE B M o BT L R H 4 LDA 3 RE
(BREHR © 0.70 > NIPS : 0.64) ZHHF -

I HAOEEENAE > EARERE T > (FHAZEENIAER S
BRI E M - fEPTT-SalarysBRHEMN B E - bR T {#HH20%
NARGRHN & (E E A E G E #EF0.80 D14 » EfM S TEHEN S (HEE
4 > 2P 4HEESRET0.808 DL _E IS EME S 8 o 80%DK60% Y SIAS
BORHE S5 — P B A B A 1 OB B A AU A 77 - AR B ] DUE1S0.80 4
RS EVES B > A5 FH40%BR60% 0 SC AR A H B 42 201 A&
ARERE ] DI 0.80 LA VAR E My 8 - A FEalsE DU FREE H
e 2 HINIPSEERLE » 60%DK80% Y SC AE L T DUESAE R A 52 20T S
RERITBE M - FIRFE O] LSS IR SOARE R 8 DR A RS H B
HBRE S 15 1R B T Y X R R AR Lhl A nyAB e
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Introduction

Topic modeling enables the rapid discovery of latent thematic structures
within large amounts of unstructured textual data. This has led to various
applications, including helping researchers analyze the themes across all texts
in a corpus or providing textual features for subsequent natural language
processing tasks such as information retrieval and sentiment analysis.
However, in practice, many topic modeling algorithms, including Latent
Dirichlet Allocation (LDA), suffer from stability issues due to stochastic
strategies that derive model parameters from the corpus (e.g., Abdelrazek,
Eid, Gawish, Medhat, & Hassan, 2023; Mantyla, Class & Farooq., 2018). This
means that even with identical parameter configurations and repeated modeling
on the same corpus, the results may still vary.

Current methods for improving the stability of topic modeling have
focused on two strategies: altering the inference of model parameters (Koltcov,
Nikolenko, Koltsova, Filippov, & Bodrunova, 2016; Lancichinetti et al.,
2015; Maier et al., 2018) and selecting more stable topics (Chuang et al.,
2015; Mantyla, Claes, & Farooq, 2018). The former strategy involves word
clustering from the corpus and uses these word clusters to guide the inference
of topic model parameters. However, this approach tends to assign each word
primarily to a single topic, contradicting the fundamental assumption in topic
modeling that allows words to exist across different topics.

The latter strategy employs cluster algorithms to identify more stable
topics from multiple models using identical parameter settings on the
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same corpus. Nevertheless, this method fails to determine the proportional
composition of topics within a text, posing inconvenience and challenges for
subsequent textual analysis tasks.

The present study introduces a two-stage ensemble learning method
designed to improve the stability of LDA in topic modeling, addressing the
limitations of the strategies mentioned above. Furthermore, this paper aims
to empirically validate the feasibility of this proposed approach. To mitigate
the higher computational demands associated with this improvement method,
our research explores the initial modeling of a randomly sampled subset of
documents from the corpus in the proposed method's first stage.

Method

The two-stage integrated method proposed in this study harnesses the
strengths of the previously mentioned strategies. The first stage, “Effective
Topic Selection,” establishes multiple topic models. Subsequently, it employs
the HDBSCAN (Hierarchical Density-Based Spatial Clustering of Applications
with Noise) algorithm by Mclnnes and Healy (2017) in conjunction with
the Uniform Manifold Approximation and Projection (UMAP) algorithm by
Mclnnes, Healy, and Melville (2018) to cluster similar topic groups. This
process effectively distinguishes stable, meaningful topics from sporadic noise
using only a few models. Notably, words exist across multiple significant
topics based on their significance, aligning with the core principles of topic
modeling.

The second stage, “Guided Topic Modeling,” uses the topic groups
generated in the first stage to establish feature vectors representing each
effective topic. The influence of each topic in constructing effective topic
feature vectors is determined by its cluster membership score. These feature
vectors, and the several vectors derived from a uniform distribution of words
to represent background topics, serve as the initial set of topic feature vectors.
As such, this method employs the initial feature vectors for guided topic
modeling, resulting in comprehensive and more stable topic models.

To expedite the establishment of multiple base models in the first stage,
this study suggests randomly using only a subset of documents from the
corpus each time. The assumption, based on the possibility that each subset of
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documents may contain a significant portion of the effective topics, reduces the
required time while enhancing this method’s efficiency.

Results

This study uses two different corpora of different languages and text
genres: PTT-Salary, collected posts from the Salary Board on the PTT Bulletin
Board System (BBS), and NIPS, comprising full-text papers from the Neural
Information Processing Systems conference. Each corpus is preprocessed using
tokenization, part-of-speech tagging or lemmatization, stop-word removal, and
by selecting appropriately sized texts. The preprocessed data is input to the
LDA topic modeling algorithm as a bag-of-words model to establish the base
models.

In the experiments conducted on these two corpora, the experimental
groups using the improvement method consistently demonstrated significantly
better stability results than traditional LDA topic modeling, regardless of
the number of base models used for selecting effective topics. For the PTT-
Salary genre, employing just 10 or more base models in the first stage of the
“Effective Topic Selection” elevated stability from 0.70 to above 0.82. The
NIPS data included more content and a higher word count. This resulted in a
greater number of topics in the generated models, where traditional LDA topic
modeling showed a stability of only 0.64. However, this study’s proposed
improvement method achieved a stability score of 0.77 with 10 base models
and could reach 0.82 with over 30 base models.

The study experiments also confirmed that reducing amounts of textual
data can save time while maintaining a relatively good level of stability scores.
In the experiments conducted on the PTT-Salary corpus, using only 40% of
the textual data resulted in stability scores close to or above 0.80. Regarding
the NIPS corpus, using 60% or 80% of the textual data yielded slightly lower

stability compared to using the complete set.

Conclusions and Future Works

This study draws the following conclusions:
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1. Compared to traditional LDA topic modeling, this research consistently
achieved significantly better stability scores across various corpora and
different numbers of base models. This was particularly evident in corpora
with larger text quantities and topic counts.

2. Even when using a relatively small portion of textual data to establish base
models, the resulting stability scores surpassed those obtained through
traditional LDA topic modeling. Moreover, increasing the proportion of the
textual data used and augmenting the number of base models contributed to
better stability in the final developed topic models.

Future research can further validate the feasibility of this method in
enhancing the stability of topic modeling. This includes expanding the scope of
experimental corpora, increasing the number of topic models used to compute
the agreement score between models, comparing it with different approaches
for improving topic modeling stability, and proposing more effective and
resource-efficient methods for enhancing topic modeling stability. Additionally,
while the method proposed in this study is primarily designed for LDA topic
modeling, it can be applied to other topic modeling techniques, such as
NMF (Non-Negative Matrix Factorization) by Lee and Seung (1999) and the
recently prominent BERTopic by Grootendorst (2022). Therefore, exploring
our proposed model’s adaptability and adjustments for other techniques will be
a valuable direction for further investigation.
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