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[Abstract]

This study proposes the analysis model using HMM that can estimate the learning state hidden from observations in a
continuous sequence in order to reveal the prerequisite relations among the knowledge concepts(KC). Also, the problem domain
was compressed with meaningful KC relations by applying Elastic Net with LASSO parameters and Random Forest, which are
regression coefficient reduction methods. As a result of applying elementary mathematics evaluation data to the
ElasticNet(LASSO)+RF+HMM model, the average accuracy is improved by 7% compared to the previous study applying MSMM
method. This study presents a model framework of the KC prerequisite relations that can make probabilistic correction for
students' guesses or mistakes and contributes in that personalized education guides the appropriate learning path according to the

learner's knowledge status by improving the knowledge concept relations.
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Table 3. The accuracy of each level based on significance
level of LASSO and precision level of RF

Method [LASSO| RF |level 11|level 12|level 13|level 14|level 15
LASSO | 0.001 | 10% | 0.47 | 0.57 | 0.77 | 0.32 | 0.64
LASSO | 0.001 | 20% | 0.47 | 0.57 | 0.66 | 0.24 | 0.69
LASSO | 0.001 |same| 0.47 | 0.57 | 0.66 0.4 0.69
LASSO | 0.01 | 10% | 0.47 | 0.57 | 0.66 | 0.4 | 0.69
LASSO | 0.01 | 20% | 0.45 | 0.57 | 0.63 | 0.31 | 0.65
LASSO 0.01 |same| 0.45 | 0.57 | 0.63 | 0.31 0.65
LASSO | 0.05 | 10% | 0.45 | 0.61 0.6 | 0.31 | 0.63
LASSO | 0.05 | 20% | 0.45 | 0.61 0.6 | 0.31 | 0.63
LASSO | 0.05 |same| 0.45 | 0.61 0.6 | 0.31 | 0.63
RF 0.001 | 10% | 0.44 | 0.64 | 0.77 | 0.32 | 0.64
RF 0.001 | 20% | 0.46 | 0.57 | 0.66 | 0.24 | 0.69
RF 0.001 | same | 0.46 | 0.57 | 0.64 | 0.4 | 0.69
RF 0.01 | 10% | 0.44 | 0.63 | 0.65 | 0.32 | 0.56
RF 0.01 | 20% | 0.45 | 0.57 | 0.65 | 0.23 | 0.61
RF 0.01 |same| 0.45 | 0.57 | 0.59 | 0.29 | 0.67
RF 0.05 | 10% | 0.44 | 0.64 | 0.67 | 0.31 | 0.63
RF 0.05 | 20% | 0.45 | 0.61 0.61 0.26 | 0.63
RF 0.05 |same| 0.45 | 0.61 0.62 | 0.26 | 0.63
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Table 4. List of KC prerequisite relations derived from math problem evaluation data for the level 15
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before after before_title after_title mapped method direction
1 KC02 KC04 Find the quantity to compare 1 LASSO forward
Finding the relationship between the ratio, the
2 KC02 KC05 amount to be compared, and the reference 1 LASSO forward
Representing a ratio as a amount
fraction or decimal

3 KC02 KC16 Find the value of x in a proportional expression 0 LASSO forward
4 KCO2 KC18 Find and Proportionate the Ratio of Simple 0 LASSO forward

Natural Numbers

Finding the relationship between the ratio, the
5 KC04 KC05 amount to be compared, and 1 BOTH forward
the reference amount
6 KC04 KC14 Find the quantity to Knowing the nature of ratio 1 LASSO forward
compare
7 KC04 KC16 Find the value of x in a proportional expression 0 LASSO forward
8 KC10 KC11 Solve equations using properties of equations 1 BOTH forward
(upper level)
9 KC10 KC12 Solve equations using Solve multiple equatlons using the property of 1 BOTH forward
) equations
properties of
10 | KC10 | KC13 equations(basic) Know the proportional formula 0 LASSO forward
11 | KC10 KC17 Proportioning with a Given Ratio 0 LASSO forward
12 KC11 KC12 Solve multiple equatlong using the property of 1 BOTH forward
equations
Solve equations using
13 | KC11 KC16 properties of equations Find the value of x in a proportional expression 0 LASSO forward
(upper level)
14 | KC11 KC17 Proportioning with a Given Ratio 0 LASSO forward
15 | KC13 KC16 Know t?sr%rslzortlonal Find the value of x in a proportional expression 1 LASSO forward
16 | KC14 KC16 Find the value of x in a proportional expression 1 LASSO forward
Knowing the nature of ratio

17 | KC14 KC17 Proportioning with a Given Ratio 1 LASSO forward
18 KC16 KC18 Find thg value of x |rj a Find and Proportionate the Ratio of Simple 1 LASSO forward

proportional expression Natural Numbers
19 | ke17 KC18 Proportioning Wlth a Given Find and Proportionate the Ratio of Simple 1 BOTH forward

Ratio Natural Numbers
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Table 5. Comparison of precision result of applying
Elastic Net(LASSO)+RF+HMM and ARM+MSMM[7]

Algorithm

kH

level 11| level 12 | level 13 | level 14 | level 15

ARM + MSMM | 0.2645 | 0.3782 | 0.7500 | 0.3158 | 0.7000
ElasticNet(LASS
O) + RF + Hvw | 0-4694 | 0.5714 | 0.7727 | 0.3158 | 0.6364
ol EAIEe] Zs} 1 Ho|HE AHEEHE KC st
203 3%, AoleHge] AR tistel o4 ek BEY &
A& F7F a8k HVM darelss &880 28 A3
A5 g AYEE IS 5 s A Bojgal Qi)

http://dx.doi.org/10.9728/dcs.2022.23.10.1981

<
my
rhu

N
[o

E5a) daie a8 PAse AR dES
Ash= 3pgo] Wasich of| Fopel A4S 74
4ol A4 AAKOES 7 45 £4% HAT 4
lo]e), AL UL PR KOEE tl) A4
i olwl 54 S 5] Sla) whea) 94
oF 8h= KC 1] EA3h] whelolek, /o1 25
AQe] SISE e 54 S 5]
5 FAE ) ALlF S 49 KO A

[
oo N R
_fﬂmrﬁr&m

o)
o &

(
==

> 4o % gy [0 O Ok 19

rhz e

g A g ™
30 Flo
_%
2
%

%LOM
MAE gEA e‘%ﬂ Sk dlolHEHE A5
Elastic Net(LASSO), RF, HMM %4]$- 2881 2d
o¥a}9it}. Elastic Net(LASSO)+ RF+HMMS 283+ KC
ASTA FA A v 2k 3 AR 2ol A Elastic
Net 7]8ke] LASSO ¢are]53 RE 415 &3 2 KC H=
1 10% o] fofn et A4aaAE 2 KC 135S &F
St} F WA 9= 7 KC M2 4 B Bole a5
KC 8459 HMME A-83lo] A5 AAE =&

H Aol A A9k Elastic Net(LASSO)+ RE+HMM &
A3} &3] S[7]0] ASrek ARM+MSMM 2o 22t %
T dle] 473t 7} vlolElE FUsHAl A&e AFE m
w3pgi o, 1 A3 Elastic Net(LASSO)+ RF+HMM 2.3
& olgsle] A KC AFee) Astert Bt 7% 3
A

54 AdEgue T 2 KC B

—_

< 1 4= Sk

E o= ARM + MSMM Edlol A aefshx] Z3k &5
dlo]Ef ] 2R Wsle)] £5E|%] ke KC 1He] #AdS 3t
Al SES] 5 e A dig §E4 HAS 53
3 4= e KC ATHAE F28 = e du85s AX
k= AollA] 1 9] 9)7} Qi

2 A= 20229 %
of efste] o] Foil

al(F) Ake] el Ffubale] «]¢)
A=A, BAFA ) A= HU T

A2

[1] H. G. Oh, “Analysis of major social changes and information
security issues after COVID-19,” Communications of the
Korean Institute of Information Scientists and Engineers,
Vol. 38, No. 9, pp. 48-56, 2020.



ElasticNet(LASSO)+RF+HMMZ

https://www.dbpia.co.kr/journal/articleDetail ?nodeId=NOD
E09910486
[2] S. M. Kim, “Analysis of Press Articles in Korean Media on
Online Education related to COVID-19,” Journal of Digital
Contents Society, Vol. 21, No. 6, pp. 1091-1100, 2020.
https://doi.org/10.9728/dcs.2020.21.6.1091
[3]1 K. Lee, S. H. Kwon, C. W. Yang, D. W. Koh, K. B. Kim and
M. S. Choi, “Exploring Future School Education Scenarios
in the Era of Digital Transformation,” Korean Journal of
Teacher Education, Vol. 37, No. 2, pp. 1-25, 2021.
http://www.earticle.net/Article.aspx?sn=393898
[4] S. Y. Choi, “Artificial Intelligence in Education: A
Using  Artificial
Intelligence,” The Journal of Korean Association of
Computer Education, Vol. 24, No. 3, pp. 11-21, 2021.
https://doi.org/10.32431/kace.2021.24.3.002
[5] D. Lee, Y. Huh, C. Lin. and C. M, Reigeluth, “Technology

functions for personalized learning in learner-centered

Literature Review on Education

schools”,  Educational  Technology  Research  and
Development,  Vol. 66, pp. 1269-1302, 2018.
https://doi.org/10.1007/s11423-018-9615-9

[6] M. Brown, M. McCormack, J. Reeves, D. C Brook, S,
Grajek, B. Alexander, M. Bali, S. Bulger, S. Dark, N.
Engelbert, K. Gannon, A. Gauthier, D. Gibson, R. Gibson,
B. Lundin, G. Veletsianos, and N. Weber, “2020 Educause
Horizon Report Teaching
EDUCAUSE, pp. 14-16,
https://www.learntechlib.org/p/215670/.

[7] H. H. Choi and M. J. Lee. “Analysis of prerequisite relation
in knowledge graph using ARM and MSMM: Focusing on
problem evaluation data of K-12 math,” Journal of Digital
Contents Society, Vol. 23, No. 6, pp. 1131-1140. 2022.
https://doi.org/10.9728/dcs.2022.23.6.1131

[8] A. Khademi, “Hidden Markov Models for Time Series: An
Introduction Using R”, Journal of Statistical Sofiware 80.
pp. 1-4, 2017. https://doi.org/10.18637/jss.v080.b01

[9] Michel Verleysen and Damien Frangois, “The curse of

and Learning Edition,”

Louisville, Sep 2022.

dimensionality in data mining and time series prediction”,

International  work-conference on  artificial neural
networks. Springer,  Berlin, = Heidelberg, = 2005.

https://doi.org/10.1007/11494669 93

[10] R. Tibshirani, “Regression Shrinkage and Selection via the
Lasso,” Journal of the Royal Statistical Society. Series B
(Methodological), Vol. 58, No. 1, pp. 267288, 1996.
https://doi.org/10.1111/1.2517-6161.1996.t602080.x

[11] P. J. Brown and J. V. Zidek, “Adaptive Multivariate Ridge
Regression,” The Annals of Statistics, Vol. 8, No. 1, pp.
64-74, 1980. https://doi.org/10.1214/a0s/1176344891

1989

k=13

EeH XA JefZol Mk 24 1 K-12 $8F 2 EHILHO[E & BAe=E

[12] H. Zou and T. Hastie, “Regularization and Variable
Selection via the Elastic Net,” Journal of the Royal
Statistical Society. Series B (Statistical Methodology),
Vol. 67, no. 2, pp. 301-320, March 2005.
https://doi.org/10.1111/j.1467-9868.2005.00503.x

[13] M. Schonlau and R. Y. Zou, “The random forest algorithm

for statistical learning,” The Stata Journal, Vol. 20, No. 1,
pp- 3-29, March 2020.
https://doi.org/10.1177/1536867X20909688

[14] H. Bostrom, R. B. Gurung, T. Lindgren, and U. Johansson,

“Explaining Random Forest Predictions with Association
Rules,” Archives of Data Science, Series A (Online First),
Vol. 5, No. 1, 2018.
https://doi.org/10.5445/KSP/1000087327/05

[15] C. Strobl, A. L. Boulesteix, T. Kneib, T. Augustin and A.

Zeileis, A. “Conditional variable importance for random
forests,” BMC bioinformatics, Vol. 9, No. 1, p. 1-11, 2008.
https://doi.org/10.1186/1471-2105-9-307

[16] P. M. Baggenstoss, “A modified Baum-Welch algorithm
for hidden Markov models with multiple observation
spaces,” I[EEE Transactions on speech and audio

processing, Vol. 9, No. 4, pp. 411-416, May 2001.
https://doi.org/10.1109/89.917686

[17] J. Schmid Jr, “The relationship between the coefficient of
correlation and the angle included between regression
lines,” The Journal of Educational Research, Vol. 41, No.
4, pp. 311-313, 1947.

https://doi.org/10.1080/00220671.1947.10881608

[18] C. Piech, J. Bassen, J. Huang, S. Ganguli, M. Sahami, L. J.

Guibas and J. Sohl-Dickstein, “Deep knowledge tracing,”
Advances in neural information processing systems, Vol.
28, Jan 2015. https://doi.org/10.48550/arXiv.1506.05908

[19] C. W. Jung and D. J. Kang, “A Recognition Algorithm of

Suspicious Human Behaviors using Hidden Markov

Models in an Intelligent Surveillance System,” Journal of
Korea Multimedia Society, Vol. 11, No. 11, pp. 1491-1500,
2008.
https://www.dbpia.co.kr/journal/articleDetail ?nodeld=NO
DE01605481

[20] P. Chen, Y. Lu, V. W. Zheng, X. Chen and B. Yang,
“Knowedu: A system to construct knowledge graph for
education,” leee Access, Vol. 6, pp. 31553-31563, May
2018. https://doi.org/10.1109/ACCESS.2018.2839607

http://www.dcs.or.kr



o
]

T
rH
u
[
o
]
ir

ZX|(J. DCS) Vol. 23, No. 10, pp. 1981-1990, Oct. 2022

Z[# 3] (Hyunhee Choi)

19974 el vhekaL olobel (o] 8hAIAD)
20199 : SA G vEkY (BA% B

199611 ~2012:d: k= IBM AXESJo] A4 7%
2012 ~2014d: A4 IT A&

20153 ~20174: Hol8 74 54 AHHE
20008~ @ Al eol B0 Bl (F) +4 A7l
w g Rk ¢ dlolE B4, wlolE] Abolelzs, o H|aL

0|21 (Minjeong Lee)

1904 FUIS T HFE T4 (T34
199610 : KAIST #2ksta} (F34A)

19961 ~20004: & LGHAF LGEE71&d d+4
2000 ~20109: & ololeflo] F=AAF+

20114 ~20159: @ A3 A2 AZES o] AE T3
20161~ Al TS A G 2
2018 ~&  Al: mHdistal A FE S whAL
2021~ Al ol BEdolE(F) ATAa%
WA Rok : SW/AI 15, Al #lEl g A], 71 A8k, ol FEl=

@

o

ol

_E
oxl

=

http://dx.doi.org/10.9728/dcs.2022.23.10.1981 1990



	ElasticNet(LASSO)+RF+HMM을 활용한 지식 그래프의 선후관계 분석 : K-12 수학 문항평가 데이터를 중심으로
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 이론적 배경
	Ⅲ. 연구 설계
	Ⅳ. 결과 및 분석
	Ⅴ. 결론
	참고문헌


