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An Analytical Study on Automatic Classification of
Domestic Jourmal articles Using Random Forest
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ABSTRACT

Random Forest (RF), a representative ensemble technique, was applied to automatic
classification of journal articles in the field of library and information science. Especially,
I performed various experiments on the main factors such as tree number, feature selection,
and learning set size in terms of classification performance that automatically assigns
class labels to domestic journals. Through this, I explored ways to optimize the performance
of random forests (RF) for imbalanced datasets in real environments. Consequently, for
the automatic classification of domestic journal articles, Random Forest (RF) can be expected
to have the best classification performance when using tree number interval 100~ 1000(C),
small feature set (10%) based on chi-square statistic (CHI), and most learning sets (9-10
years).
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ZWA o7 kel 7k, Z1AIsE ¢aLE
ol 7123 gAY Faolde] ode] v
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WGEZHXES o] &9 Fl & =59 AsEid 4 A+ 65
(E 2) AHENMEE XS HHEZY2E(RF) BF ds: HE-HF, mac_Fl
T 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
DF 04696 | 04928 | 04989 | 0.5022 | 0.5056 | 0.5094 | 0.5051 | 0.5050 | 0.5010 | 04948
JAC 04730 | 04930 | 05009 | 05014 | 05052 | 05027 | 05001 | 05001 | 04977 | 04971
IG 0.4846 | 04927 | 04942 | 04991 | 04978 | 04987 | 04910 | 04961 | 04954 | 0.4955
CHI 0.5189 | 0.5048 | 0.5082 | 05073 | 05044 | 0.5000 | 04991 | 04982 | 0.5006 | 0.4978
RMIJ 04288 | 04336 | 05042 | 05054 | 0.5067 | 0.5084 | 0.5072 | 0.5031 | 0.5008 | 0.4970
GSS 0.3899 | 04282 | 04327 | 04745 | 04639 | 04549 | 04537 | 04386 | 04272 | 04978
PCC 04531 | 04219 | 04951 | 0.5122 | 04668 | 04461 | 04227 | 04265 | 04377 | 0.4965
MI 0.1537 | 01651 | 03003 | 0.2460 | 04397 | 04919 | 04961 | 04745 | 0.5084 | 0.4987
LOR 0.2640 | 03421 | 04163 | 04285 | 04304 | 04189 | 04174 | 04091 | 04060 | 0.4981
max 0.5189 | 05048 | 05082 | 05122 | 0.5067 | 0.5094 | 0.5072 | 0.5050 | 0.5084 | 0.4987
(£ 3 AEMES M2s HHZHLE(RF) 27 ds: BE-HF mic FI
T 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
DF 0.6135 | 0.6318 | 06423 | 06433 | 06485 | 0.6466 | 0.6402 | 0.6401 | 0.6353 | 0.6309
JAC 06177 | 06314 | 06421 | 06416 | 06459 | 0.6478 | 0.6433 | 0.6434 | 0.6394 | 0.6331
IG 0.6292 | 0.6317 | 06345 | 06361 | 0.6370 | 0.6346 | 0.6316 | 0.6340 | 0.6248 | 0.6327
CHI 0.6342 | 06315 | 06358 | 06348 | 06331 | 0.6310 | 06137 | 0.6150 | 06220 | 0.6161
RMLJ 0.5816 | 0.5887 | 0.6446 | 0.6491 | 0.6510 | 0.6445 | 0.6422 | 06381 | 0.6379 | 0.6327
GSS 05805 | 0.6129 | 06229 | 06359 | 06309 | 06262 | 06261 | 06194 | 0.6166 | 0.6339
PCC 0.6082 | 06171 | 06340 | 06356 | 06160 | 06101 | 0.6012 | 0.6015 | 0.6038 | 0.6153
MI 02254 | 02259 | 04115 | 03778 | 05326 | 05673 | 05853 | 05712 | 05675 | 0.6346
LOR 03431 | 04642 | 05747 | 05903 | 05929 | 05769 | 05739 | 05689 | 0.5667 | 0.6166
max 0.6342 | 06318 | 06446 | 06491 | 0.6510 | 0.6478 | 0.6433 | 0.6434 | 0.6394 | 0.6346
O 2 A= Aotk o)A AHE Al AR AL AAATHI0%) o2 HI Asolgon

ZJ(RMLJ) ©] 50% 2] AAATS AMes1= 7
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(E 1) APMYS MBS LT AE(RF) 27

TE 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
DF 07211 | 0.7212 | 0.7214 | 07188 | 0.7188 | 0.7148 | 0.7072 | 0.7068 | 0.6940 | 0.6856
JAC 0.7208 | 0.7210 | 0.7163 | 0.7164 | 0.7099 | 0.7065 | 0.7068 | 0.6967 | 0.6975 | 0.6908
IG 0.7268 | 0.7189 | 0.7141 | 0.7096 | 0.7019 | 0.7047 | 0.6939 | 0.6820 | 0.6800 | 0.6902
CHI 0.7819 | 0.7530 | 0.7440 | 0.7342 | 0.7059 | 0.6983 | 0.7105 | 0.6990 | 0.6945 | 0.6877
RMIJ | 07511 | 07123 | 07215 | 07183 | 0.7225 | 0.7122 | 0.7028 | 0.7067 | 0.6945 | 0.6863
GSS 0.6132 | 0.6706 | 0.6830 | 0.6836 | 0.6876 | 0.6860 | 0.6866 | 0.6807 | 0.6824 | 0.6917
PCC 0.6012 | 0.6054 | 0.6461 | 0.6821 | 0.6762 | 0.6925 | 0.6881 | 0.6758 | 0.6922 | 0.6942
MI 03189 | 03184 | 03007 | 04510 | 04548 | 05845 | 0.6275 | 0.6755 | 0.7019 | 0.6961
LOR 0.3281 | 03397 | 047838 | 0.5930 | 0.6780 | 0.6859 | 0.6840 | 0.6720 | 0.6602 | 0.6913
max 0.7819 | 0.7530 | 0.7440 | 0.7342 | 0.7225 | 0.7148 | 0.7105 | 0.7068 | 0.7019 | 0.6961
(2 5) AEAMYS HET HHEALE(RF) 27 45 ST-HF, mic_Fl
TE 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
DF 0.7836 | 0.7821 | 0.7785 | 0.7725 | 0.7725 | 0.7671 | 0.7534 | 0.7515 | 0.7419 | 0.7361
JAC 0.7835 | 0.7808 | 0.7720 | 0.7682 | 0.7619 | 0.7535 | 0.7544 | 0.7535 | 0.7524 | 0.7362
IG 0.7884 | 0.7768 | 0.7672 | 0.7630 | 0.7559 | 0.7491 | 0.7387 | 0.7349 | 0.7226 | 0.7366
CHI 0.7983 | 0.7874 | 0.7830 | 0.7763 | 0.7648 | 0.7455 | 0.7579 | 0.7502 | 0.7380 | 0.7322
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