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[Abstract]

The change to online education can teach a student's knowledge tracing model through a large amount of collected learning
activity data. With the advent of knowledge tracing techniques combined with recurrent neural networks, it is possible to quantify
the educational status of students and recommend customized learning through them. However, in the case of multi-dimensional
feature data collected from an online education platform that has recently developed into a game form, the recurrent neural
network-based knowledge tracking method has a limitation in that its performance deteriorates. Therefore, in this paper, we
propose knowledge tracing based on the ensemble learning algorithm XGBoost (eXtreme Gradient Boosting), using online learning
data and recently completed learning data of an online education platform in the Kaggle competition. The results indicate that the
XGBoost-based knowledge tracing method can be used robustly even for multidimensional feature data, and will contribute to
changes in various online education platforms.
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2-2 Deep Knowledge Tracing (Deep KT)

Deep KT 15 Eopol|A] gkzate] sy S Helds
Z-gste] FAstal RUEYshk= 7]=oltH1]. Knowledge
TracingS Y4217l Deep KT 8 AAGRNN)oL;
7] @7] WRZ(LSTM) 9 22 Held Ras &8ato] o<
7] 3ks e AAID vlolH R AgstaL ofsl=E 74
T} Deep KTi= 8F5A17F o el 3 &Al19F 1o gk A8,
AIZE 5 AAIE HRE 7|uke 2 slpae] X|AeEs dF
ahar mElggit) o]5 Fal skFate] s dks et 2|4
W3 o] A F48laL /1Q1ete sy AE2E AAshE
o] A77E AAEACH7]-19]. 3% Deep KT= Hed

N HT e

1>



2 AT T 5L A S, 4
o] Hlolels} 21 8% Alzte] Basi) B3] AAD HoleE
Aefehe JMOW si370] Bagol o obd 4+ ek E,

o =

ey mdo] EAal we melnlglE x|a g, &
tlo]El7}F &3k Aol 343K overfitting) o] HAE 715
go] SAeH3

2-3 Recurrent Neural Network (RNN)
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2-4 Long Short Term Memory (LSTM)
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2-5 EXtreme Gradient Boosting (XGBoost)
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k=z) ¥ Aol Edlyl &< wekdS ABslA A A Dataset Student Interactions
PN ASSISTment 2009 4,217 525,534
A Algebra 2005 575 813,661

Bridge to Algebra 2006 1,146 3,656,871
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Table 1. Kaggle dataset

E 3. S5 Ho[EM g=E 54

Cellims DEEERe Table 3. Training dataset features
session_id the ID of the session the event took place in Data Description
index the index of the event for the session user_id Learner's ID
how much time has passed (in milliseconds) problem.id Unique ID of the issue
elapsed_time between the start of the session and when the skill_name Type of problem
event was recorded correct Correct answer
event_name the name of the event type hints Hint usage count
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rO0M_COoor_ . )
Y in—game room (only for click events)

the coordinates of the click in reference to the

SCreen_coor_x ) )
player’s screen (only for click events)

the coordinates of the click in reference to the

SCreen_coor_) ) )
¥ player’s screen (only for click events)

how long (in milliseconds) the hover

hover_duration happened for (only for hover events)

text the text the player sees during this event
faid the fully qualified ID of the event
) the fully qualified ID of the room the event
room_fgid :
took place in
text_fqid the fully qualified ID of the
fullscreen whether the player is in fullscreen mode
hg whether the game is in high—quality
music whether the game music is on or off
which group of levels — and group of
level_group questions — this row belongs to (04, 5-12,

13-22)
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1) DKT (LSTM-based Deep Knowledge Tracing)
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2) XKT (XGBoost—based Knowledge Tracing)
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Table 4. DKT model parameters

Name Value Description
Leaning_rate 0.001 Learning rate
Batch. size 256 Number of samples in each
batches
embedding_size 256 Number of embeddings
Hidden_size 256 Number of hidden layers
Epochs 30 Training times

F 5. XKT 2o mzjo|g
Table 5. XKT model parameters

Name Value Description
Leaning_rate 0.02 Learning rate
max_depth 7 Depth of decision tree
num_boost_round 100 Number of boosting iteration
Epochs 30 Training times
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XKT and DKT Model in feature 5
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Table 6. XKT model parameters in Kaggle PSPG

Competition
Name Value
Leaning_rate 0.02
tree_metohd hist
n_estimators 249
alpha 8
max_depth 4
colsample_bytree 0.5
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