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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

Fo] 2t gie] Astww Ak,

$HH, mapped #te] 0

9 79 Fol2l Bl Bl gloit i Q1] o] Slo}

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

1987
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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
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