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Method for solving class imbalance of named entity recognition dataset
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Abstract: The public data sets in named entity recognition research are often class label imbalanced,
which limits the further performance improvement based on statistical learning model methods. Aiming
at the above problems, a data class label balancing method based on genetic algorithm is proposed,
which modifies the fitness function and gene combination rules tried to balance the dataset by generating
new samples to augment the original dataset. In order to verify the validity, the proposed method was
compared with the balanced undersampling method and the random oversampling method by using the
Bi-LSTM-CRF model on the CoNLL 2003 and JNLPBA datasets respectively. The results show that the
proposed method increased the recall rate by 3. 26 % and the F, value by 1. 70% on the CoNLL2003 data-
set, and the recall rate by 2. 44% and the F, value by 1. 03% on the JNLPBA dataset. The experimental
results demonstrate that the proposed method can effectively alleviate the class imbalance and improves
the effect of named entity recognition.
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Tab. 1 Dataset statistics table
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Tab. 3 Validation results of effectiveness on CoNLL 2003
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Ik
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M 88.38 86. 44 87. 40
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Tab. 4 Validation results of effectiveness on JNLPBA

Bl 4E INLPBA
Jrid
KR/ % B/ % F
J e 69. 49 74.65 71.97
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Tab. 5 Validation results of superiority on CoNLL 2003
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Tab. 6 Validation results of superiority on JLPBA

INLPBA
Jrik
KawiR/ % A/ % F
R AL R A 69. 42 74. 84 72. 03
A R R 68. 45 75. 31 71.71
CBM-GA 69. 32 77.09 73.00
3.5 HERAH

HE—E S Ee S5 1, L CoNLL 2003 %ifi 4
), 2 B . CBM-GA 5250 B B AR 1E ith
#& (receiver operating characteristic curve, ROC)™4q

Kl 6 frzi.

1.0 F
0.8
0.6
=
=04t
021
— baseline
0of ! A . ‘ --- CBM—F;A
0.0 0.2 0.4 0.6 0.8 1.0
TPR
6 ROCwZ

Fig. 6 ROC of baseline and CBM-GA

SEITHEFI 2% ROC fZxs i AUCH i sk
7 FR.

*®7 AUCHE
Tab. 7 AUC value
WIRES AUC
B =i 0. 920
CBM-GA 0. 936

&l 6 Figk 7 B — kR CBM-GA #5038 12 9%
itk SIEAA IR S A4S BTN BBUT) AN P ), A AN
M T i SR A BOR.

MBS T 37 s CBM-GA 338 T CoNLL
2003 B HE4ET 2. 42 min, 4] INLPBA ¥ &I
25735 2. 4 min, #1 I Bi-LSTM-CRF # R8I 215 ep-
och 7% 32 5,50 4~ epoch T 26. 7 min, CBM-GA
BB T AR T DS ).

TR

8 BRI A S 388 A7 A T I PR 4
F4 TR AEL R SG T i 44 SR UNNE 55 B Kb
ICRAFRIF TR D AR SO X3 — BEAR AN 1 b 2l i
AT AR T IR SOR SRR TR 45 H ) CBM-
GA Jrik. LA R R, CBM-GA J5 i A8 CA KL
Papiiad B BoAy S e i s B A RiC A A
AR A [ T — 2P B i i 44 SRR PR RE.
7 S R E P SRR AT 55 i) AL
TRENIR .

SE 3k

[1] Lample G, Ballesteros M, Subramanian S, et al.
Neural architectures for named entity recognition

[J]. Assoc Comput Linguist, 2016, 1; 260.



88

W)l K

FRCH AAF RO

%57 %

[2]

(3]

[4]

[6]

7]

[8]

[9]

[10]

[11]

[12]

Ma X, Hovy E. End-to-end sequence labeling via bi-
directional Istm-cnns-crf[ J]. Assoc Comput Lin-
guist, 2016, 1; 1064,

Chiu J P C, Nichols E. Named entity recognition
with bidirectional LSTM-CNNs [J]. Assoc Comput
Linguist, 2016, 4. 357.

Gregoric A Z, Bachrach Y, Coope S. Namedentity
recognition with parallel recurrent neural networks
[J]. Assoc Comput Linguist, 2018, 2: 69.
SKREM . XI55 fTFE. HE T BLSTM-CRF 244 1)
A I A 2 SRR LT ], IR 2224 A
SRBFANR, 2019, 56 469

Akkasi A, Varoglu E, Dimililer N. Balancedunder-
sampling: a novel sentence-based undersampling
method to improve recognition of named entities in
chemical and biomedical text [ J]. Appl Intel,
2017, 48.1.

Guo X, Yin Y, Dong C, er al. On the class imbal-
ance problem[ C]// Proceedings of the Fourth In-
ternational Conference on Natural Computation.
[S. L ]: IEEE, 2008.

Wang S, Tang K, Yao X. Diversity exploration and
negative correlation learning on imbalanced data sets
[C]// Proceedings of the International Joint Con-
ference on Neural Networks. [S. L. ]: IEEE, 2009.
Sun Y, Kamel M' S, Wong A K C, etal. Cost-sen-
sitive boosting for classification of imbalanced data
[J]. Pattern Recogn, 2007, 40;: 3358.

Dai Q, Zhang T, Liu N. A new reverse reduce-er-
ror ensemble pruning algorithm [J]. Appl Soft
Comput, 2015, 28. 237.

He H, Ma Y. Imbalanced learning (foundations,
algorithms, and applications) || ensemble methods
for class imbalance learning [ J ]. IEEE, 2013,
61. 82.

Tomanek K, Hahn U. Reducing class imbalance
during active learning for named entity annotation
[C]//Proceedings of the fifth international confer-
ence on knowledge capture. [S. 1. ]: ACM, 2009,

RS e

TR SC. YRR, XUEETE . fTRE. — R 4 SR

= R, 2020, 57: 82.
+ P& X XulLD, Liu] Y , He X. Method for solving class imbalance of named entity recognition dataset [ J]. J Si- +
+ chuan Univ: Nat Sci Ed, 2020, 57 82.

et

[13]

[14]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

RS IR L R A Tk LT ] PR 2240 AR R

Douzas G, Bacao F. Effective data generation for
imbalanced learning using conditional generative ad-
versarial networks[]J]. Expert Syst Appl, 2018,
91. 464.

Gliozzo A M, Giuliano C, Rinaldi R. Instance prun-
ing by filtering uninformative words: an information
extraction case study [ C]// Proceedings of the In-
ternational Conference on Intelligent Text Process-
ing and Computational Linguistics. Heidelberg:
Springer, 2005.

Maragoudakis M, Kermanidis K, Garbis A, et al.
Dealing with imbalanced data using bayesian tech-
niques[ C]// Proceedings of the 5th International
Conference on Language Resources and Evaluation.
[S. 1 ]:[s.n ], 2006.

Snoek J, Larochelle H, Adams R P. Practical
bayesian optimization of machine learning algorithms
[C]// Proceedings of the advances in neural infor-
mation processing systems. [S. L. J:[s. n. ], 2012.
Whitley D. A genetic algorithm tutorial[ J . Stat
Comput, 1994, 4. 65.

Tjong Kim Sang E F, De Meulder F. Introduction
to the CoNLL-2003 shared task: language-independ-
ent named entity recognition [ J]. Assoc Comput
Linguist, 2003, 4:142.

Kim J D, Ohta T, Tsuruoka Y, et al.
to the bio-entity recognition task at JNLPBA [C]//

Proceedings of the international joint workshop on

Introduction

natural language processing in biomedicine and its
applications. [ S. L. J:[s. n. ], 2004.

Fogel D B. Evolutionary algorithms in theory and
practice [ J]. Complexity, 1997, 2. 26.

Zou K H, O’Malley A J, Mauri L. Receiver-operat-
ing characteristic analysis for evaluating diagnostic
tests and predictive models [J]. Circulation, 2007,
115. 654.

Fawcett T. An introduction to ROC analysis [ ] ].
Pattern Recogn Lett, 2006, 27. 861.

X

R

+



