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Abstract: Efficient document classification techniques based (on) ldrge-scale judicial documents are crucial to current
judicial intelligent application, such as similar case pushing, Alegal’ document retrieval, judgment prediction and sentencing
assistance. The general-domain-oriented document classifieatioh«methods are lack of efficiency because they do not consider
the complex structure and knowledge semantics of judieial documents. To solve this problem, a semantic-driven method was
proposed to learn and classify judicial documerits{\Firstly, a domain knowledge model oriented to judicial domain was proposed
and constructed to express the document-level semantics clearly. Then, domain knowledge was extracted from the judicial
documents based on the model. Finally, the judicial documents were trained and classified by using Graph Long Short-Term
Memory ( Graph LSTM) model. The experimental results show that, the proposed method is superior to Long Short-Term
Memory ( LSTM) model, Multinomial Logistic Regression ( MLR) and Support Vector Machine ( SVM) in accuracy and recall.
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Fig. 1 Legal document domain knowledge model of traffic accident case
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Fig. 3 Judicial document classification process
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Fig. 4 Classification results under different data scales

Bl 5 7R T Graph LSTM BV Il 25 v 7 ZEROR BEA AR
TR AEES

100.0 7,95 1%
90.0
R 85.0 //°/
80.0
59}
75.0 /
70.0 ﬁ/
65.0 1 8 9 10

4 5 6 7
ERRH

5 Graph LSTM Z-28RCR I Rk R BUR L L H
Fig. 5 Trend of Graph LSTM classification effect with

number of training iterations
o S ATLAE e RIDT 8 AR BUBOR R L AT, 78
MRS BT T WA JE R R A BHCRIA B R AT


http://www.joca.cn
http://www.joca.cn

1700 H AR A

ZIEMAR B LZ X2 M N FEE BRI RIE N, Graph
LSTM AR BB Tl Bl E B, S THRE T
W o DRI, 0 2 G A o 48 BT 26 1R AR R B4 N 4, ok B

P
Ho

5 %#iE

ATCEE X FFESCAS B A R BT SE B SRR ok
ARARBE R B SRR R A =, 1Rl T —FhiE K
SRRSO T R o T R R R SRR A
TRTHHAIAMEE LDM; £ T LDM fi F 456 18) 15 A8 {2
BERALIN 4 B 346 77 35 ISR 36 R 35 SO A S B H 1R i
R FRRAEE XML ST A 5 4 ik R 21 B4 R AR by Js g S0 A
W R R IE CFFAE , - Graph LSTM BEAT 2038, #H HLAR 520
EHE, BEWRRT T 0REHR
SZHE (References)

(1] ThgtRl. Mg sk 4 M REUR [ M. deat: b B4 b At
2017: 17 -=23. (MA J G. Procuratorial Big Data [ M]. Beijing: Chi-
na Procurational Press, 2017: 17 —23.)

[2] BOELLA G, CARO L D, HUMPHREYS L, et al. Eunomos, a le-
gal document and knowledge management system for the Web to pro-
vide relevant, reliable and up-to-date information on the law [J].
Artificial Intelligence and Law, 2016, 24(3): 245 —283.

[3] JING L P, HUANG H K, SHI H B. Improved feature selection ap-
proach TF-IDF in text mining [ C]// Proceedings of the 2003 Inter-
national Conference on Machine Learning and Cybernetics. Piscat-
away, NJ: IEEE, 2003: 944 —946.

[4] GALGANI F, COMPTON P, HOFFMANN A. LEXA: building
knowledge bases for automatic legal citation classification [{]\ Ex-
pert Systems with Applications, 2015, 42(17/18): 6391 —6407.

[5] HAMMOUDA K M, KAMEL M S. Phrase-based docuthent similari-
ty based on an index graph model [ C]// Proceedings of the 2002
IEEE International Conference on Data Mining. Washington, DC:
IEEE Computer Society, 2002: 203 -210.

[6] BLEIDM, NG AY, JORDAN M I, et al. Latent Dirichlet alloca-
tion [J]. Journal of Machine Learning Research, 2003, 3(4/5):
993 -1022.

[7] ROITBLAT H L, KERSHAW A, OOT P. Document categorization
in legal electronic discovery: computer classification vs. manual re-
view [ J]. Journal of the American Society for Information Science
and Technology, 2010, 61(1):70 -80.

[8] NOORTWIJK K V, NOORTWIJK K C. Automatic document classi-
fication in integrated legal content collections [ C]// ICAIL 2017:
Proceedings of the 16th International Conference on Artificial Intelli-
gence and Law. New York: ACM, 2017: 129 —134.

[9] SULEA O, ZAMPIERI M, MALMASI S, et al. Exploring the use of
text classification in the legal domain [ C]// ASAIL 2017: Proceed-
ings of the Second Workshop on Automated Detection, Extraction
and Analysis of Semantic Information in Legal Texts. New York:
ACM, 2017: 419 —-424.

[10] SARIC F, DALBELO BASIC B, MOENS M F, et al. Multi-label
classification of croatian legal documents using EuroVoc thesaurus
[C]/7/ SPLeT 2014: Proceedings of the 2014 Workshop on Seman-
tic Processing of Legal Texts. Reykjavik: European Language Re-
sources Association, 2014: 716 - 723.

[11] BAJWA IS, KARIM F, NAEEM M A, et al. A semi supervised
approach for catchphrase classification in legal text documents [ J].
Joumal of Computers, 2017, 12(5): 451 -461.

[12] SILVESTRO L D, SPAMPINATO D, TORRISI A. Automatic clas-
sification of legal textual documents using C4.5 [ EB/OL]. [2018-
10-15]. http: //www. ittig. cnr. it/ Ricerca/ Testi/ Spampinato-Di _
Silvestro-Torrisi2009. pdf.

[13] NALLAPATI R, MANNING C D. Legal docket-entry classifica-
tion: where machine leaming stumbles [ C]// EMNLP 2008: Pro-
ceedings of the 2008 Conference on Empirical Methods in Natural
Language Processing. Stroudsburg, PA: Association for Computa-
tional Linguistics, 2008: 438 —446.

[14]  THERR, KM, TR, 2T H0 IR Tl A BE B i kvl
B ANEL T . AL, 2019, 39(5) 1 1293 — 1298, (MA ]
Gy ZHANG P, MA Y L. Efficient judicial document classification
based on knowledge block summarization and word mover’s distance
[J]. Journal of Computer Applications, 2019, 39(5): 1293 -
1298.)

[15] PENG N, POON H, QUIRK C, et al. Cross-sentence n-ary rela-
tion extraction with graph LSTMs [ C]// Proceedings of the 55th
Annual Meeting of the Association for Computational Linguistics.
Stroudsburg, PA: Association for Computational Linguistics,
2017: 101 -115.

[16] SUN JJ. Jieba Chinese word segmentation tool [ EB/OL]. [2018-
10-15]. hitps: //github. com/fxsjy/jieba.

This work is partially supported by the National Key R&D Program of
China (2018YFC0831404, 2018 YFC0830605), the Postdoctoral Science
Foundation of China (2016M591317).

MA Jiangang, born in 1977, Ph. D., senior engineer. His re-
search interests include big data, smart procuratorate, smart judiciary.
MA Yinglong, born in 1976, Ph. D., professor. His research inter-

ests include big data, knowledge engineering.


http://www.joca.cn
http://www.joca.cn

