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ABSTRACT

Given the growing volume of biomedical papers, the ability to efficiently extract keywords has become crucial for accessing and
responding fo important information in the literature. In this study, we conduct a comprehensive evaluation of different unsupervised
learning-based models and BERT-based models for keyword extraction in the biomedical field. Our experimental findings reveal that the
BioBERT model, frained on biomedical-specific data, achieves the highest performance. This study offers precise and dependable
insights to guide forthcoming research in biomedical keyword extraction. By establishing a well-suited experimental framework and
conducting thorough comparisons and analyses of diverse models, we have furmnished essential information. Furthermore, we anticipate
extending our contributions fo other domains by providing comparative experiments and practical guidelines for effective keyword
extraction.
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(Z 1) Hlole] MAz| ofA|
(Table 1) Examples of data preprocessing

Al 1

cadusafos inhibits hatching invasion,
and movement of the potato cyst
nematode globodera pallida. ...
the inhibition of hatching was
permanent.

globodera pallida, cadusafos,

o
e
P
Jhu

7= hatching, nematicide, nematode,
potato cyst nematode
BIO Label [B,O B OO, ... 0 0 B 0O O]

A 2

vera peters and the conservative
management of early-stage breast
cance. ...... in the years that
followed, prospective randomized
studies confirmed her findings.

o
e
P
Jhu

vera peters, cancer of the breast,

= early stage, lumpectomy, radical
mastectomy, survival
BIO Label B1LOOO, .. 00000

: ]
T 719E 3% 292 FirstPhrases®} YAKE[4]
Atk Iz 7N HXE J|9E F& Jfgi”
TextRank[5], SingleRank[7], TopicRank[8], PositionRank[19]
18] MultipartiteRank{10] =9-S Ao A3
BERT 7]4te] 7]9|& % R¢ 2= BERT[13]¢} BERTS ¥
3l 29l DistillBERT [20], XL-NET[21], AIBERT[15]E 2
ol G&FHa. T3 A3t Folol] E5lH dlolE| 2 A
A 4% BoBERT[16]% 7191E F& Ao Estd
KeyBERT* Rd% Ago] ARE3IT

Publmed

NamedKeys
Abstract
Cadusafos inhioits haching invasion, and movement
of the potato cyst nematods globodera pallida Fine-Tuning
Keywords
globadera pallda, cadusafos, hatching, nematcide, PR
nematade, potato cyst nematode [ Token Classifcation
Cadusafos— B
L inhibits — O
Unsupens BERToass BERThme hatching — B
nsupervised - \
(base) (fine-tuned) e M @)
i | b - o \
| FrstPhrases 1 1 | BERT ||| BERT || and — ©
i ! i i i movement— O
TextRank DistilBERT ' [ pisti {
{ i I i ' DistilBERT I o — o
i (= i i —
5 SingleRank E i XL-NET E VU wener te — 0O
i i 0 0
| TopicRank ¢ | | AIBERT 1 ! w— | [ potato — B
f 0| | ! | ABERT || - :
| PositionRank | |  KeyBERT | ! : ost
: 0 | | BloBERT | | nematode - 2
| MulpartteRank 5 ! Bio-BERT | | ' ==
' 0 g 0B 3 globodera—  ?
i i
| OYAKE 0 0 3 i pallida — 7
' [ U | J
\‘ " \‘ U 0 ’I
..... { \ ) )
./
Keywords Keywords Keywords

(j-_';nl:l ’|> 7|_r|: 7<7< EEIIOI /\-I'— |:||—] AlS -I .LLE."OI_?,_IE_
(Figure 1)Performance comparison experiment
framework of keyword extraction model

(% 2) BERT 7|8t =&o| mi2jajg] 75 X ofAl
=3 o5 AlZb gl
(Table 2) Comparing the number of parameters
in a BERT-based model and the
training time for fine-tuning

Bert 7|5k 29 s g 7l S At
BERT 110M 1240sec
DistilBERT 66M 1160sec
XLNET 117M 600sec
AIBERT 1M 1190sec
KeyBERT 66M -
Bio-BERT 110M 2750sec

* https:/ / github.com/MaartenGr/KeyBERT
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(F 3) 480 A== sl=d] 2 A= EQo] =4
(Table 3) Hardware and software environments
used in the experiment

TE &
CPU Intel i7-11700K @ 3.60GHz
GPU Nvidia Geforce RTX 3060
RAM 32GB
oS Windows 10
Language Python 3.9.0

DL Framework Pytorch 1.12.1

CUDA CUDA 11.3

BERT7| 4} 2}do] A RAES] seny 7Ee
29} 23 AP ghE Ao RUS B Yol A5t
7] 918 Tdle] getuEE A vA 24 EQ
3t 7)19E F&2 EFC] S R EF
2ys} 2ok wekA B A= BERT 7]16He] AP 8h
H Qo] RAE J|9E FE4 AL 8 EF
BIO 2ho] Foi¥l HloElE A§-3te] Hdo] EF9] 2
B EFY £ AEE A AT BERT,
DistillBERT, XL-NET, ALBERT, BioBERT Z.49< 1A
Fg3taen 7195 % Ao 53} KeyBERT &
9 oA 2R okth wA 2ol A& slo]H
3}2}H| B = epoch = 8, leamning rate = 8e-6, batch size =
8, seed = 0°]™ Adam optimizerS AM-3}%ith BERT 7|
W R So] mA ZAHd 228 A7+ ¥ 29 72, 4
ol AL FEgo] 2 AZE o AT FAL
I 33 7tk

=2

i

0

M
"

3.3 I X|E

7195 32 45s Frletot dWHoR ASEE
B7} A&l A E(Precision), A& E&-(Recall), F1-Score=
AMESte] 7191 & B AFg sttt YL,
A&, Fl-Scorer= & 491 & EF5ABE 7IF0E &
gt AU, AFE, Fl-Score s AH3

M, @, 3% 2k

(2 4) es¥H =

(Table 4) Confusion Matrix

Predict
P FN
Actual
FP ™
TP -
precsion 7TP+ P
P
recall = W\[ (2)

2% is10m X [l
Fl _ precision reca

©)

precision+ recall

4. 43 23}

MultipartiteRank 2]
HAFQth ©]9)o)= YAKE®} TopicRank®] Fl-Score= 7}
7} 0.141, 0.1292 T2 A& g5 7|5 719 = & Bk
Hop AAeRs 52 458 BAFIh

W 2 BERT 714ke] 7191E 5 Rdo] AS nA =
Wo S HolF9th
UEE A BERT &
£ v 2R ekoks
=X
7]

s

AFE ool 710s
Hke] F)9E 2 7y
oF 028 ©]4+2] Fl-Score S Bt 1% A9
g} okl dlo|HE APdEs ¥ BioBERTS] Fl-Score”}
03152 718 =& 4458 BTt ol 53l Aejst &
oFe] NYE FZ A3 A vA| 243 BioBERT 295 A
L3k Aol 71 afH o= AMIS AL

4.2 7|9 F& 21t Hlw

Aol A" H7Y ElolE F Al = 2534 714
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(Table b) Performance comparison results by

keyword extraction model

I £ 63 ek & 69 oA g AFAIS Ak
WoZke] AAe] g WEolH JEE A B AF
(potato cyst nematode), A1%-(nematode), %Al (nematicide) <}
2E dojEolth

P | R | F
HIA = fﬂr{% 71ke] 719 F& BEe oA )99}
FirstPhrases .09 118 101 e AFE FE ] =& LAYR F2319°1 BERT
- o [ gy S e sER pRes dlss By
ofenk | B ® FEeAT AR 7 ANE $2 2D 5 M EL A
SmgleRank 062 084 068 '1: O _“%_Oi—r Mu1t1partlleRank L \’:j_J__g_ }1\_% }\EL%‘Z'” (cadusafos),
H8Hhatching) ¢ 2 #HE 7|9 =8 FE8IoH a3
o) e
A S| Topickank | 125 | 145 | 19 (effect), A nvasion) 7} 2 B Gl Tolx FEae
7 - A% 91 4 ok W BERT /) 7190E 75 v 3
PositionRank | 073 | 0% | 079 N4 $E e nols oA 247 BoBERT ZHe A
Multipartle | | o | 5 %7 (cadusafos), H-3Hhatching)s 1] 7] =9 &4
Rk | U % e A= F2F AL BIY S A
YAKE 136 | 160 | 141 o
5. 28 % % 97
BERT o5 | 056 | .03
B RN A3 Hobel 71 thkat 7191 F
DislBERT | 016 | 035 | .021 . Zel s Aol kl eS8 e A= =
& RdS ARt B AJes Hlusty F34 7)¢
BERT 7]t XL-NET o001 | 001 | 001 T & A A8tk BioBERTE Fl-Score 715 03152 71 =
(Base) & 5% NS, o1F Fo) 4219 2£o}o14) BERT
ALBERT 026 037 .030 o] 32U 34 WA AL 277 7Y B}
3ok Ho -]oEiaLé_Az_]_gr_gj_]_Q_/x&g‘_‘:‘ﬂo7
KeyBERT | 027 | 021 | o2 Wi orel Hele 2 ss i " Feshs Aol 7]
AL F2A v 2Holge Ae AP
BioBERT | 007 | 017 | 01 FF Aol Qg 71 719 32 BdSS ¥
3k B A = fﬂr* 71k 719 & HY T P 2
BERT 309 1 319 | 3B S BoFy gle Bddl PromptRank[l 15 #7}std
o A5 APs) Eﬂ% AL HRE AT F U A
DistllBERT | 321 | 264 | 279 02 FUeit) w9 Aels Kopmet oz 2g. et
BERT /I | yNer | a1 | aw | a1 F TR Reke] A9IE $% 8d wa d7s F3d
(Fine-Tuned) Fde) AAEE BEF T4 ATEe] AW F YL
ALBERT | 34 | 269 | 282 Aoz 7gdct
BioBERT | 323 | 328 | 315
312 OlEY A=ts (24243) 81
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(Table 6) Example keyword extraction by keyword extraction model

cadusafos inhibits hatching invasion, and movement of the potato cyst nematode globodera pallida.
the effect of the nematicide cadusafos on the hatching of the potato cyst nematode globodera
pallida in potato root diffusate, soil leachate, and distilled water was investigated. cadusafos had a
A &% significant effect on the hatching, migration, movement, and root invasion by the second-stage
juveniles. hatching was completely inhibited at low concentrations of cadusafos 0.002-0.004
microg/ml, but hatching resumed a week after removing the nematicide. at concentrations of 0.05
microg/ml and higher of analytical-grade cadusafos, the inhibition of hatching was permanent.
gA 71¥= ['globodera pallida’, ‘cadusafos’, hatching’, ‘nematicide’, ‘nematode’, “potato cyst nematode’]
719E #& =4 2 719=
FirstPhrases cadusafos, invasion, movement, potato cyst nematode globodera
pallida, effect
TextRank potato cyst nematode globodera pallida, root invasion,
analytical-grade cadusafos, nematicide cadusafos, low concentrations
SingleRank potato cyst nematode globodera pallida, nematicide cadusafos,
HAE s 7 analytical-grade cadusafos, cadusafos, root invasion
TopicRank hatching, cadusafos, potato cyst nematode globodera pallida,
movement, effect
PositionRank nematicide cadusafos, analytical-grade cadusafos, potato root
diffusate, cadusafos, root invasion
MultipartileRank cadusafos, hatching, potato cyst nematode globodera pallida, effect,
invasion
YAKE potato cyst nematode, cyst nematode globodera, nematode globodera
pallida, inhibits hatching invasion, hatching
BERT hatching was permanent, inhibits, investigated cad, juveniles
hatching, of the potato cyst
- and root invasion by, soil leach, the effect of, in potato root diffusa,
BERT 7]3t DistlIBERT inhibits ’ - "
(Base) XL-NET X
ALBERT migration, movement, and root invasion by the second, soil leachate,
at concentrations of 0
KeyBERT migration, juveniles, invastion, root, low
BioBERT and, concentrations, ne, on
BERT cadusafos, hatching, nematic, potato, potato cyst nematode globodera
pallida
DistillBERT cadusafos, hatch, nematic, potato, potato cyst nematode globodera
pallida
BERT 7% XLNET cadusafos, hatching, nematicide cadusafos, nematode globodera
(Fine-Tuned) pallida, potato
cadusafos, hatching, matic, movement, potato cyst nematode
ALBERT globodera pallida
BioBERT ca;(lill.lsafos, hatch, hatching, nematic, potato cyst nematode globodera
pallida
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