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Classification model based on mRMR and factorization machines algorithm

WANG Mei, LONG Hua , SHAO Yu-Bin, DU Qing-Zhi

(Kunming University of Science and Technology, Faculty of Information

Engineering and Automation, Kunming 650000, China)

Abstract; Many scholars have made some achievements in aggregation analysis of terrorist events by u-
sing the data set of "Global Terrorism Research Database" (GTD) with game theory, k-nearest-neighbor
method and support vector machine. However, data sparsity and high-dimensional multi-redundancy are
not well considered in the previous research, which may lead to low accuracy of clustering classification.
This paper proposes a TFM classification model based on " Minimal-redundancy maximal-relevancy"
(mRMR) combined with " Factorization Machines " (FM), in which the incremental search method is
used to find approximately optimal features to address the high-dimensional multi-redundancy and the
data sparsity is tackled with FM method. TFM model is then used to make quantitative classification on
the pre-processed terrorist attack data. The experimental results show the proposed TFM model, in
terms of Matthews correlation coefficient (MCC), is increased by 49. 9%, 2.5% and 2. 3% respectively
compared with naive Bayes (NB), support vector machine (SVM) and logistic regression (LR). The
comparative result demonstrates that TFM model is feasible to some extent.
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Tab. 5 Sparse-data test results with the TFM model

HIZTES

| D
B Accuracy/ % FERS T/
TFM 100 0. 002
LR 90. 48 0. 001
SVM 90. 48 0. 001
AN
5 &

A LA 4Bl i, 280 F TEM fil LR 28941
fp S T F T4 Mk i S OB R IE S R
A v AP k. AR ST GTD $dl
£ i/ Python3. 6 4 i1 %dE . i F mRMR 53k
RIS R foe/ N P SRR AE 74 L X 7%
B (A B S Bl AN () ) 0 R 00 A T 0 A, FRATTAS
S5 TEM T Hofth = AN 80, (B HAC A S AE A
W2 ARARAT — 8 MR B AE 5 DU oy vh kA T T
WEFS. B LS SR 1567326 GTD B, 25 75 5L 0 o ife
B4 2R 35 TEM, 2558 S 3 R B i) js s, D)
Al LR 8 SVM Bk, Y SR7E 525 v i 1) 45 51
i B B B4 4, TEM ASE 100 458 53 B G R U % &
T mRMR BRI BB L 458 T FM BRI 5432
o (33092 9 ML 5 750 i S 5t T X6 22845 = 12 £
W51l = P Y 114 = sl v A A 2 0K )
SCHRL23 ] H 4 1 il mRMIR RRAE 6 67 725 » il
B 2R B B SO RHAE P AR UEA TR AR L AT
DAL 5 SO R BE 4R R JF 6 mRMR 53 3%
ENE S-S A e S

SE Lk

[1] Enders W, Sandler T. Transnational terrorism in the
post-Cold War era [J]. Int Stud Quart, 1999,
43. 145.

[2] Major J A. Advanced techniques for modeling ter-
rorism risk [ J]. J Ris Financ, 2002, 4. 15.

[3] Sandler T. Terrorism & game theory [J]. Simul
Gaming., 2003, 34. 319.

[4] Guo D, Liao K, Morgan M. Visualizing patterns in

[5]

[6]

7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

a global terrorism incident database [J]. Environ
Plann B: Plann Des, 2007, 34: 767.

Wang X, Miller E, Smarick K, er al. Investigative
visual analysis of global terrorism [ C]//Computer
Graphics Forum. Oxford, UK. Blackwell Publish-
ing Ltd, 2008.

Pagan J V. Improving the classification of terrorist
attacks a study on data pre-processing for mining the
Global Terrorism Database[ C]// International Con-
ference on Software Technology &. Engineering. [ s.
1. ]J: IEEE, 2010.

Igbal R, Murad M A A, Mustapha A, et al. An
experimental study of classification algorithms for
crime prediction[ J ]. Indian J Sci Techn, 2013,
6: 4219,

Muhammad H, Kazi H. Use of predictive modeling
for prediction of future terrorist attacks in pakistan
[J]. Int J Comput Appl, 2016, 179; 8.

Dong Q .. Machine learning and conflict prediction:
A cross-disciplinaryapproach [ J]. World Econ
Polit, 2017, 7. 100.

Ding F, Ge Q, Jiang D, et al. Understanding the
dynamics of terrorism events with multiple-disci-
pline datasets and machine learning approach[] .
Plo Sone, 2017, 12 e0179057.

Mo H, Meng X, Li]J, etal. Terrorist event predic-
tion based on revealing data[ C]//2017 IEEE 2nd
International Conference on Big Data Analysis
(ICBDA). [s. 1 ]: IEEE, 2017.

BT, AR, RUT . S BT EAT SAREL
ARARENR A AL B RE LT ] MO R B
B, 2017, 55. 933.

MR, RRA, K. & BT omyusEam
Yo AR Y AT L] B o 4, 2019,
30. 822.

LaFree G, Dugan L. Introducing the global terror-
ism database [ J ]. Terrorism Political Violence,
2007, 19. 181.

Peng H, Long F, Ding C. Feature selection based
on mutual information criteria of max-dependency,
max-relevance, and min-redundancy [J]. IEEE T
Pattern Anal, 2005, 27 1226.

Rendle S. Factorization machines[ C]//2010 IEEE
International Conference on Data Mining. [s. L ]:
IEEE, 2010.

Zou H, Zhu J, Hastie T. The margin vector, ad-
missible loss and multi-classmarginbased classifiers

[J]. Ann Appl Statist, 2006, 2. 1290.



102 Wl K FFH/CAH RFF 0O % 57 %
(18] Zi&, Wik, BEDL. 8 BE PEM br dERT 5T rithm [J]. Land Degrad Dev, 2018, 29: 4035.
L. MRS &, 2006, 16 85. (21] ZEB, 2. BT XEUARICHE i A U )
[19] Smialowski P, Martin-Galiano A ], Mikolajka A, et EVLIEBCEE T A A aF )], DU R4 3. B4R
al. Protein solubility: sequence based prediction Bl#R, 2018, 55 277.
and experimental verification [ ] ]. Bioinf, 2007, [22] Jiang L, Zhang L., Li C, et al. A correlation-based
23: 2536. feature weighting filter for Naive Bayes [J]. IEEE
[20] Arabameri A, Pradhan B, Rezaei K, e al. Spatial T Knowl Data En, 2019, 31: 201.
modelling of gully erosion using evidential belief [23] FAete, wilp, Hame, 2. St s mRmR ERAF %k

function, logistic regression, and a new ensemble of

evidential belief function logistic regression algo-

FEITEAE NIRAT 93RO0 Hh 9 82T L 1. 3 DA H
2p2e i HARBLERR . 2019, 31. 261.

e o S e T e e e e e e i S S S S S S M S S s s s ]

} Bl AAHER

top

3 E3, B

¢ 57: 96.
it

e

I

t

e, B, . FET mRMR 5 K7L - BRI E LT . US4 : AR AR. 2020, i

;

W: Wang M, Long H, Shao Y B, et al. Classification model based on mRMR and factorization machines algo- +

+ rithm [J]. J Sichuan Univ: Nat Sci Ed, 2020, 57: 96.

e en e e e e s e e on e on et e oot e s s e e en e en s et

t



