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FAAEROBTHRZHHEAME XKL S VAR AR R AL EE
T BB R A A BRI A B AA M EAAAE o daME
HE X BARMER R EAAERAE TR ek AT £
MHH  REAN T M T - ARG ARG H ZHAHRK
Z B AR A E ] 0 IR R ARMMEAE R Ak 0
REAAE RS B A o RiE o LW EAR B HAET
MR E A B o RUT AL R 6 E AR R AT R 0B

2ot (LDA) A8 - 34 PTT BBS Book # E #30,000 %
XA LSRR - BFRERBRI| GRS T AR £
AAAR R B AR & 0 A2 A B ¥ AR L ey ARtk 5 AT R R 8
Ao BB BE L £ AN A i 0 S HAEBOB IR TR -

RASEEE : s BAKA L ErE (LDA) @ BT HAE
FAAMMMEAE 0 AR

A
TR (topic modeling) BREE M ATHI A i & —E i 2 E 15 -
1117 2E RE R FE — R AR B AR BR B R RE AR R GE A EE B R I - L H A2 1 A B
BMEETTTiEk - $RH ORGSR i L RERS I o A R T vk m] DLpGE
A BRI B AT SCARRZ - 3l H B ] DUBR BE A B SO B T R 1

(scalability ) » ELASHRSR BRI P AR SO AT RETRE - BIADRERE Bl ba R
FELEREE ERER U 5 PRET KR ERRERE (Jacobi et al., 2016 ) ~ BT (Quinn
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et al., 2010 ) Bt FEEEHE (Elgesem et al., 2015) FETEmAYA LGS 5 BHEH S
FrYEERE (Kim & Oh, 2011) 5 S3ArdisaFam b0 F & S0 i R E R T B T RE
T A R B R (Tirunillai & Tellis, 2014) 5 S35 76 B2 SR IRAE A8 i OB E
Fi# (psychological thematic features) ByE#: . RIUEIFR (Toubia et al., 2019) ;
W FEFAE# S TR (software engineering; Agrawal et al., 2018; Panichella et
al., 2013; Sun et al., 2016 ) ~ #ff5E5F# (research evaluation; Nichols, 2014) [ -
DIFATaRE: - BSRPEAEEE R 53HT (probabilistic latent semantic analysis » f&f%
pLSA ; Hofmann, 1999 ) ~ ¥E7EIKFI 2 HL 43 AL (latent Dirichlet allocation » ff%
LDA ; Blei et al., 2003 ) {2 RAY T REBE A - AR A 15 I F R o fig
(nonnegative matrix factorization * f&fE NMF ) £cfiiy /e A - /8745 ( Wang et al.,
2012) °

DIHHIHEEL » LDA & i ReWFFeE 2R ~ T LB TE e R 2 Gk - R 4t
5Ll (Lancichinetti et al., 2015) » LDA FEA 1 - REMALE —FE AR LR plib
i (a generative probabilistic model) * f5E TR AFFTEYEE S 2 K H
T e R HE K E KRR E BB R AR AR -
— il = RE R A FRRE AT R ERIBESRAREIR (Blei et al., 2003) » B -3E
FHEARY RS G RE AR RRIBER § [z - NHBRYFEERYRERATAEE /N - Pt
DA AR A R A R B R 43 A1« P SO By ERERE SRR B AT 1 By
FRREHER AT BT T A HE AR 3 RE AR BT R Ry 6 » 1 2% 35 1 R e I
Ry o TREFRIY - #57E MR SRS R H K LUK ZE4: Dirichlet 73
TR 2 M a M1 f » LDAEBEERE o M1 fRERE A IGHT O R ¢ » 8%
IR ERTY O/ ¢ » Kl A SHRRYERIRE 3 FO B 8 b - S e RS
WERY O ¢ o B Lol iEARE » (S SUR E A H I R ATRE T « SRR
FH 5] DA P SE RAH B SR A OR R 8 SR AT RERL S R D R 2
REATHERVE SR « Fy I B IIARCHE FIE SRR ARl SR 21 8 G - BT
TR T HRET B g f AR RO FE I Gl A - IR ST LDA By AR Y
Zats - R RIRIATAERAY - 2R T ERE Y (correlated topic models
f&f# CTM ; Blei & Lafferty, 2007 ) ~ BjR&EREMEIAY (dynamic topic models * i
fDTM ; Blei & Lafferty, 2006 ) ~ F&Jg 2 CFI i 35 FEAZIE A8 Y (hierarchical
Dirichlet processes * f&if# HDP ; Teh et al., 2006 ) %55 o 55— » HZZTELDA
PR B ET - B AR - ERERHSOREGHIREA « 5LL5E 5
T R B 5538 ATy & P AR 2R BRSO TEIRIBE T T AT B DM (Tog-
likelihood ) FII#EFEFE (perplexity; Griffiths & Steyvers, 2004 ) » LIz 3R - REFAY
Z A fRREME (interpretability ) By ERERGEAM: (coherence; Roder et al.; 2015) ° fEiE
14: (stability ) W32k ¥ REAE I CHYRER—E . — (A 22 5l Agrawal et al., 2018, 3 .4.
LDA, Instability and Tuning; Maier et al., 2018, Appendix) °
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S MR A — A AR AR T B — K TRESTIS EIAH AR
RGBSR - TEVEEry TR A B RS EER SRS - FEAERI T
EEH (K) Feia2 i (aMlp) T T - FRELRSEEA_EREFE I
M FRE - fam)EEER - AN BT RIEE &2 (agreement ) © {H2
—fi% LDA BYEEAE RS A HEER (nondeterministic ) » FEFHFEIRIERA T » TR
Y B A ERE T RENYR A AR S A B vh « A1tk —2k - FEfEF 327
IR AT SOR SR G RS - Rk il O P S B 2R
TEBAEAR B (Koltcov et al., 2016 ) o I — KA TS EIHY - RERA R,
SORAASITHIRE R - FIREETSEISE SRS (Agrawal et al., 2018 ) » SEREIHTAS
RIVEFE (reliability ) HRFRGME » 522 AV AE R (Maier et al., 2018) »
ABHFER H Y2 S LDA TR AR T S 17404 -

FREEERE RN E T EERSZ - K5 HK 3 De Waal B2 Barnard
(2008) ~ Greene % (2014 ) ~ Belford 5 (2018 ) {5 FH Y S REAEAR T MMl 20
HEITHITE o PR S ZERE R EAERR WA T « ESAEERAYm A B R RS
TEHHEEERZ) T EEET S R IEEE - EASEEL - R - 5
AT R R — 2038 Cagreement score ) » AR A G55
A —8E - e R by R RE P ] DU 55— (a8 He BRIy =
AR FR EREEEATRE RS o R - KR — S0 0 B E O
AR E PRI A - BIANTE TR S A A M IEREAY - fEREs s i 1 A
RURR— Btk Boksagreement; o FRE MR RE I 2R R =l (DO AIER -

dof Z{‘il Z}VI:iH agreement;;

stability = VENE )

1 A A TR 7 e A — 5O 3 B S B S8 W A R RS AR DLy £ RE RO 3 - AR
% DABC B AR AU 2 SO 3 (B OR — 201 40 B - $R B B HL 2 e 8% bt A 1 R
B A2 B by - RE TR (topic alignment; Belford et al., 2018; De Waal &
Barnard, 2008; Greene et al., 2014 ) » =X, (2) ABEE g5 Al -

de TR, sim(tig,tjn(k))

agreement;; = P )

FE @)+ 60 FORE ] L RERR AU ER K AE LRE - oo R TR St T REA TR AE
o5 A RERE R FRCE BRI 0 sim (e Grao)ZR s 0E R ETAIAH U 738 - 40
RAGE B R - M EE AR R AR & A R FR 2 B A
PIVEo 8 - SERAERRE R R A R i — 2

£ bt F REE AR T MER I AR D Al 18 3, Al Z A AR
A 7 Bisim (b )2 M AT FERE - KILE AW ST E LA B AR E T TR/ 7
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Mr B LI BHAE o wT AR A3 - RAEEL IR 23 By U5 R % » B4 » Jaccard
8 (fEfEIAC) ~ KLEE (Kullback-Leibler divergence » fEifKLD) ~ JSEL
J& (Jensen-Shannon divergence * fifEJSD ) FIEREZHI & (cosine measure * T
COS) FE » NEAMYMET JTEEBE AR FEREE R » BIA0ES 7 1 R SRR
LA BEAFER MBI - (ETRY T A o LultRR e M R AR R T A
TREHEESEN TER S - ARECEAEHRIRIIEIPAR S - AR FIAEEL
MEAGEH AR E MR R R ER LR HEERIRCR - KL - e RIE R e
ANFEAEATEAGE TR A R PR VA e RS & Bl
RS - B RREEARH R EE LR E 2R - I - Bd¥EHE
G rlRE A A RN > B B+ R rTRE RS 0 BRI EC S - ASERE
L B L S REAR U A 3 T T AR R ERIAR I 53 B A -

AN R i £ RE R H HN R E A2 - TEHH (K) & X EEEME
HHEENZH - HETGRH T EERREENHRARS AAHE—E T EEE T
HIREEM: » U Greene 3 (2014 ) ~ Ballester B Penner (2022 ) $ &1 35485 £ REE
Hanfr sz 255 2 MEEI THET © {H Ballester i Penner (2022 ) Firfif FHAVFRE M0 =
FiEFESHEE R SO 85 25E (document clustering ) IV FRER 514 - FifE
FHEIE A FIA AR RS - AR E I =20 © Greene 55 (2014) F0R
w AR REEE - KGR R ERIBERECOR - BRSBTS
F o FTREHIERAVRASREREE AL % ; Rz - FEBE RGN - o R i
fif/lN o+ R RS ERRE G LR AER RS D - E S E R RN - S
AR HIERE G - BEAG L BREEAEDBEARE b (Greene et al., 2014) - HH
JA T RE AR AR 2 S TR AR PR R 22 B R A 3ty B o e BT TER%E - (Rt mT DA
3= RE B E R B AR TR E M e 2 {H Greene 55 (2014) RS
R SCAE BB ASHIRERY ERE - Bl EaEeE BRIk & R - i H 3
RES B E /N o RIELAIZER DL 3= EA BT H B R 2 1 SORE R a1
R -

i R - ABFFOREET T LU N BB AT

AR EABIA AL T AR I e RO B & ERCEHHEIEIRY ERR -

(IR FEARUEAE T AR R ERAR I 53 B

(E)F BB H ER AR E TR -

SR FEERSREAN T« AEERAA SRR BB EL H Y - I ZERR ] 1R
T PRI & 7 iR BRI SRR R RIRE » 2 T2K - RR P B RS e
T RS2 DL s JHE i ) R REAR A A B 7 3 T SR I 5 P2 T2
BARFZE A B R SCARE R ~ R ~ EREAR U A 3 R B AR M & 5
% IRBERYRIET 0 BRI Rs R Bl A o
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— ~ HHWE5E

AN E SR 5 B AR E TR DU R T AT ST - AR R
e I B R B Y R AR AR T 5 -

(—) - REARIHIAR E 1 DRI & 5 ik

FIFH LD A F e I T SRS T e R S R e T R H
HH—3W - FREGHEERNTEEES M (reproducibility ) « KL » i5265%
BT IR AR E A H DS - B A A A S R RBESR AR RIERREAE
’E_FRIBESR BV 2 B o M1 p - IR AR THER 2 8UE - i BEE N
PR — KRS SRR R - IR EEHITZ KA (Belford et al., 2018; Maier
et al., 2018) < ARMEWE I » B AR Z2BELARRI SR » R E AR
FREBERAETEE 2R - EHARENEREESEN LDA XA H
BRI AR AR Bk s 2B % (Belford et al., 2018; Chuang et al.,
2015) °

MBI ERYEREA - & AR E R E AR R B R T &
R 2 T — B0 5 B AR S SRR B 45 I — BEE - R RS SR
A Ry LLRAR ERY o DLlesE Se AU — E M A ARG E © — U2 Maier S5
(2018) B Belford 5% (2018 ) Arakiutius « fEAHRIIZECT - SHHEIEISCARET T
MR REERL - JES MAEBEL - IREEEHE 2T M(M-1)/2 SRR FRy — 23
B TR B DA R A SR E AR R E MR = AR
FH Greene % (2014) f21 » FIFH&EBSCAFIRE ~ Soe RIS R 2B 1A
DIZHEHER R » GHRE B A (M-1) 5 REGER 5 SFIRR - BRasi iz Ry
—EES R PR TP 8

FEAR - REA A Y w) A L B AR AR 2 BNy - KA P 2 3R
FrEl AR K ATRESE 2 HHIE] o FERIAY A _LARSR By k19 L REn] AR B B | [F] %
Mo kB9 EREFE AR A - (HEEHRE & /9 55— (8 E AR - SRS ST
BRI 2 ] — 2RI RIRE KL » De WaalEi Barnard (2008 ) ~ Greene %
(2014) ~ Belford % (2018 ) a8 1E 3 T B Wi =R AU A — 20 73 BRF - w5k
R IR o [ 3= RE R ARDL A 53 508 A 29 2 I 5832 (Hungarian algorithm; Kuhn,
1955) 1T A - —H—VLECRIE R EARDIRY /8 - S R A YA i
XSG - AR LUR RS & A0 AR 55 S i s B ey — 2
P58 o DUN AR _FulbbF 92 F & o R A T A A A o — 2k
SPEANTTE o BERHRRER A g AR i B A AR e B 5 B RE R ]

De Waal Bl Barnard (2008 ) $2 HARSE R ERE BY AR SO b T RAHIER SR S111
(0) FHHEF BRI —E MR J7 1 o MM a0 15 5 R AR 2 ] 2 RERY AR DL
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M SRBE IR R AT K2 S E REAFURUME 53 B A 5 o R S5 T R
7 $H R E R R R A FERC B A o A0SR E RN AR o AU E
ANRIZR A A SR o 45 L E LA AR (AR 5 RE  [RIBE - A S RE Ry ST
o PR [E]— SO R A 3 RE BB R 5 A RILE U IR R UE » E R
ERE BT FRES R 2 8%+ WTLURIA AT SO B - RERE SRS LA RE Y
EUERIAHRME - DUHBA TR E B R R AL R — S R ) -

Belford % (2018 ) Al Greene % (2014 ) &R LU — 1 3= #E L Fij 718 H BiA% R
B e Y ERE SR A AR E R - (R G EH RIS 2 R E E-ERYAR UM 3 8z
% KPR S o A A RN L Bl R AR i R A 32 RE I S A
B o MRS ER R 2 R — B E # R R AN — S IACZ
S -

Yang %5 (2016 ) & 5F 6 S R EA ST BT - AR A AR 18
BC T HH 5 F AE 32 REAR R 2 ] — B I 2 © AT = A S R A — 3 43
WM& ST © B IR S B T — B B A Wa i A o B R
T REFETE (document topic assignment) » WL SR I BIBSR IR =R T
RE o QISR[E] — SRR IR Tha e 0y A e AR e AR RO B -
XA EREEEEE B0 - RGN B8R E — Bk epis - 8
R IR — 20 o B sy © 28 48 /7145 Greene % (2014 ) ~ Belford %
(2018) [FIAR{E 45— 1 ERE LA T8 BB SR = il s e o AR A 1 E -
{H Yang 55 (2016 ) A FFCE FRETAC Z VHME - TS B B R — 2 8
FREMZ BT EECE 38 FERREAERR RG] - El S S RER AR A R LR
5 PR A — B - B =R 7 IE R R R AR S e —EERIRERY
FREFESE (token topic assignment ) » BT E S - (EFHRE Ry FRERRY |-
B8 =R - SR ER A T R RETE E B[Rl —HEC R R & Le i Fs
REASTR 7 Ry — 20 -

5 R A e o S I AR Py R T R R - R R R
O (K*) » At At A5 L A BT 52 % FF i £ B0 5 vk S 3 1 e RE R A Py — B3
Maier % (2018 ) R fl 3= REAE AU Y — B0 8 28 Fo e AT B 09 - RE B A R A 32
REH EHRIEEH o N E F 18 3R, B 55— {8 =y SRR B I R 1 Rt o L
JE ALY B AU S B e Y ERE - i LS B0k 0.7 -

HoA AR FCHIEE A TR L SR RS T AP AR E I & /57% - Belford 57
(2018) BRI AR E HEAIRTErE » BRT R A 69 o R S s B
REE TR — B o B 3R A SRS AR R AR E R ST - B
— 7R R A E R o R TR SR e m R SRS - AR DL
FIT A R BRSEERRE SR S MR B AR 18 - ERERA S 5 — (AU 22 S
FERAINGE 28 R W & BHSREAIRE SR T HUEE S 72 (set difference ) K/Mb AT AIRETE



FRBRER « EREARUME AL B A R M 2 e 207

RASEEASE (KxT) RYLEER « 2R R EBASERRESR G oe A » B ER AR 2= 2
H#ER0 5 e ANE o ZREFRR 1 - SIEEE SR ERIEEE - F
D7 B LE RSP AN T RE AR e MR B - A0SR R AR 2 L LR
SEMERESE O » FREERIR A ETRE -

Belford % (2018 ) B9 53 —FE 7 A F IS H IR I E# 5 — 2 (clustering
agreement ) I IEHI LA & EH (normalized mutual information; Strehl & Ghosh,
2002 ) it B W 2R R A A SR oz TR — B0 - MM RS AL 32 B A 7B A R A R
L (probabilistic clustering) £l » RS EZE X (dominant
topic) » HELERL S EHIBRBESRE KA TE » il Ry — T S T 8 S 50T
(cluster analysis ) 32153 (partition )! « #E5— KBRS R - H—fHEA
FEIE E 2 FRERY S AR XA R L EA MR F EEE - iR
B E] o S RAHIE] o AR Z BAH R SO E R R AR A A R E 2 =
HIEIE » BEIRHE nES SRy IR LA A &R » Al 38 Ry M B AR — 2K -
Rl - K AR AR E M E B R — B R R L A &R SEa(E -

Agrawal 5F (2018 ) FIIH & BRSR =Rl TEERRE R IE - FIH
TR RYEAREAE 2 KA SR P B AR A R B = AR E 1 - B M KRR
frsr o BRI EE - e RS A AEERFEA RN A m K
e T REAT ¢ FRRE R A LB E e Ry m/M - Agrawal % (2018 ) jRFEE Y
1E HBEFRRE IR AYAS E M o0 BOE F b I R SR LRy R A7 8 - AL s 7
PRI ERIRRETERY o B AR A A M RAFIRAS IR - SR e 1B T
FRBIFRIRRE Mo B - KIRZRER » BB 380 - FRE M BE R - (HELR AR
SE R A T AR BN R RN - it R SR EE A
527 .

Ballester Bl Penner (2022 ) #£3 ELELHR LDA ~ NMF A1 Doc2 Vec = fi F- AR
J78E 2R TR A (statistical robustness ) ~ fifiift /7 (descriptive power ) FISIEL
& (reflect reality ) S =HHHE » MG R0R FREGHE AR HE T LM%
EITEF ISR R - RIAE b - R A B B
HAESHAMERETE L - Ballester il Penner (2022 ) St AHAE 5@ #1400 =00Fy
PAEAREIE R b+ DUOFETR] 22 SO TR (R A5 5% 7 AR AH R 56 28 A i Ry AEHDA RO A
R BE HERARWTEATERE TREERRFAYRRENE o 85 DAL - s R
FREAE ARG IR ERY - oA L EER - AR EE— S SRR
STYHERTE R FRAEHER (standard deviation ) » K HYREHE 2 5o Ra% B SCAAE

! Belford% (2018) A SCUH T B REHARE YangF (2016) (ISR F- RS R -

? Doc2 VecFI| FIAFIHEHERS (neural network ) Hy 7 CHESL ARSI SCVFAHF B i+ PRy TR
HIEA (document embedding) ° FFHEARURISCH: » HARAZIRIERGZAR LRSS - B
IR IR A RIS ETTRARATER - BIEAE » Doc2Vecll NRESHE TREAE /13 -
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& FAA TR Y i 1S BRI AR DL 73 B BRI 22 52« AR KE P A B ST AEEL
TR BTHE 22 T EEARCRRVEE - FRREM AR A 2
FHE R » EUENIEE - Ballester B Penner (2022 ) 38 SCAF AU 43 B0 E T
H » fELDAFINMF _E o] UM IS L RERSR 73 1T COS » Doc2Vec AIH]
i COS FERI AU A (embedding ) [ ° Ballester B Penner (2022 ) BYH/F
Jefat  FE= R EEBTGIET » Doc2Vec fEATEEEEE T » AHEHA H AR
fE 73 o fesmfd M BECEANERRIAS IR - LDA AIGETE R IR 2 R TR
W Ryt - (HAER D RERIE AN AR - NMF JI7E E 8 E ey - B EER
TRAETE -

() EREZ PR ET 5k
TSR FA SRR - SO A 3R BSR4 A O FIGRIEE AR 2
R IR ¢ H AT DU P AR AL E R RE o AR 20 B - AEBE] 0 ST T
flETIRE - R A Ry S —H R R © B4l De Waal Bd Barnard (2008 ) £
e W ] 3 RE AR DU 53 B8ORT 5 8 s WA 18 32 REAE P S b HE B B SR se el
F1 o DARAfE =8 e Bl o, Bl - ROEETHE D EX M d) ~ d)y ERSHBEER 7
TEPra~Poafpin~ppy * De Waal Bl Barnard (2008 ) K E MR RN 573 BOE 78 5y
Y2 Piapip © B WAE T REAE 2 SO BRI BB SRAR AR - Bl BT 20RO AR U
iy LG
S3—J51H - AEE M ¢ ihET EREZ R LTERT - ]R8 R R R FF
3Ry =¥ - TR ERYREER G730 bl =R AREFEDUR 6 F 5 L5 %5
AL ET T3k - AEE G - Fs R A B - 2 HlE
wi~wy 2 1, 1 B R AR ESET AR UM E TR R - R RV BUE R E
HIRRIREAE T RS -
R1 AFEFLEEZAERE (§) fh3F A 1)
+8 Wy Wy W3 Wy Ws We w7
1, 0.09 0.15 0.10 0.02 0.25 0.18 0.21
1, 0.22 0.18 0.03 0.19 0.17 0.05 0.16
t. 0.09 0.12 0.08 0.10 0.33 0.07 0.21
1. Dlg ERIBREAR TEHIR R R BT, 2151009, 0.15, 0.10,
0.02, 0.25, 0.18, 0211JEz Frflira & - IR HBAE L RERIMERE AR L
RERRAE - R REO t A AR AR B R 0T - RO (E ke
KLD ~ JSD ~ Pearson fHEATREL ~ COS FIHTHIZRFER S (discounted cumulative
gain * fEfEDCG ) % o IR 1 Fofill - AISRER ] ISD UR ARV EALE T T332 - 1, Bl
1,1 ISD 73 Bk 550.09 » ¢, Bl r H53 85 0.03 « [KIEy JSD 73 Bdi/ly » et
HOAAEAARML - Arlle, B, Fe, Bl e, BEAEDL -
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2. DL bl T B AR B = I B S anRE A P iy SR S AR R R - R HR
BRI SR RTVUERESRERRE ORI - R 1 BT, BRI {ws, w,
We, Wob * T 1, Bz RIS BT RIR By {wy, wy, ws, wo} I {ws, wy, w,, w,} o FHEL
By A BRI RASERIRER S - SRR A R AR TACHT
Dice 385 o ANFERH JAC OB AEHAMERSE 532 » BEPR 1, Bl e, OBRSEERRE SRS
WX+ RS EAERRRASEEARE © KU - 7 Bl Mz Bl FITACETZ0.6 -

3. DLg b PrAT A8 Beai T BA S F a5 A IE o Q38 R RERY R 3 B TR
Spearman SEANAHRE 28 ~ Kendall 71%%{ (Kendall’s T coefficient » & KEN )
AR AR A B8 5385 (rank biased overlap » & RBO) « EUEE-H RBO MRy
FENEA 3103 3] FH B SR ARl RE N P b i {1 = RE R AR, » 3R 1 BRI
TR FEIAR ISR A e O AT PO E RS A RE UK « RURF - KRy r, B, LR RR SR
FRIRENEFE LLE AR, - Fr BRI Ry 0.85 » e, Bl HY3 80027 K - k2, Bl e,
Lo, Bile, BEAHLL -

Mantyla<# (2018 ) » Kim B2 Oh (2011 ) DU NieklerEil Jahnichen (2012) kb
AN R FEREAREL A 5 T A AIAHRANESE - MantylasE (2018 ) $RH Spearman %
WAHBATREL ~ JACHIRBO FE L J5 AL 3 L MRy E I - A%REHHE I8
FRRIRIRRE MR IR - A5 IR TS LA TS IR E M Bz M IR mrY e
Bt - KimB2Oh (2011) ~ Niekler B Jihnichen (2012) FYRFFEHEIR A 2 1 558
FAREIRISCARLE S HEI T2 KA A Ay AR (EA A = EAR U S AR
(] e o L e o A A R BT -+ 5 B (R Y R AR 2R+ e 5 A P
] EAEARIETE » thig EREARREMLETRYER - KimB2Oh (2011) FEERTAC
KLD ~ JSD ~ COS » KENFIDCG 7/ /5 2R A A IR A e i 3= IR AH
U - DIAH AR =R - ORI Fr A L BLAERRE (issues ) © 7E Niekler
Ed Jihnichen (2012) FYRSEHR - MU RO I, FRERR AL - PogH R
HRENERAOERE - ARIRIER] T ISD ~ COSHIDice 7 #(5F =& 7k dE T maflE Hih
Pl £ R FE LT -

(=) ASEfi/ )N

P& bty SCRRPERY nT B2 2 B i F R E AV E 7k - R
PR = e[ AR E A ) BN E - e AT Sy W M R R
AR — 30 53 B B AR R e TR 2 (B (Belford et al., 2018; De Waal
& Barnard, 2008; Greene et al., 2014 ) o FHERRERERL 2 A2k /0 Sy - Bid
A R ERER P NARN K ATRESE 2 AHE - [KIFLRASRA BRE 1T
7 PR ER I 2 R i B AR ET R & - SRR P LA B 1 I FH A S A
FEFEE RS R B HEC A - RERYAHELE o FRRL - RE AR 7 R E P 2 e
BHRTSHEENE XA EES A0 - Eal P F] AR i ERYFAEE
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RO ¢ AT LR TRES G - HIER T ERARERER T WA S
REZERIRE SR - [RIPLATFSORAR F Belford % (2018 ) F1Greene 5 (2014) i RV E
SRR MRIEAEZY - ARG BB AR S B TR PR — S i -

S—Ji1fi » Belford 5 (2018 ) f1Greene % (2014 ) DU —1iE 3-8 i THE H
HAB RS S YRR RE AR G AR AN G T R IR AR LI o PR A FH Pra RRIRE IR R
H BRI A/NER? - S X RV BIE A E 2 - (£ EEEFERR
grAn bRy EEA AL AR - S H PR RS IR - ER
AR E TR A R A A s (IS — DR - RIBAIZE R e 248
REAHDLE 7 A AR E Ml & - BH R B R A o B S SRR B
B LR R ARG R T+ WEREGE e AR A 2 i R &
AR S B AT -

1% * HElHA Greene % (2014 ) L Ballester Bl Penner (2022 ) £ #hjf
TGS E AR B A B E MEETTEREY » {H Ballester B2 Penner (2022)
Fr 560 FH B A% 8 PR 0 5 7 3 E BB S R SO s SR ERE R 53k | v i
Greene 57 (2014) {# Y SCAE R A IAMERY EE - HFEEHBEERHEE/] -
IR LA B SR FH 3= RE N BN H BB B H SR E R - ot FEE E SRR et
HI SRR 2 -

=~ Wk

A FEAE I & T RE AR A BRI i E% H De Waal Bil Barnard (2008 ) »
Greene % (2014) ~ Belford % (2018 ) fif Y - REASATE M HI S 204 - Hiake
a0 1R« OESCRERVEES » FIFLDA AR - TR
B GRS MABREEY 5 CGETH g — S 2 FREC FERIFEENE: 5 EFIRE
SEARAME ST B - OB REE R R - Ho i SEE R S B R E R E R
o) DU R RO E A & B RARBUME 43 BG T RLE — BRI — B 0 80 WA E
M(M-1)/2 SRR — B B T3S - R R E TR EAE - DU EREHARNT
FEH R SOARE R ~ FEEE DL A AR UGS 7 - ke AR —E
PERYET R R A A R R & -

() SCARE

AW BB A5 R4 (PTT BBS) b el I 5AS
EMVERSORERL o ARIFFEEEPTT BBS HR (https://www.ptt.cc/bbs/book/index.
html) E#EASEMAYSCE - FIH TR RRE AR SIS - G EERE
PRI H 2000 4F 1 HEE( 2021 5:4 A » 15 32,895 < -

SR B3 CAA F LR SGEE - P e T T - 7 2R
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B1 FHAEELTHRNETBETER

—
it ) FREA COERIE
e fit
FREHLLTE S
b oamrm
mesms |
SR (1) B —
=) FREEHE
HEEE 2
BB — B
()RR P
v
LR

AR (word segmentation) o ZNRHFEER F Hh O i ZEResa) AlRa e /) viH B 28 1Y
ckiptagger (Li et al., 2020 ) U ETERM » K ARV SCARY) 53 FdilZBr e
%] o [RINE - T RAlS SRR A ckiptagger FUFAIZEAZR (part-of-speech tagging ) f&
o BRHHERRRE B A FRE -

ST AR - RIS A R RYGAI L - SRR EE R Y T SORE R
HBIGARE - EIEEN H R R o ARWFE R AR - WRIEERRERYEA
FARAE B RE R b B K O3 SO T e - RS - A
)~ MTE ~ BV CEER BT R AR S SR EAYERRE - (H IR B B 50
R H IR B SO AEREEE ST /10 L ERYFRRE - 1583 043 FE AR [FIFARE

IR R SOREE S - DIGRE S s L HBRAVERIEETERE - 2
BT EDE TGRS » MR SRS - RGN ILET20,2874
B TSR ERFRERESOR 1,579,116 EF -

(=) T

1 A M ER AT Y SRS DUBGER E B 2 B A - RE A - A E R -
AhH5eER F python #&26 A M5 FIAY AT gensim (https://radimrehurek.
com/gensim/) * fiRANRy3.6.0 » {HFy 715 EIEfERY EERAAS R » T gensim HY
FH University of Massachusetts Bf#5HY 3 Ak g Mallet (MAchine Learning for
LanguagE Toolkit, http://mallet.cs.umass.edu/) ¥Ef T - {5 FIRYMallethii A 52.0.8 °

EAMZE  » EELESE oM B - SRR FEEE (K =5,10, 15, ...,
100) » REVI20ERERLS o SRS H A93RE [ SIS AR BEREE

3 ERAREI O PSR 2 B e 50 o IR GensimEHITEZRE » FIBEREL (iteration) H
FRFH GensimZE - THEEE 1,000 °
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BRI TEANBRI EERBATRE - AR T B A5 — AR A
P - HEHE R oM » BN EHERS - herBHRmReE - Kifisee%s
Mantyla% (2018 ) BUBFFEaEET » RAMRAUEH 35k 20 - G825 1 RARB AL F 2 &
AU R AR - oA B LEA R AAR LM At T iR DURERRY R B H %
LRI E R -

SR EPNER AT WaRFS

AR AT A AR LR AL ST D5 iR ERET - L RERYRF T DUBE AT - 1. 58y
IR - 2 RS B SEFEEEE S 3. 3 AR R B RIE 55 /7 =R
F o ARWFFEIE AR SR N T R e A E R AR E M &
ot AR A B A — R 55 - ARWEFE R A T ki A R - TS
Fra Rt EEE 7R 0 Bl 1 2 [ » I H FRE M AE M - HAREH 3 8ok - DL
N ERBHIE /R TR S AR S A R B

1.JSHIEE (JSD)

ISD "] DUMliE R E =R A 722 - 2 LAKLD R RRER4E - HAYE
R TUEE KLD AEE ~ 3HE 5 BVHEIE A E (B RTRE R AR ) %R - JSD
FHEIEE O Bl 1 [ - AR EIER A mAE L - ATEMZ BRI ISD &/ (Kim
& Oh, 2011) » [KIgt - HEFILFAREAIBESR A BIARLEE - BUES i fEfiy
FR S ke 180 2 R A 2 j AR Y268 118 R AR E SR A 0 i i pucflide »
FIFH ISD A 38 MaflE AR AL 53 Bisimy o (tue, t)RF » FTLUEFE Ry 1IRZEEM
ZEIIISD 38y Sdiv(dullds) » gk Esimysp (i tjl) = 1= JSdiv(dulldj) °

2. IEMIMRTREWEE (NDCG)

DCG 22— BERYHIE STk - 3 AR =0 [ BAn A 30
(Jdrvelin & Kekilidinen, 2002)  FIFA =T [ S0k SR IERZ FE S R AHRR MR =AU
FHAEAERATY o FrLlE TS [ Hoet E 7 U KA S
SREH TE I ZEAH LRI AHRR M 20 BR DU ERE S S e A7 AT B - FE A&
SIIEMER A EEE N - AR RHE SRR T HIRY 23 MO 2K - fEAIH TR E
E o B hy 7 AERR T o Bk R T A SR E A 0 B 1 R - PR IERR T AR
4k (normalized discounted cumulative gain * f#f NDCG ) » il H[KIFs NDCG i
BTN R EEAY o D ENDCG(Mu, ¢j1) # NDCG(¢j0, du) » T LA 32 e, Bl 3= 7
I FEARL I 3 B simupce (o t0) TE 35 Es(NDCG (i, 1) + NDCG( o, e ))/2 » i L ELfi
BIEE -

3. 8R5AIE (COS)

COS LUR I ) & A A AN (Maier et al., 2018 ) » 538 Rl [0 5 7 1409
FEBUEE -+ ANSRSE R sy TR 58 AL - COSHYMIERE R Ry 1 » AR 5e a4
B0 BIEAS R Ry -1 o [RIfL » 7530 2 e, B 55— (A Y A 3 R G A RN 53 3
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simeos (tuo t)RE - AT UK E A EIEERE SR g Mg B R & » FIH cos
HEFTAEET - R simeos(tue tr) & Cos(Pu bj0) © HEIR COS HUFE L HEIAE -1 2 1.2
o (HERy ¢ EEAIREAIRSREEDE KRB0 » AT DAL 53 Bisimeos (tu ti)
(BRI AE O B 1 2] -

4. Jaccard 5 (JAC)

JACHRH B A R E S SR - HETE T R miE R AR EN
I TC R M SR DABEER I TC 3R M B - A1 SR R S5 IR 2R E AR - ©fM
AR SRR ER TP TCREFIEMIEML - FTDAHIACESR 1 R - WSS
HITC R E AR - EMR LA TR ESL R SR TTREHDRS -
PERER TACHEE 0 » LU BB SR ER = 0y A U RS A RE T U SR 5 R
RERF B PTER F JAC 3Tl — 5 R8I AE L 538 (Belford et al., 2018) ©
40 3= Rt B R R T BB SR B = I 5 58 A B SR 5 43 & R BERy, » flia T
FRBLE: 53 Bhesimyac (t t) » AT DUE 8 Fy Jaccard Ry, Ry) » KI5 227 Belford %
(2018) HIWFFEERE » IR 10 R i s i RS ARRE TR S S AR -
HHET=10 -

5. ¥k mmES 52 (RBO)

IEANSERTEAH BT FEn et & - I TAC L3R (E BRI AR UM 20 3 15
FE R - RERY BRSEARE RV BB - WA EEREE FENEE Y - EEN
U AR AR AE R ERBESR LU LI - RBO RJ LA & Rl g il i A 1
FREZENE - S EREORARRRE (RS T E AR o BN RESE LR B )
(Webber et al., 2010 ) - RBO HYAH SRAIE(E0 Bl 1 [ + IR RBO 7380k 0 » o
B FE R EAIRISEERESE A 5 AR RBO S EUR A » FKonia mifiEl FRERI R
PR H R M IEREEREET (Mantyla et al., 2018 ) © [KItL » AEFZHEF R
53 Bisimego (ti, ) E F6 FyRBO Ry, Ry) » BLTACAHIE » A2 32 AT AT 10 (8B =R i
ERHRBATR SRR AR EE - (HFREFEI S ARBO Ry, R)IRyEAR;, -1
T —RIFARE QAR R AMTE £ R ERBREET -

6.Kendall T{%E{ (KEN)

KEN & F SR A5 T W 8505 o2 NE e BB P R AR R AR 8 B — TR (non-
parametric ) fta1/7% « KEN G E I —EEE] FryEkE E B rE H o rEEIE
FEBRARAE S — B 805 |- 2 A5 R S Fr (g B - 5 ECAR BT I 3 B PR AT RE S0 1
K EMAYKENER 1 - AR ARARFRRE » EMRYKEN{E R -1 « AWF5efefh
1 R, B R A REBL Y 53 B s imucen (tu G)RE » BERATAIRERESR 3 71, Mgy EIY
BRI R REARE ZIE R R AH R £R - gk Kendall (e, ¢0)
{H/2 KENBUAS SR EIETE -1 B 1 .2 « RO/ INA 0 OB ERER R By 0 » BEAHAEL
T3 Bsimyey (e t) W {EFIEIFE O B 1 21 -
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i87NHETEARIRT =28 (JSD » NDCGHICOS) #EARIB AT RARANUASRIR
LR - JACHIRBO HIGE R iR s B R a e A AR R - Hrp
RBOEFHREFARGHVRRIET - 4% KEN Rl DU E FARERIRSRIE Mok AR
REIHFEL -

() = B — S B AR AR T

FERSE TR AR AL Z IR A A AR IR o B 1+ 38 250 B A b ZF A B
7 ETTEEETR o EARETEREE o ARG RETEICEE G %
AW FERE T RBCEHE FAHRIRI D] - PRIk o EEGE LT
ARSI Z [ L RERC BT & BRI B

ik 0 R E R RO BOE TS - RS Rl R
RUZ P —2Mor B - WU — 3 AR 2 F— 25 o B P (O AR E T
AR - ARTFERE AT 1R H AR R s -

P~ e A RS R T A B0 RS R o A

() AN EREA A E T 5 ko T - RE R A AR IR B 431
S TR R H 2 REE AR AR T T - TR R R A A
HAEMUEENRERE - 52 - A FIEEAEIT TS % - B8 B
(1 RERE S O 2 A By LR ARE MR R B SEAIER - Kt - AERAFTS
AL FREE R ST DR RO G - OB AR E M & b
AHBITEIRCR © AR FEEtE LDA LA RHIFIREAA B T AR A 20 118 TR
B RN TR TP R R AR EIR AR o R HERRR B R E TR - H
A UK B H 3 By 25 » ARACATHE— S BUR A F L REHE T L ERCE A
PEoP AT - RERANER 2 - ZEME EREA IO R R AN EIR AR - A
ERERICEHERTE RS (4,750 51%) IWE 43 EL » EHRAEANZE - A2 E R
NEETTEERA R L ERCERS R - Rt e E8ER2 k-
%2 25MAEMey EAER AL
ERABF W7 kBB
ERHPRECH R A {5k (%)

NHE AR 76.99
PEH AR AR 8.51
fE APy R A AR (E] 8.59
R = AR 4.80
(S AR 5 1A R 1.11

4 ARBFSESHALDA SRR AE AR AR R CE T A4 2018 R - #8190 (20 % 1972) HHi
B SRR A2 SE ERENCE - K AE4,750% -
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222 ECEHAS SR nT R BN [E ik 2 A R m EL B S MR RIS T - N1E
T AR AR A BC S SR E E 76.99% » PUREBIYFE L 75 3 R B HAL EL AR
FEH]94.09% (76.99% + 8.51% + 8.59% ) ° 5 Z » A5 T REAFIEE E M
s HEHE " EAERNEEBE (K feE2E (afp) T SHEHEESUES
AT R AR AR ) T RE FE R AR AR S R4 T FE R A e a1y iE 2t AH
PEASETJTE AT LUZERIRBUEIERY R -

BRAR » B TP IRIRA RIRIAR U A 3 U532 & W a4 5 R i
EHER 2 RIS AR v - MR A RIEC B RAV LR - Ehlhs R
EHRER3 - HREE T B A HEIRIBC ARG R LERS R S REAY » [KItL
73 H B HULRHRE SR N0 - BB VTR B AR RS SRAYEL B - AT
e LRt 3 BB ERY T ELY | SRR R EIE - BIA01#EE COS BEENDCGHY
FeEAER ek [ COSIE—1THINDCG 3 —¥! RSB -

%3 WAkt O ik BT AR ) L # 4 R g

ISD NDCG COS JAC RBO
NDCG  90.88%
COS 90.15%  96.48%
JAC 8581% 8459% 84.06%
RBO 84.67% 81.71% 86.80% 87.92%
KEN 95.83% 89.68% 88.69% 85.07% 84.38%

3 & AR % B A AR BCE RS A Le B 28R 1E 84% LA E - ik
e A At T EERA A E BT RO AT RS IR o AW TR R 3 1ol SR A 58
FOHFEREREE L (complete-linkage clustering algorithm ) » $HHFC EHE R BET
BT « (el 2 B e SE A S n] DUBIER BE e 7k v 43 F i » 28 —#H2 COS »
NDCG - JSDFIKEN -+ 5 —#HHIZIJACHIRBO » fE[FMHARISTE LA E T
HIBCESRS IR o Bi—HH 55 AR 28 PR B e B BREEAE 5 AR R ¢ R BB ER
NEFE » £ —kH RIS E A AR KRR 10 (BRI SERAIRE HAVEER - Bl REEiERk
B MR TR A 2= R 2R -

B2 RAFAE B BCH & RG] o AF SRR RS ST T ik g R

RBO

JAC

KEN

JSD

NDCG

Cos

0.84 0.86 0.88 09 0.92 0.94 096 098 1.0
ST EZ AR R
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(=) fefe ERERCEE & P AR U AL B 5 k0 4 B AT
AT IR A A U A T T E e i AR R R & E RO 5 857
10 BRI [R50 A FRE R AR B R T Y22 2 - 8] 3 RoR At
JIER EERCE AR S B A
3 BAEARANMEAE R ik 60 EAABCHE AR B AR

Measure = JSD
3500

Measure = NDCG
3500

3500

Measure = COS

3000 3000 3000
2500 2500 2500
@ 2000 g 2000 ﬁf 2000
& & &
o 1500 o 1500 o 1500
Ll H Ll
1000 1000 1000
500 500 500
0- 0- 0-
INVOVYDOLOADDQ I NVOVYDLOADDQ INVOVYHLOADDQ
(SIS N NN [SERSESSENSN NN N NN [SERSEN NS N NN ENENE
FREARLUIE FREARMUE EREELIE
Measure = JAC Measure = RBO Measure = KEN
3500 3500 3500
3000 3000 3000
2500 2500
@ 2000
&
o 1500
H
1000
500

EREARLE

EREAELUME

DU ARE LB EOT0 - R SRARIUE a5 R0 R — R T35

1.JSD » NDCG#1COS

B =R REL R R A P A R EE AR R LAy BB R R R 2 - ISD AN
NDCG HI#5 R EE R, - KEIAAE04F] 1.0 2/ - HRER/ME S T RE & [#H
HAEMWE SIS 2 - 095 1.0 2[5 7176 2,945 ¥ (5256 4,750 $f 378
1962.00% ) B13,201 % (67.39%) » 12 0.5 B E AT 45 1.22% H12.29% - COS
A EI R HIFE 0.0 F 1.0 2 [ » KRS/ BCE A5 SR A E m AR 73 8
FEUEAE0.9%1.0:2 [ 2,650 % (55.79% ) » VA0 SHIRCEH#459.68% » HAE0.0
0.1 2/ » AL2EBRY 1.75% °

2.JACF#RBO

JACHIRBO #i 2 Bk H B SR Al 55 AR U R AR BRI R - AR At 5

& SERRE TR o MO AT R Y - o AR AERIAE 0.0 2 1.0 LA 1, 0.5
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DL AIBC 3 R 2800 61.71% B2 76 .11% © I AC Al S5 20 0 - REAEDL 43 81
WIS Fy 1 - B R 2 M B A 72 IR BASEERRE - RBORYE AT
BNy 1 BoE R T BAT 2 ERRBSREGE L - BRI FE R IE 7 A
[E o FEARMFZES - JACHIRBO 43314 566 Hf (11.92% ) Bl 54 #F (1.14% ) E&EHY
FEAAE 53 8k 1 o AENHEJTiAMR » DOG Mt 7 R 2 AR i 2 AR DL 23 OB 0 B9 15
& » JACHIRBO 7373145 230 3f (4.84% ) Bd 235 %f (4.95% ) BIFEAME 3 80k 0 < 32
ST FonA Sl B £ A 58 AN RN RHSREARE -

3.KEN

KENFY = RERC BRI > B R HIAE0.0 0.8 2 [ - A5 34 4E0.5%0.8
I A EERY 73.56% » HE A EREIHRE]0.76 < TEAMFEH » FHEA HARAEEL
MEAEEF 7% KENARBESR—{E 80 _EAyEoR e H B H A E B i E P RERAES —
S FREASHER R Z= SN ET EREAHRANE - S A M TR g E ARE AR B Y
Wil R B — B N ERARIERE o HAE R B TR A ER B AR
FEE /NGRS - PTREE ORI EE A RE A S 2 ERIE - P2 KENRYET
B KIELAT S SRR 53 S S s At 73 R -

() FEHH B BT s 2

AFFELARER FEHH (K = 5 ~ 100) &7 20 FRERA - SREGHIE
FREESAE S F A E TREN - B4 LAITRE LB R EAR R E
FEEH TNEHNDCG ~ JSD ~ COS * RBO ~ JACHIKEN F A &S5 FIITEE
P o fElE 4 FrTEIEE RN GRS E U5k o BEE EEEE NI - RREEEEH
HNRETETR - W BAERSE EEESE 2 » DIAfEEEN B R BT E

B4 R EAH B H EAERAE TP

10
0945,
0.8
\\
07q% AEHR
ﬁ 0.6 | '\_1_\' _______________________________________ — NDCG
o “Rse T --- JSD
i 051 T —— e T cos
P I RBO
= JAC
0.3 1 -+ KEN
021
0.1 1

0+
5 10 1520 2530 3540 4550 55 60 65 70 75 80 85 90 95100
TEH
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HHRE A H r R S A 2 - HRIR AT RER it ERE B S
fEAEARL ey SR A A - PR SRS ~ AN SRR
BOHABENEE - ATRERA T2 Y L MEIAAE S — AR AU EE S A AH L
MERE - MBI R E T -

F

FEZ LDA FREFRBAE SR TR FE AR BRI » FREER AR 1
=AU BT o 4£ De Waal Bl Barnard (2008 ) » Greene Z (2014 ) Bl Belford ¢
(2018) fH VRS E MR 28 - R IR o BT ik R = RE
RASRRE MRV ESRE o 00 H AR i RO A T EREEE RS PR
S ER - AR R AR F D FUCAR [FAB LA B 05 vk RS M 52
B S S R AR R ETTEREY - AWFSCERF PTT BBS H15# 30,000
ED R T SOREE S » WHERIISD » NDCG ~ COS ~ JAC » RBOFIKEN
FEARMUEMLET 7R ERERR R 5 K8 HE 2 RE S 7 2 1% 78 AR O S5 SRAR R 19 B
B WS A FEAR UM AL T T EAERC B 2R AR S B A - BRI EREY
FREEH B TR E IR - PRSI A DU T RYEE ¢

(AR EHE H UL FE RIS SR LA Ak Ll R R AR (A A 31 7 354
I REA AR E MR RCR - NS BUARTFSE AT ERaAT Y /S TEAR UM A 5 5 R R
FESRAEEIR TS T LLBIAEE & - R - ERRE MR AR - BT HES T
F9 3 RERH ST E R - J T ERE R EHERSUR o AR
W7k FE A T ERIERE - BUR R A B BR SR RE U e il B
HHEFE A -

(AW TR T AR A > BAEE 5 e RS Bk 4
RERCEHE S EAFBEUE S B A - H il EREEENIRR T M E T AR R
SEJTHIPERT « TESTEJTE o ST SRR £ EAY R SRAORy 1R
Y ISD ~ COSFINDCG 5 =1 7 1A v DABH St B A S s Bl A AR E =iy
FRBUE 28 - H2S » REHS FSE I8 = 5 i A 0 60 o R SRt T 3 R )
7 IRT% DUBR = B AR AU 43 BOZ A R A B Y PR AR DU 3238 - TACFTRBO W
T 7 v A A P A B D BB SRR ) RS BRI REAMOR R - BEASAR UM 2 By
SYAAMROTEI - BREEE RS o B e ERE R R S — AL AR
R o {EHEFIFH JACFIRBO 71k v 2 30 1 B S AR 5B 58 2 MR 558 2 A [HIY
FRE - KENWEET AU R IB I — EEAREAE AL SR R E - S SR 2UE
F& o SRR K 25 B AE B S Oy W 18 S R AN AR -

EAWTERH - FEHEHBRBEEERANZE - - REIYAEEE
fEET LA TSR ) - FREEE AR F AR A TR NI - Greene 5

%&
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(2014) F Ky » T REAGRRRFER 2 Ay T RE RS e/ Y A - S RER
A E-L A - A SRR RE - AUFTeRRE R B R HE R TH
FFE - ARMAHIZE 2 M LDA FREAEAITRE EETTHE - AR Greene %
(2014) S NMF EEZEAYIHSE o FLAD » Greene 5 (2014) WY E RS E &
B—EFE » HRESCAESAR E-EEE A% ; AFFeiI DR &Ry -8
ENRER B E - RESHSUE R TR RS ZE 1 - BB R HE R
A H AR E AR BT EREED -

8 A aIRFeRi R - FAMEEEE LT IRE MR ARSI IERY S71]

(EEAIFFERRE B RRIR AR » AT E A AR e T &
A U AT B0 5] G Ry 20 » GAESE FH JAC R R B O e /5 PR {5 FH 10 {18 B 8 Al 5 A
R FRERHE » AT G A [FI A U S5 B B S Rl 8 SR e 1 A s 2 -

() H BRI AR AR E R - KRR A E AR 4 BT AR Y
2 - RARMEF AT LI Maier & (2018) FI ] REIERERC Sy 3 REH
AL - BRE G B AR BRI R T W AR R T R R e
HYERE - BIANEE SN EDTERVRAE - S58EHISD » COSENDCG F 5 iAfERL &Y
AREEEET S - MR E A i AR B - AR A TACER
RBO 55 /7 {58 PSR b AR e 1Y - RE S H PR MR E Y 5/ -

M E AT ORI - FEEH 2 — A E B Em A2
B FEBHEHE TR LR MR R B AR (interpretability )
FREH@EZ - EANFEEG M (narrow) » FFE (specific) IR »
BHLEARNEETRAEGHDNS s ke » TEHBERD - KHESE
R E R - HEE SIS E 2 F— A (Maier et al., 2018) < @A
ARHE 2R I B A R e i R R E - S FE A T e
(Maier et al., 2018) * Greene % (2014 ) FEHFIFHFR E R B 4 T REBH AR -
A FERIE R AR v] B S F B & A e AR B R E i R R -

(Mt - i E SR - {E 20 2 F AR E I ErRE - ¥#E
T AR A AR AR - LE— P BRI AR E MY
T3k 0 BEASAHER A BRA N R E AR Ry EEETRER DL - SESTRST
FIFEREASEE - HRTCH A RE TR - GIAIETER) Chuang 5
(2015) ~ Lancichinetti % (2015 ) ~ Koltcov 3 (2016 ) ~ Agrawal % (2018)» Maier
% (2018 ) A1Mantyla 5 (2018) »

253K
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Topic modeling stability is a measurement of the extent to which models
produced by the same modeling approach for the same corpus and with
the same initial conditions have similar topics. Since the method used for
calculating similarity between topics is considered the basis for measuring
topic modeling stability and topic alignment is a key step in the measurement,
the present study first calculated the proportion of identical paired topics
among the optimal combinations of paired topics generated using different
topic similarity calculation methods, and then observed the distribution
of similarity scores of paired topics for each method. Finally, this study
performed an analysis of the effects of the number of topics on topic modeling
stability. The topic modeling method used in this study is commonly used
LDA topic modeling, and the corpus used to establish topic models including
about 30,000 posts was collected from the PTT Bulletin Board System (BBS)
Book message board. The results indicated that there is a high proportion of
identical paired topics among the different methods of measuring similarity,
although the similarity scores of paired topics for each method had different
distributions due to the different kinds and amounts of information of word
distribution in each topic they used. The results also revealed that with the
increase of the number of topics, the stability noticeably decreased.

Keywords: Topic modeling, latent Dirichlet allocation (LDA), Stability
measurement, Topic similarity estimation, Topic alignment

SUMMARY

Introduction
Topic modeling can reveal topic structures contained in a corpus and aid
in the rapid and effective analyses of large amounts of text. Currently, latent
Dirichlet allocation (LDA; Blei et al., 2003) is regarded as the most popular topic
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modeling technique among researchers and is widely used for problems involving

text analyses (Lancichinetti et al., 2015). However, in practice, even with the

same parameters and corpus, the models produced with this technique somewhat
differ from each other, calling into question the reliability of the analysis results

(Maier et al., 2018). This problem casts doubt on the usefulness of LDA topic

modeling (Belford et al., 2018; Chuang et al., 2015).

Topic modeling stability is a measurement of the extent to which models
produced by the same modeling approach for the same corpus and with the same
initial conditions have similar topics. Several methods can be used to measure
topic modeling stability. For instance, in the present study, the framework used
for measuring topic modeling stability (De Waal & Barnard, 2008; Greene et
al., 2014) involved producing multiple topic models through repeated modeling
with the same corpus and number of topics and then performing topic alignment
between any two topic models by using the Hungarian algorithm to determine the
optimal combination of topic pairs. In this combination, the mean similarity of
the topic pairs was the agreement score of the two models, whereas the mean of
the agreement scores was the measurement of the topic modeling stability.

According to this measurement framework, the method used for calculating
similarity between topics is considered the basis for measuring topic modeling
stability. Belford et al. (2018) and Greene et al. (2014) used Jaccard’s score
(JAC) to calculate topic similarity; however, their approach considered only a
small portion of information in the word distribution of each topic. Therefore, in
the present study, the following six methods for measuring topic similarity were
used and compared: Jensen—Shannon divergence (JSD), normalized discounted
cumulative gain (NDCG), cosine measure (COS), JAC, rank-biased overlap score
(RBO), and Kendall’s 1 coefficient (KEN). Topic alignment is a key step in this
measurement framework. If two different methods for measuring topic similarity
yield highly similar optimal combinations of topic pairs, the two methods may
have similar stability measurement outcomes. The distribution of the similarity
score of paired topics can also indicate which methods are more likely to identify
the topics that appear in most models after topic alignment.

This study performed the following analysis tasks:

Task 1: Conduct an analysis of the proportion of identical paired topics among
the optimal combinations of paired topics generated using different topic
similarity calculation methods.

Task 2: Perform an analysis of the distribution of similarity scores of paired topics
for each method.

Overall, the study conducted by Greene et al. (2014) is regarded as one of
the few studies analyzing the effects of the number of topics on,topic:modeling
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stability. However, the corpus used in that study had few topics, which were

already clearly defined. Therefore, a corpus with a greater number of topics was

used in the present study.

Task 3: Perform an analysis of the effects of the number of topics on topic
modeling stability.

Research Methods

Word segmentation, part-of-speech tagging, and stop word removal were
performed on 32,895 posts collected from the PTT Bulletin Board System (BBS)
Book message board. Posts containing at least five words were selected to form
a corpus for analyzing topic modeling stability. The final corpus included 20,287
posts and 1,579,116 words. The topic modeling inputs consisted of this corpus
and a dictionary. For each different number of topics (K = 5, 10, 15, ..., 100), a
total of 20 models were created with fixed prior parameters o and f3.

Next, the six methods of measurement mentioned earlier were used with
any two topic models to calculate the similarity between each topic pair. The
results of each method were then adjusted to be between 0 and 1. The greater the
similarity between any two topics was, the greater the score was. The similarity
scores of all pairs of topics between every two models were then entered into the
Hungarian algorithm to align the topics and obtain an optimal combination of
topic pairs. Analysis Tasks 1 and 2 were then performed.

Finally, the agreement score between every two topic models was obtained
by averaging the optimal topic pair similarity scores. Analysis Task 3 was then
performed using the mean agreement score between each pair of topic models as
the stability measurement.

Research Result

Task 1

This task involved assessing whether different methods of measuring
similarity had the same effect when measuring stability based on the proportion
of identical topic pairs in the optimal combinations of topic pairs. The results
obtained indicated a high proportion of identical paired topics among the different
methods of calculating topic similarity. The proportion of identical paired topics
among the six methods reached 76.99%, and the total proportion even increased
to 94.09% in four or more methods. For any two methods, the proportion of
identical topic pairs was 84% or higher, suggesting that any two methods had
similar stability outcomes. However, slight differences were observed between
the methods that involved the use of all word distribution data, such as JSD,
NDCG, COS, and KEN, and the methods that involved only a few keywords, such
as JAC and RBO.
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Task 2

If a method for calculating topic similarity can yield a high similarity
score between postalignment paired topics, then this means that this method can
differentiate between similar topics within different models and thereby identify
stable topics in each model. In this study, rather high similarity scores were
observed among most of the paired topics when JSD, NDCG, and COS were
used, which are methods that involve the use of the occurrence probability of all
words in each topic, showing that these methods can easily identify stable topics
in models. JAC and RBO are methods that involve the use of a set of keywords
to represent topics. In this study, these two methods yielded similarity scores
that were scattered across a wide range. In addition, approximately 5% of the
similarity scores were 0, because the corresponding paired topics had completely
different keywords. The KEN method considers every word to have a consistent
order of occurrences among paired topics. However, each topic contains several
irrelevant and low-probability words, which may cause similar topics to exhibit
dissimilar orders and hence lower the similarity scores.

Task 3

This task entailed measuring the stability of topic models with different
numbers of topics. The results revealed that with the increase of the number of
topics, the stability noticeably decreased. This may be because with the increase
of the number of topics, the topic ranges in the model became narrower, and the
distribution of words in the topic became more prone to change. This may have
resulted in an increasing number of topics being unable to align with similar
topics in another model, thereby lowering the stability.

Suggestions and Future Research

In this study, topic alignment was performed using the Hungarian algorithm,
and the agreement score between models was calculated on the basis of the
similarity scores between paired topics. Future researchers may refer to Maier
et al. (2018) and use the proportion of possible pairs as an indicator of model
stability to develop a method of measurement that is suited to direct interpretation.

During text analyses with topic modeling, the number of topics is considered
a key parameter that determines the scope, accuracy, and interpretability of
the model. Several studies have employed perplexity or topic coherence as an
indicator of topic model quality to determine the optimal number of topics, and
some have even involved manual reviews (Maier et al., 2018). Therefore, we
suggest integrating stability with other quality indicators to determine the optimal
number of topics.
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Finally and most importantly, the methods used to improve topic modeling
stability should be further developed. Increasing the level of stability can help
increase the possible similarity in topics among all models produced under the
same input conditions and thereby enhance the reliability of the text analysis
results. Among the current studies investigating this topic are those of Chuang et
al. (2015), Lancichinetti et al. (2015), Koltcov et al. (2016), Agrawal et al. (2018),
Maier et al. (2018), and Mantyla et al. (2018).
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