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Identification of latent skill dynamics and visualization of learning effect by
educational data mining
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In the fields of business and healthcare, research on data mining is
thriving. However, in the field of education, despite the accumulation of big data, such as vast
amounts of test results and log data, data mining methods that use machine learning to extract
latent skill structures have not yet been established. Therefore, this study aims to develop data
mining techniques that automatically extract the latent skill structures necessary for acquiring
knowledge from test results and learning process log data. Specifically, we propose a method to
analyze log data and source code obtained from programming classes to identify students who are not
keeping up with the coursework. Additionally, we extend the commonly used Knowledge Tracing model to

better fit our analysis.
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2 Knowledge Tracing and IRT with Decay Effect



(1) Convex Factorization Machines [Oeda,
Shimizu, Yamashita,2019],[Oeda, Shimizu, 2021]
e-Learning ITS Intelligent Tutoring Systems
ITS
ITS
ITS

Knowledge Tracing Factorization Machines

Factorization Machines  SVM(Support Vector Machines) factorization models
Factorization
Machines
Factorization Machines Convex Factorization Machines
Factorization Machines SWM Matrix Factorization factorization
models . Factorization Machines SWM

Matrix Factorization
. Factorization Machines

. k
k . Convex Factorization Machines
rank(Z) n Z nuclear
norm VA . Convex Factorization

Machines Factorization Machines
Factorization Machines
Factorization Machines Convex Factorization Machines

Convex Factorization Machines

@ [Oeda, Chieda, 2019]

“ paizan

git
blame
[Dauber, et al. 2017]



F 0.714

<=5.5

n_function_args_1127_No4 <= 5.5
gini = 0.65
samples = 15
value =[8, 7, 12]

True False

if_1127_No4 <=-3.58 mean_variable_name_1127_No5 <= 1.83

gini = 0.55 gini =0.15
samples =9 samples = 6
value =8, 6, 1] value = [0, 1, 11]

std_letters_of_liﬁ_Ja2576_No4 <=10.27 gini=00 gini = 0.38 gini=0.0
sgm _Ies'— 6 samples =3 samples =2 samples = 4
oo 4.6, 1] value = [4, 0, 0] value = [0, 1,3] ) | value =[0, 0, 8]

VAN

gini =0.38 gini = 0.24
samples =2 samples = 4
value =[3, 0, 1] value =[1, 6, 0]

3

n_function_ar s 1127 No4
r"1127"No5
II blank |IP s"1127"No5
mean_letters of —1127"No4
mean_function nam[ef_1127 No5
1127"No4
mean functlon Illn s"1127"No4
mean letters of —1127°No5
me n_liné c‘hars 1127°No5
unction_args"1127"No>
mean unctionTlines"1127-No5
o_r‘1127 No4
if_1127"No5
std Ilettﬁrs of Ilne‘1127:N05
1127"No4
mean vanable ?al e”"1127 No4
ters of line” ~1127-No4
INE_chars~1127"No4
mean unctlonmame 1127"No4
mean_ vana Ie nam —1127_No5
II |IP s"1127"No6
mean_| etters of _[ine"1127"No6
0"1127 No4
std letters of li e ~1127"No6
md%ntatl e”"11277No5
_Space”! st e"1127"No4
elseif”1127"No5
else”1127"No5
mean_function narqe ~1127"No6
while"1127-No4

0.00 0.02 0.04 0.06 0.08 0.10

(3)Knowledge Tracing IRT
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