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[ Abstract ]

This paper utilizes artificial intelligence to analyze vocational training evaluation data for people with disabilities and selects the
optimal prediction model using various machine learning algorithms. It predicts the job categories most likely to employ trainees
based on data such as gender, age, education level, type of disability, and basic learning abilities. The goal is to design customized
training programs based on these predictions to enhance training efficiency and employment success rates.
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Fig. 1. Initial feature importances - random forest.
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HILA| A~ Aot 5HH

413

62_:1

!

otl

3) A|AR ZH1t

13 2 A Flask 7]4F 1A}o] Eo| A Hlo]H = 1
Sl AE MES =S W, AHEHLE md= 5d
d= A7} 295 9LS selsant

Iv.Z2 8

2 ATE Foldl AY9EH Bt vlolHE &83te] #Al
2 719k A dS RS JpEEta, o) S $HEA
oA %&Y T T2 IYL AFdte ALHS FE5I=
AL Zx 2 3tk HAGEA 7)oM) AFH 1263719
dlolE & 3t 25X on] Yl a2 AlA S 640
7H94 Frad dolH = Astdt thdst MAlEd &g

& AMEEt] Y oS RES et S Hlwg A
JJr, Py ZHAE ndo] 71E & A5S Byt dd =
HAE mde tgdt b A 5, FAH A, vy F
8E A, =2 A5 A% Y S AU o, B
= 86.72%, A= 88.55%, A& 86.72%, F1-Score 83.78%
£ 71535t b RdErn 973 S UETh oY
ol E WY EHAE mdo] Aefl AYgFH Bt o]
HE 7|fo 2 A d5S T3 AA"dA 7P 4%
g duEFo R MAAHJT EF, Flasks 7|WHe 2 g+ )
fZE A o] A& Jfdete] FH Aol A4l HolEE Y3t
A oS AHE ATEE F UEES S5 oH, 4 A

upeh ghEy EE 22 IS FHEE Vs S 2
deHozr, B dye 95y £ Aags =9l OF
A5t Hdlely B4 7]&S 83t APEH] 2 &4
3 Z9E ol WS AFEHh o)F B Fold ¥
dASAA By FAA ] AFdHA HY RS AT
s, 259 AEAe A4S AdE F g Aoz 7
o el et

gauEs

[1] S. H. Moon, “Head pose estimation by using histogram
and random forest,” Master’s thesis, Jeonnam National
University, Gwangju, p. 13, 2016.

[2] J. H. Yoo, “Peak load forecasting method for Jeju Island

on alternative holiday using random forest,” Master’s thesis,

Graduate School of Engineering, Korea University, p. 16,

2023.

http://JPEE.org



http://dx.doi.org/10.14702/JPEE.2024.409

J. Pract. Eng. Educ. 16(4), 409-414, 2024

[3] T. Chen and C. Guestrin, “XGBoost: A scalable tree

boosting system,” Proceedings of the 22nd ACM SIGKDD
International Conference on Knowledge Discovery and

Data Mining, pp. 785-794, 2016.

[4] S.Y.Park, J. H. Baek, S. H. Park, and J. Hur, “Implementa-

tion of a short-term wind power output forecasting model
based on gradient boosting machine(GBM) algorithms,”
Proceedings of the Korean Institute of Electrical Engi-
neers Conference, Gyeongbuk, pp. 305-306, May 26,
2022.

[5] J. H. Kim and J. M. Won, “A development of the road

surface decision algorithm using SVM (Support Vector

M x| M (Jae-Sung Chun)_Z3|¢l

(6]

(7]

Machine) clustering methods,” Journal of Korean ITS
Society, vol. 12, no. 5, pp. 1-12, 2013.

H. Choi, T. K. Kim, G. R. Heo, S. D. Choi, and J. W. Hur,
“Study of fuel pump failure prognostic based on machine
learning using artificial neural network,” Journal of the
Korean Society of Manufacturing Process Engineers, vol.
18, no. 9, pp. 52-57, 2019.

J. Heo, W. K. Choi, J. M. Son, H. C. Park, and D. G.
Yoon, “A study on performance improvement with minio
file server on flask web server,” Proceedings of the Kore-
an Institute of Communication and Information Sciences

Conference, Jeju, pp. 914-915, June 20, 2018.

=25
L'\ 2022 88 ~ 20244 8 : SV | KOE W HFE S AAL
-— 20224 8¢ ~ HAY : Sh=V IS uSHE D AFEISE Rt BiAL 2k
(ZHAEOE 2, o, Al BiGolH, EYEH
£ ¢ A (lI-Young Moon)_Z415|¢l
20054 28l : st2eta sty S EAMFE Zeta}t ZetetA}
20054 3g ~ SxY : SH=7|EnKOHEN HFESEE Fus
(EAE0R Al FMRIEU S8, F4 QIEUl P

414



