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[Abstract]

This study proposes the RCA analysis process using the ARM and MSMM methods for deriving prerequisite relation between
knowledge components(KC) of a knowledge graph and analyzed the results by applying it to elementary and middle school level
math item evaluation data. This is meaningful in that the proposed process combines several methods that show the concept of
conditional probability with different statistics, and the precision of the prerequsite relation analysis was increased by applying the
MSMM method to the learning data considering the disparity. The prerequisite relation analysis model between KCs using
ARM+MSMM proposed in this study can strengthen the knowledge graph by verifying the relationship of knowledge component
in the curriculum based on learner data and contribute to additional suggesting hidden knowledge component relationships.
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Table 1. Technical implementation models for RCA [21]
Family Technique Implementation
Propositional Logic(rule sets)
First—order Logic
Fault Tree
Abductive Logic Programs
Codebooks
Decision Tree

Classifier SVM
Neural Net
Process Automata/FSM
Model Petri Nets
Fuzzy Logic
Dempster—Shafer theory
Logic Fuzzy Fault Tree
Probabilistic Logic
Non—axiomatic Logic
Bayesian Networks
Naive Bayes
Bipartite
Polytree
General
Probabilistic Relational Models
Bayesian Abductive Logic
Programs
Markov Logic Networks
Sum-—Product Networks
Relational Sum—Product
Networks
Dynamic Bayesian Networks
Hidden Markov Models
Arithmetic Circuits
Bayesian MSVM, LS-WSVM
Probabilistic Neural Net
Process Stochastic DES
Model Stochastic Petri Nets

Logic

Deterministic Compiled

Probabilistic Bayesian
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Classifier
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2-3 ARM (association rule mining)
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Fig. 3. Prerequisite relation model of KC A and KC B
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Table 2. Configuration of learning data for the KC
prerequisite relation analysis

level 10 11 12 13

number of KC 31 36 31 22

1%t exam : number of students| 4,483 | 2,989 | 1,735 | 2,006

2" exam : number of students| 719 1,129 | 1,199 314
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P2 2 KCo1 0 KC02 | Comparing size of fractions ARM algorithm to the learning data of level 11
‘ P Before confiden .
. Association Rule Mining | ID KC After KC support ce lift
. - _
~ 1 KC48 KC51 0.0212 0.65 10.7689
Before KC |AflerRC | Confidence | LR o  Kcas KC47 | 0.0228 0.70 11.2921
KCs1 KCs2 1 10.75
KCs1 KC55 1 4.64 3 KC48 KC49 0.0212 0.65 10.4855
Kesd KeS4 ! 408 4| Kcas KC52 0.0212 0.65 6.9904
KC49 KC54 1 4.08
— 5 KC48 KC57 0.0196 0.60 5.5727
Multistate Markov Model 6| KC48 KC53 | 0.0212 0.65 3.0186
B 7 KC48 KC27 0.0196 0.60 2.6847
Before KC | After KC {00 |01 10 |11
KC04 KC03 071 (027 |033 |0.65 8 KC48 KC54 0.0212 0.65 2.6563
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KC04 KC34 0.64 033 |035 053
2 6. ARMHMSMMS 20 M2 1% Hofele] Wt 1% 10| KC48 KC25 | 0.0196 0.60 2.0098

Fig. 6. Conversion process of learning data during
applying ARM+MSMM method
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FES Holu & ool Ut F7} Ele] F sl

5. 2 112 KC 7F MF 2 50| Al
Table 5. Unusual cases among the prerequisite relation
between KCs at level 11

Before | After title of title of conf lift
KC KC Before KC After KC ’

Representing

Natural number | Relations
to improper hip
KC08 KC34 fraction, between 0.69 1.59
improper prime
fraction to numbers
natural number
Reduction Reduction
KC51 KC52 by 2~9 by 2~19 1 10.75
Reduction Reduction
KC52 | KC51 by 219 by 2~9 0.65 | 10.75

4-2 ARM+MSMMZ 0| 8¢t KCZF H=2tA| 24

2 A= 14 HIZ=EGA KC AdA 27 W gt
So] 23} HlAEoA KC A9t KC BollA ®oli= Ae) H3l=
uEFro 2 MSMM 4 7ol 8h5 AlRHE gk gi). o]
5 98] 9M ARMS 2gste] E&3 KC 37 Bl st
of Hl2EE 23] I3 shgate] dloleE Fei4 MSMM
28-S 913 sk Hlo|El 2 FH| 3t

MSMM 415 ¢lsf i k5 dHlolH+=
stateZ )3t} na} BlAEC) KC AS R3AEA 2
Sl =R el = dEike KC, (A)olghar 44k 1
el 2B KC (A) = 02 A2 A2 Bar B ¢l
MSMM®E 2] state 12 Ao3lt) 12} HAEA KC
G2 Fgk AdEelA 23 HIAES] KC AE & 59 %‘T,
% KGy(A) = 09 JHE state 22 A3t} 23} gl~E
oA KC AE g4 %3l KC B ‘%%ﬂ e 49, 5
KC,(A) = 091 Aeiollx KC,(B) = 03] HEiS state
47 AoJgit), o= 19 3ol KC 3+ A% A 2ella &
gk Fzolct,

o]A] ARMS 4-g3te] =&k 7} 3A|2] KC A<k KC Bell
el <A 13} "AE A KC A% gk x5t sksAks
o] 2zt HI2E 3l Hlo]E oA KC A9t KC Be] BtE o -
o ujg} ¥ 63} Lol stateE %‘%if}‘:‘r.
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ot XA O Zof M=o 2 (K12 5 28 HILHO|E E B4R
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E 6. KC(A)2F KC(B)2l dEfZiol e state2] &
Table 6. State identifier according to KC(A) and KC(B)

state id KCi(A) KCa(A) KC2(B)
1 0 - -
2 0 0 -
3 0 1 -
4 0 0 0
5 0 0 1
6 0 1 0
7 0 1 1

¥ 69 student id =2 5219 A2} time orders

5A7) KCOﬂ g HAEE 28gk A o] &A1& <

H)ght}. statess 3£ 60l YERH viel o] Aoj¥l Shsate]
t5 dEjoltt

ﬂ'

E 7. MSMM Al HE31| 2ol state
A2t KC B &A1 2| &5 lolH
Table 7. Reconstructed learning data of the relation
between KC A and KC B to apply the MSMM

HEE e KC

method
SV KCHA)  KGAA)  KCB) | Sme | stateid
33973 0 1 1
33973 0 0 2 2
33973 0 0 1 3 5
48421 0 1 1
48421 0 0 2 2
48421 0 0 1 3 5
73320 0 1 1
73320 0 1 2 3
73320 0 1 1 3 7
91005 0 1 1
91005 0 0 2 2
91005 0 0 0 3 4
116490 0 1 1
116490 0 2 2
116490 0 1 3 5

_4

3 7914 e b} o] KC A9 KC B7F €&
= 7709 state®}t 25 Alo]o] Hold F Q= FES
o] tlolojr#(state transition diagram) o2 F a3 4=
gk 13 7 119 KC 583 KC 57 Alole] e A
o] tholojelolt}. 7}, 13]A} HlAEA KC(58)°] &
Q1 AEjol A 23]3} HIZEA KC(58)¢] 29d €& P12
. 0.980]th 233} HAEO|A KC(GB8) owd o
KC(57)°] Agd &5 P25+% 0.87°]th
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State 1:
KC,(58)=0 E 9. 2E 1055 ¥ 132 &% ololE{o| ARM+MSMM
plz‘:ag»/ Nﬁﬂz ghalg MESH KC 7H MEabet Max
Table 9. KC prerequisite relation and accuracy rate after
 State 2: State 3: appying ARM+MSMM to the learning data from
K68 =0 KCG8 =1 level 10 to level 13
level 10 11 12 13
P2y =01 Pys=10.87 P3s=0.07 Py =091
number O.f target KC 56 54 57 56
relations®
State 4: State 5: State 6: State 7: candidate
KC,(57)=0 KC,(57) =1 KC,(57)=0 KGC,(57)=1 relations®@ 56 54 57 56
a8 7. MSMM M8 2§t KC58TF KC572| Al o] ARM mapped relations 8 10 19 15
clolof 13 only with target®
Fig. 7. State-transition diagram between KC58 and KC 57 precision (/@) | 14% | 19% | 33% | 27%
to apply MSMM recall (®/®) 14% | 19% | 33% | 27%
candidate
ARMS #g8lo] & KC ¢/ H59] mE 350 s relations® S R N
2317} Bl2EolN A s dlolelg Ve R 17 73 ARMY | mapped relations | | g | 45 | g
2o A Ao] BFS ik & A(8)1) A9 ALsto] MSMM with target®
e e H;o ; E‘Oﬂ T ; . = °O° \ precision (®/®) | 31% | 54% | 70% | 45%
o Zas T QO O %
MMSM #2418 713} ob?\:‘r. ¥ 82 @ 11 MSMME & recall (®/®) 14% | 15% | 28% | 23%
8510} & KC 1 A7) B5e) Qg vhehdl Holt,
89l 9ahd KC049} KC032] #AlelA, KCO4E 54 4
$- KC03& ¥ & Py, 0] 0.710]31 KCO4E 2% % v.d =

KC03& 59 g8°] P50 0.650|122, KC04—KC03
of ¥AZE A REtaL & = v

# 8. MSMME %8st 22 2t 119 KCZH M= S5
Table 8. List of the prerequisite relation between KCs by
applying MSMM (level 11)

Before KC After KC Pos Pos FPss Py
KC04 KCO03 0.71 0.27 0.33 | 0.65
KC04 KCO05 0.84 | 0.13 0.26 | 0.49
KC04 KC34 0.64 | 0.33 0.35 | 0.53

I 9% gl 10004 &l 13714 2] 85 wjo]Efof] &2 =i
ol A Alekek ARM+MSMM ¥2lS 288te] ©=53F KC A
S B ARE ok Zlolrh i ATelAlE= ARM 7|
HE Hgsle] Jd& Ay F lift(FER) 7t 2 e el
KC #A12] ¢} A3 4=2] FAE At A= % 9
o Uehd vlel o] ARM Wl 183 A3} dlo|ge 2
71(@)7F e KC #A1] MDD} FLstth

I 904 & 5= 9)5=0] ARM only %2}3 ARM+MSMM "
215 Ag3to] ©ET 557 P KC 5529 AdE(recall)
& Hlssa vERdth e 2 AlellA E54 55 5 e
A KC H50]] &3 3Ho] v]5-S vehl= Y] %=(precision)
+ ARM+MSMM W2lellA] 78 218 ERish = ok 5,
ARM 29 489S i MSMME 5715 8H8-3lo] Alat
£ wkggh dlolEle] e WslE wedtows A Fee
(precision) Bt} 20 o]A4+e] A=E A& 4= d3ich
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Aol M= Bkt Bt5E 85 4 =(learning path) &
AAet w) &= 224 12 Z(Knowledge Graph)e] 3%
T2 7] Y8 ARMI MSMM HH4-& #-8-38fo] %4
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