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(Development of newly recruited privates on-the-job Training
Achievements Group Classification Model)
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Abstract

The period of military personnel service will be phased down by 2014 according to ‘The law of
National Defense Reformation’ issued by the Ministry of National Defense. For this reason, the ROK army
provides discrimination education to ‘newly recruited privates’ for more effective individual performance
in the on-the-job training. For the training to be more effective, it would be essential to predict the degree
of achievements by new privates in the training. Thus, we used data mining techniques to develop a classi-
fication model which classifies the new privates into one of two achievements groups, so that different
skills of education are applied to each group. The target variable for this model is a binary variable, whose
value can be either ‘a group of general control' or ‘a group of special control’. We developed four pure
classification models using Neural Network, Decision Tree, Support Vector Machine and Naive Bayesian.
We also built four hybrid models, each of which combines k-means clustering algorithm with one of these
four mining technique. Experimental results demonstrated that the highest performance model was the hy-
brid model of 4-means and Neural Network. We expect that various military education programs could be
supported by these classification models for better educational performance.
Keywords : dl¢]E]vlo]d (Data Mining), k-means 7% 7| (k-means clustering), 2 ¥4 (On-the-job

training), 2543 (Education achievements)
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E7: Wy=t A At

KMNN KMDT | KMSVM | KMNB NN DT SVM
NB 20.55*** 27.77%%% | 2141 *** | 18.46%** 4.57%* 3.86** 1.00
KMNN 227 0.11 0.00 26.68*** 10.29%*¥* | 18.96%**
KMDT 1.60 0.93 34.13** 14.75%%% | 25.83%%*
KMSVM 0.04 26.73%** 10.25%** | 19.80%**
KMNB 26.68*** 9.60*** 17.66***
NN 15.21%%* 6.23**
DT 2.00
T RAeE 90%, Y FASE 95%, T ReaE 99%
2. 7902 P4 3904 BF e WSS A T48%2 Y BE& AREE 2ad 4 2y

43t 74.80%2 7P =& AHEEE Holn
Aok KMDTR#HE 3 1, 73 304 W
9] 57} 3/4d ”ﬂ a3 3 2004 870e] W
T5 AR E o, 73, 32/«] 7 "31:::‘9“ * &
EE Byt KMSVMESLE 73 1, 73 2
aeja A 304 Wl A% z}z} 27H, 374,
NE AMESIE o, 72.25%9 PR =&
A g B2ch vixe g KMNBEELS F
A1, A 2004 WY 7 4 A o, a8
I T3 3elA 7R WSE ARSslE o,
71.88%9] 714 =& HYEE By}

HEs e Ay KMDT 239 &4 214

g AR BE A4S, 4 olele Wawe A}
golole W, A% e AN} 42 e %
G % gtk ole B ETolA AT T
Fugo) 7129 E4uyel Ha wad e
So] WipRE MDE ¥ AFES vol:
AAAL BE TS 5 Sk PHYE 9
]

3}
(E6)7 2t (F6)NM 2 5= sl vis}
2ol KMNN E3o] RE waly nz3ile u

14) KMDT =89 34 204 8709 12w
A 7V & At *&%51 A

W2 Pt 22 435 Jehd o AR Y
W 2 727t %S 4 & ook =%
k-means TA7IHIH EET mYPEo] £47
ByEut HFger) 1~4% A= FE
gl & & 9ok o)A TAEA L] FAlo
Z 53 o] uldsle] w
o AL "lY EREW Fo=2H
2o &Y S W) A7 ZloE g
ARt 2 87 R ESY oE A3 Tl
FAALE foF A7t Ad=AE FHAII
A&l #yet HA (McNemar test)2 AAl 3
ATH8). (F T #AYvt A AIE B
b (EDeA B & e ule} 2o],
TollA ekt k-means E3}EF A &
T 259 AFAFY, AEAGT, SVM
Naive Bayesian 2353 §-24F 99% =
© 95%°lH 1 Fe|rt S ‘/}E}Lﬁl bl
ok oZlg I B ATelA A EFEY
o] Ayt 7188 4Ry Ao} FAAL
2 FoF AolE Zevhs AL ¥ § 9k

¢

1

2ot & o o

1>
‘orl”
lid
oX
tle
s
N,
"3
M > o

(o3

kA9l SVM 233 NaiveBayesian =3
7, 1‘“’}—’ SVM =233 A AAYY =37t
e Fog Aol7l e ALE viehydt
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