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Keyphrase Extraction Algorithm via Tagging Finite Automation

WANG Lingxiao, WANG Yibo, ZHU Lijun
(Institute of Scientific and Technical Information of China, Beijing 100083)

Abstract: Keyphrase extraction is a natural language processing task scenario for identifying keyword
combinations with special value in target texts, which has important practical value in mining scientific and
technological literature information. Due to the lack of sufficient labeled data, knowledge base, and pre-training
models, there are still many practical challenges in the extraction of keyphrases for subversive content in
cutting-edge sub-disciplines. In this paper, the concept of finite state automata is introduced into the key phrase
extraction task, and the part-of-speech tagging combination patterns of keyphrases are abstracted into a series
of finite state automata grammars. This unsupervised key phrase extraction algorithm based on part-of-speech
automaton can extract keyphrases of indeterminate length in subdivision fields through a highly customized
part-of-speech combination mode without relying on labeled data and high-performance computing
equipment. The algorithm has the characteristics of fast running speed, low environment dependence, many

matching modes, and good extraction effect. This paper uses the SemEval-2017 dataset and literature abstracts
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in the field of intelligent new drug discovery as test data, and compares the algorithm proposed in this paper

with several widely used keyphrase extraction algorithms. The accuracy rate of this algorithm in all keywords

reaches 30.8%, the recall rate reaches 34.1%, the F1 value reaches 32.4%, the accuracy rate in key phrases

reaches 30.8%, the recall rate reaches 52.0%, and the F1 value reaches 38.7%. Compared with the open source

algorithm library for keyword extraction, the recall score and the F1 score are significantly improved.

Keywords: named entity recognition, keyword extraction, keyphrase extraction, finite state machine, part-of-

speech tagging
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R5 PRFZEIEGIEIRINE ATE SemEval-2017 iR hiEse RN
Wi %
BILARR P@5 R@5 F1@5 P@10 R@10 F1@10 P@15 R@15 Fl@15
FirstPhrases 27.26 11.75 16.42 25.94 22.14 23.89 23.93 29.89 26.58
THdf 2283 18.63 20.52 21.02 27.01 23.64 19.87 32.42 24.64
KPMiner 18.34 15.11 16.57 14.81 17.21 15.92 14.41 17.94 15.99
YAKE 24.70 10.92 15.15 21.19 20.62 20.90 19.25 2833 22.92
TextRank 37.66 10.34 16.22 35.17 20.82 26.16 32.88 30.52 31.66
SingleRank 39.28 13.31 19.88 34.99 25.79 29.69 31.88 37.45 34.44
TopicRank 31.33 18.04 22.90 28.70 26.38 27.49 26.33 31.64 28.74
TPRank 35.62 12.14 18.11 33.18 25.26 28.68 29.67 35.06 32.14
PositionRank 39.25 1531 22.03 33.68 27.16 30.07 28.22 36.71 31.91
MPRank 32.68 18.72 23.81 29.14 28.13 28.63 25.83 33.54 29.18

(A R AP B s T A Lo, AHRHT 15
P CHERITE S R (@15), FF H AR 5 im] 7Y 5 #
TP AETEXS LR R T e, R TR 4
F1AHRRIX UL 4 7. TFA BRI R
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AN 9 4, AT AR, T TFAR
TEWERG T h5 A1 A R R EE bR b AR ) B0 S
ZLHE

AL AT L, TFAZSE A ERf R . 41 [l R
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KV, I HAER MR fs bR b R W E L, L
1 AR S 2 AR D 14.55% L RE
B FER G SCRR T 4 0 DCBE )25 4 v 4% S B g FH
Hrif.
3.2 HeEwAXRBEIERIGESN

h TR TRA S AE LR N S s BOC #e
TR TR ) SEPRRICR , AT T Web of
Science £ & HT 24 & 040 35k 1149 SC ik ik 22 1 by 2 471
AT EE . #r2h & B (Drug Discovery, DD ) J&
AR 25 Sk b B — A Al Ay T T, RPN
fig £ AR 8T 25 & B ( Artificial Intelligence Drug
Discovery, AIDD ) J& 77 17 5 N TR REAHES & 10
LT, P, B R 2 A ISR IR )
SRR RGE, A BB RGRE I, B ARMEER
P EBERNE SRL R, TFARKIE SRS
SR S Z IR OGS, R RS R Tl A
BIVERPBN SR AR RIS

Kl 4 JE 7 T TFA B VL 78 5 e 25 & 3040 3
() OB B B B, DL SC 5 i FH NLTK T 5 A ik
AT SCATAL FE 5 il P bR i, P B 8 S 6
N ) PR P i A TR B B HL. TR H SR IR
BEBGRIMEARZS , IR AR K], 7ESE AL
TP 2 B A X DG T R i X 7 A BRLTR] . TRA BRI
T A A5 G T S 2 A B A G B i
(4 th g imER 53 7R ), W off—target delivery
microarray data. clinical trials %5, TFAZ ¥t il
BB /DM R RS, AN crucial role A1 other words
& HfRUIbin B, TFA XRG4SRk d &
SN R R T B =y T e S A AT [ 2 Ry
AN e 75 R SRS B

F 6 ST T TRAT L AE AN [R] i) P 20 5 42 X
RSB E TR, 2R 6 RN BRIk

Drug designing and development is an important area
of research for pharmaceutical companies and chem-
ical scientists . However , low efficacy , off-target
delivery , time consumption , and high cost impose
a hurdle and challenges that impact drug design and
discovery . Further , complex and big data from ge-
nomics , proteomics , microarray data , and clinical
trials also impose an obstacle in the drug discovery
pipeline . Artificial intelligence and machine learn-
ing technology play a crucial role in drug discovery
and development . In other words , artificial neural
networks and deep learning algorithms have modern-
ized the area .
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JJ NN NNS 4943 0.05 deep learning algorithms
(JJ) +H(NN)+ NNS JJ{2} NN NNS 788 0.01 explainable artificial intelligence techniques
JINN{2} NNS 726 0.01 silico drug discovery efforts
JINNS 24796 0.24 recurrent networks
(JJ) +NNS JJ{2} NNS 4442 0.04 quantitative structure—property relationships
JJ{3} NNS 284 0 high—level quantum mechanical energies
NN NNS 6490 0.06 combination therapies
(NN) +NNS NN{2} NNS 1401 0.01 drug discovery efforts
NN{3} NNS 94 0 amino acid contact energies
NN IN NN NN IN NN 3519 0.03 popularity of machine
JINN 26 540 0.25 molecular docking
(JJ) + (NN)+ JINN{2} 5551 0.05 sophisticated data quality
JJ{2} NN 3216 0.03 computer—aided molecular design
NNP NN 5223 0.05 PLI prediction
NNP (NN)+ NNP NN{2} 885 0.01 k—modes clustering algorithm
NNP NN{3} 77 0 DNA polymerase activity inhibition
VBD NN 364 0 supervised machine
VBD (NN)+ VBD NN{2} 115 0 visualized knowledge graph
VBD NN{3} 16 0 predicted substance abuse treatment
NN{2} 11119 0.11 drug discovery
NN{2, } NN{3} 1935 0.02 drug dose selection
NN{4} 139 0 tissue image analysis technology
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