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Abstract. Knowledge tracing endeavors to track shifts in students’ knowledge
states throughout the learning process by utilizing students’ work records, enabling
the prediction of their responses to the next question. As knowledge tracing ad-
vances, more information can be mined from the datasets to improve the model.

However, most existing models only consider the correctness of the question and
the concept as input, ignoring much of the other information gathered by intelli-
gent tutoring systems (ITS). Therefore, this paper presents a Behavior-Enhanced
Knowledge Tracing Model (BEKT). The Behavior-Enhanced Knowledge Tracing
Model first selects multi-dimensional features by calculating the mutual informa-
tion. The mutual information value shows that the most relevant features to the
prediction target are student behavior information, including the count of hints,
attempts made, and time taken to answer questions. Then, the model proposes
a cross-feature fusion method to change the students’ knowledge mastery state. Fi-
nally, a multi-layer perceptron is applied to integrate student behavior features to
enhance knowledge state representation. Compared to existing models, BEKT more

accurately captures changes in knowledge state, improving model performance.
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1 INTRODUCTION

Over the recent years, as online education platforms have made significant progress
and become more widely accessible, more and more people have chosen online
courses. Online education platforms can not only expand learning resources but
also track the users’ learning trajectories. To fully leverage the benefits of e-learning
or online learning, the online education platform utilizes students’ test records to
reveal their knowledge mastery levels, recommend suitable topics, and offer per-
sonalized guidance [I]. Knowledge tracing is applied to solve this problem, which
aims to build a model of students’ knowledge state [2], to judge students’ mastery
of each knowledge point. Because it is difficult to directly obtain the changing
state of knowledge, knowledge tracing models often employ an alternative solution
that allows the model to predict the probability of getting the next question right.
Figure [1] given the historical interaction records of students S = (sq,82,...,8;),
forecast the probability of a student providing a correct response to a new exer-
cise. Student interaction is defined as a question-response tuple s; = (g, 7;), where
q; is the number of the knowledge concept involved in the question answered by
the student at time ¢, and r; indicates whether the student’s response is correct
at time ¢. The answer is wrong when r; is 0, and when r; is 1, the answer is
correct.

questions concepts
a1 proportion
az division fractions
91 92 q3 94 qs

a3 volume sphere

a4 absolute value

J x J ? a5 volume pyramid

Figure 1. The BEKT model’s objective is to forecast the likelihood of a correct response
to question g5

Traditional knowledge tracing models usually take question-response pairs as
input while ignoring other available information in the datasets. For instance, Deep
Knowledge Tracing (DKT) [3] utilizes student interaction tuples as inputs to the
recurrent neural network (RNN). To properly instruct an RNN using student inter-
actions, a fundamental step involves converting these interactions into a sequence
of fixed-length input vectors. The input vector is configured as a one-hot repre-
sentation of the student s; = (qi,7;) for datasets with several unique exercises.
Compressed sensing is utilized for large feature spaces to reduce the dimensional-
ity of one-hot encodings. The RNN’s hidden state functions as the student’s state
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of knowledge, while the RNN’s output represents the predicted probability of the
student correctly answering specific questions. Moreover, Self-Attentive Knowledge
Tracing (SAKT) [4] utilizes student interaction tuples as inputs to compute at-
tention weights. The interaction tuple s; = (g, 7) is represented in the model
as a scalar value d; = ¢ + r; - E, where E denotes the total number of exer-
cises. Consequently, an element within the interaction sequence has a range of
2F possible values, whereas elements in the exercise sequence have E potential val-
ues.

With the continuous improvement of knowledge tracing models, several ap-
proaches have been proposed to leverage the features present in the datasets. For
instance, Deep Knowledge Tracing with rich features (DKT-FE) [B] incorporates
processed features with interactive embeddings. Additionally, both Deep Knowl-
edge Tracing with decision trees (DKT-DT) [6] and Dynamic Key-Value Memory
Networks with decision trees (DKVMN-DT) [7] utilize decision trees for prepro-
cessing additional features. Furthermore, DKT + Forgetting [8] introduces time
information to simulate the forgetting process during students’ question-solving ac-
tivities. Colearn [9] takes hint-taking behavior as a subtask of knowledge tracing.
In conclusion, the effects of these improved models have been improved.

This article proposes the Behavior-Enhanced Knowledge Tracing Model
(BEKT), inspired by the abovementioned advancements. The BEKT model aims
to understand better how students’ behaviors affect their knowledge state by in-
corporating student behavior features. First, the BEKT model utilizes the mu-
tual information method to select features that exhibit the highest correlation with
the prediction target. Through analysis, it is discovered that among the features
with high mutual information values, including request prompt count, attempt
count, and response time, all correspond to student behavior features. Second,
the BEKT model takes into account how to handle the features. This model holds
that students’ knowledge state is affected by their behavior. Therefore, introduces
a cross-feature approach that integrates student behavior features in a combined
manner. Subsequently, the knowledge state fluctuations generated by these cross-
features are captured using the tanh function. Lastly, the BEKT model employs
a multi-layer perceptron (MLP) to fuse student behavior features. The fused fea-
tures are then concatenated with the knowledge state to enhance its representa-
tion.

The BEKT model is evaluated on large-scale datasets collected from an online
learning platform, and its performance is compared with other knowledge tracing
models. The results show that the BEKT model is improved in tracing the student’s
knowledge states and predicting the student’s future performance.

Our main contributions are summarized as follows:

1. By analyzing the datasets using the mutual information method, it is found that
the impact of student behavior features on student responses is greater than the
influence of question features on student responses.
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2. This paper proposes a cross-feature method that integrates student behavior
features. By utilizing this cross-feature method, students’ knowledge states can
be modified, resulting in more accurate and interpretable representations of the
knowledge state.

3. By fusing student behavior features through multi-layer perceptron, feature di-
mension can be reduced without losing feature information as much as possible.
The fused features and knowledge states are combined to strengthen the repre-
sentation of knowledge states.

2 RELATED WORKS

There are two primary classifications among the current knowledge tracing mod-
els. The initial class comprises probability-centric models, exemplified by Bayesian
Knowledge Tracing (BKT) [2]. The second class encompasses models rooted in deep
learning, like Deep Knowledge Tracing (DKT) [3], Dynamic Key-Value Memory Net-
works (DKVMN) [10], and Attentive Knowledge Tracing (AKT) [I1].

As a prominent knowledge tracing model, BKT employs the Hidden Markov
Model (HMM) to adjust the knowledge state through an analysis of student’s per-
formance in exercises. BKT characterizes the potential knowledge state of students
using binary variables, representing whether they have mastered a particular knowl-
edge concept (KC) [12]. Despite the significant achievements of BKT within the
domain of knowledge tracing, certain issues persist. First of all, the correspondence
between variables and knowledge concepts is fuzzy. It cannot achieve one-to-one
correspondence, and BKT cannot simulate a question requiring several knowledge
concepts (KCS). Second, how each KC is modeled separately makes it impossible
for BKT to capture the relationship between different KCS. Meanwhile, Probability-
based knowledge tracing models often need input from domain experts to set pa-
rameters and probability distributions, limiting adaptability to different domains
and requiring customization for specific contexts. Probability models often rely on
certain assumptions, such as assuming independence of student knowledge states
or fixed difficulty levels of items. These assumptions may not align perfectly with
real-world scenarios, leading to potential biases in the predictions of the model.

DKT pioneers the way in incorporating deep learning methods into the field of
knowledge tracing, leveraging the versatility of Recurrent Neural Networks (RNNs)
to overcome the constraints of skill separation and binary state assumption, thus
enhancing the model’s practicality. The model employs the RNN’s hidden state as a
summarization of past input sequences, assuming that this hidden state represents
the level of comprehension for each concept. Subsequently, it analyzes the students’
knowledge state and utilizes this information to predict their exercise outcomes.
Because DKT is based on RNN, there is a long-term dependency problem, which
makes DKT unable to utilize long sequences of inputs.

DKVMN is a variant of a memory enhancement neural network (MANN). This
model builds upon the traditional neural network structure by adding a memory
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module and corresponding read and write mechanism. DKVMN added static ma-
trix and dynamic matrix as external memory, thus eliminating the relationship be-
tween trainable parameters and model memory ability. These modifications facil-
itate the modeling of long-distance dependencies. The DKVMN model, like other
deep learning-based models, shares the common issue of being regarded as a black
box model, making it challenging to interpret the reasoning behind its predictions.
Explaining the inference process of student’s learning progress and knowledge states
is crucial for teachers and students to understand. However, the limited inter-
pretability found in deep learning models might constrain their practical use within
educational contexts.

AKT leverages the attention-mechanism-based transformer model with various
novel and interpretable model components. The attention mechanism, as a self-
explanatory model, partially addresses the issue of poor interpretability in deep
learning. By employing a self-attention mechanism, the AKT model gains the ability
to focus on various segments of the input sequence, effectively capturing long-range
dependencies. AKT employs a unique monotone attention mechanism, wherein the
scaled dot-product attention is modified by multiplying it with an exponential decay
term based on relative time steps to compute attention weights. In addition, the
Rasch model is used to regulate question and response embedding. It can capture
variations among identical conceptual questions without necessitating an excessive
number of parameters. However, AKT solely relies on exercise labels and correct-
ness labels as inputs, disregarding crucial factors such as students’ behavior features.
While the AKT model possesses a certain level of interpretability, it overlooks the
interpretability of knowledge states. This limitation can lead to inaccurate mod-
eling of a student’s knowledge state by AKT, consequently affecting its predictive
performance for future exercise outcomes.

3 PROPOSED MODEL

This section will provide an elaborate overview of the BEKT framework, showcasing
the overall architecture depicted in Figure ] The BEKT model is composed of
five components, which include an embedding layer, two self-focused encoders (one
pertains to questions, while the other relates to acquiring knowledge), a knowledge
retrieval module based on attention, a knowledge state fluctuation module, and
a feedforward response prediction module. To provide better clarity, Table[I] presents
an overview of the notations used in this study.

3.1 Embedding Layer

Some KT models address the issue of data sparsity by utilizing concepts to index
questions. However, this approach fails to consider the distinctions between different
questions that revolve around the same knowledge concept. To solve this problem,
the Rasch model is employed by BEKT for crafting question embeddings as well as
question-response embeddings.
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Notation Description
S =(s1,...,8) The historical interaction records of students.
St Student interaction at time ¢.
qQt The number of the knowledge concepts involved in the ques-
tion answered by the student at time t.
T It indicates whether the student’s response is correct at time
t.
Ty Question embedding.
Yt Question-response embedding.
W r The monotonic attention weight.
Tt Context-aware question embedding.
Jt—1 Context-aware question-response embedding.
h,’f’ The knowledge state is output by the knowledge retriever.
T The behavior features of students, i = 1,2, 3.
Vg Student interaction at time ¢.
h{ Cross features produce knowledge state fluctuations.
hy The state of knowledge after being affected by cross features.
h" p The knowledge state representation was enhanced using the
MLP feature fusion method.
I Input to the prediction layer.
Senct Question encoder.
fenc2 Knowledge encoder.
Srr Knowledge retriever.
fpius Add operation.
Table 1. Notations
embedding layer knowledge retriever knowledge state layer prediction layer
=l -
< 'annd Vi ;5
S
H
Kknowledge
encoder i
@ &
s

Figure 2. Architecture of the model under consideration. To enhance readability, dashed
lines visually differentiate the model’s five components.
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Question Embedding. Modeling the question embedding x; from concept ¢; at
time step ¢ can be expressed as:

T =t + pg - d. (1)

The ¢; € R? represents the concept embedding related to question ¢, at time
step t, reflecting the intrinsic concept representation. The u, € R? denotes the
difficulty vector for question ¢; which can distinguish between different questions
with the same concept and d; € R? represents the vector that encapsulates the
variations of questions related to the concept [4].

Question-Response Embedding. Construct the question-response embedding
with concept and difficulty parameters. Question-response embedding y; are
constructed as follows:

Yr = e+ [y - G- (2)
The e, € R? corresponds to the embedding of the concept-response pair, and the
vector g; € R? represents variations in different concepts and responses. The
model employs an identical difficulty parameter y, for the question embedding
and the question-response pair embedding. By utilizing question embedding,
which contains richer information than concept embedding, the BEKT model’s
performance can be enhanced.

3.2 The Monotonic Attention Mechanism

The BEKT model considers that the question (or interaction) with a longer distance
is less critical to the current question (or interaction). The question (or interaction)
with a shorter distance is more important than the current question (or interac-
tion). Therefore, BEKT uses a monotonic attention mechanism instead of a scale
dot product attention mechanism. Monotonic attention adds an influencing factor
measured by relative distance to the weight calculation process, and the influence
factor gradually decreases with the distance increase, so that the distant element
can get less attention. This method of calculating weights for monotonous attention
is called context-aware.

The two encoders use a self-attention mechanism, and the knowledge retriever
uses an attention mechanism. The question encoder and knowledge encoder use
question embedding and question-response embedding as input to generate query,
key, and value, respectively. The knowledge retriever uses the output of the ques-
tion encoder as input to generate a query and a key while using the output of the
knowledge encoder as input to generate a value. The following equations yield the
query, key, and value:

Q=IW?, K=IwEK v=I1w", (3)

where the matrices W¢ € R4 WK ¢ R™*? and WV € R%? serve as projection
matrices that transform input I € RV*? into the respective query Q € RV*?, key
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K € RV*? and value V € RV*? representations.

The computation of the monotonic attention weights w;, employs the softmax
function, expressed as follows:

T
wy,» = softmax (mask (eM”Qt\[ffT>> ; (4)

Attention = w; , - V, (5)

where 6 is the learnable hyperparameter, e~?2+ is the influence factor, and d is the
dimension of the matrix, which is divided by v/d to avoid too small softmax gradient
due to too large inner product so that the gradient in the training process is more
stable. The distance measure A, represents the distance between time steps ¢t and 7,
and the positional encoding determines it. Mask() indicates the mask operation to
mask the data of subsequent events and prevent information leakage.

Attention is calculated n times, and the results are combined, known as a multi-
head self-attention process. This enables the model to focus on information from
various representation subspaces, enhancing generalization and extending the ability
to focus on different locations.

head; = Attention;, (6)
MHA(Q, K, V) = cat(heady, heads, . . . , head,, )W . (7)

3.3 Question Encoder and Knowledge Encoder

The question encoder encoder will use original question {z1,...,z;} as input and
uses a monotone attention mechanism to output context-aware questions embedded
{Z1,..., &}

Tt = fener(T1, .., 1), ()

where Z;_, represents the context-aware embedding that takes into account previous
questions.

Knowledge encoders embed the original question-response {yi,...,4;—1} as in-
put, using the monotonic attention mechanism to output the actual knowledge ob-
tained {¢1, ..., 01}

Ye1 = fenc2(Y1, -+, Y1), )

where 7;_, represents the context-aware embedding of past student responses.

Context-aware embedding indicates that learners’ comprehension and learning
while answering questions depend on the individual learner. When two learners
have distinct historical records, their understanding of the same question and the
knowledge acquired through practice may differ.
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3.4 Knowledge Retriever

The knowledge retriever utilizes a monotonic attention approach to fetch previ-
ously acquired relevant knowledge, which pertains to the current question. It inputs
the above two embeddings and generates the knowledge state that has been re-
trieved.

hfr:fkr(-/i‘la'~'7i’t7"‘7g1a"'agt71)a (10)

where h'" represents the student’s knowledge state at time ¢, which is also the
context-aware knowledge state.

The BEKT model aims to predict the likelihood of a student providing accu-
rate responses at time t, grounded in their knowledge state. The BEKT model
postulates that the student’s behavior can lead to fluctuations in their knowledge
state. Therefore, several improvements are made to the context-aware knowledge
state to capture these changes. The details of the improvements made to the initial
knowledge state are described in detail in the Knowledge State Layer, as discussed
in Section B3

3.5 Knowledge State Layer

At the knowledge state layer, BEKT first analyzes the features of the datasets us-
ing mutual information to get the student behavior features that are most relevant
to the response to the question. A cross-feature method is proposed to splice stu-
dent behavior features and apply the cross-feature to the knowledge state. Then,
a method of blending features with a multi-layer perceptron is proposed to com-
bine the knowledge states affected by students’ behavior with the fused features to
enhance the representation of knowledge states.

3.5.1 Mutual Information

The mutual information method [I3] is a conventional approach for feature selection.
It evaluates the importance of features by measuring the mutual information between
features and target variables. Then it selects the feature possessing the greatest
mutual information value as the vital feature. Because the BEKT model aims to
forecast the likelihood of providing a correct answer to the following question, the
feature of the answer to the question is taken as the target variable, and mutual
information is computed with other features in the datasets in turn. To visually
depict the magnitude of mutual information values and identify the most correlated
features, the features with the highest correlation are arranged in descending order
based on their mutual information values and represented in a bar chart. The
equation utilized to compute mutual information is

I(wy) = > > plwy) logm, (11)
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Figure 3. On the vertical axis lie the features present in the datasets, while the horizontal
axis denotes the correlation between each feature and the correct one. The bar chart is
sorted by correlation from most excellent to least minor.
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where z is correct, and y is the feature in the datasets. Figure [3] shows the fea-
ture importance ordering in datasets. It can be observed from Figure [3] that the
correlation of student behavioral features is higher than that of exercise features.
Therefore, the three student behavioral features, request prompt count, attempt
count, and response time, are chosen as a set of selected features.

3.5.2 Cross Feature

Crossover is an approach used to combine two or more features into a single one,

representing the concurrent performance of these features [I4]. The BEKT model

proposed the cross features v; combined with students’ behaviors as follows:
tiy

ave_ti; + hint, + at; + ¢’

UV = (12)
where ave_ti; indicates the average time to do the task, hint; indicates the count of
prompt requests, at, represents the count of attempts, and £ = 0.001 is meant to
prevent a denominator of 0.

The tanh function is used to limit the fluctuation range of the knowledge state
generated by student behaviors to [—1,1]. Set the threshold « to the sum of the
mean attempts and the mean request prompts.

tanh(v), 0 < ave_hint; + ave_at; < «,
hi = (13)
—tanh(v), ave_hint, + ave_at; > «,

ey — eV

ey +e Y

tanh(y) = (14)
The knowledge state layer holds that students’ knowledge state is affected by stu-
dents’ behavior. The knowledge state fluctuates under the influence of students’
behavior when doing questions to get the updated knowledge state h;.

ht = prUS(tha h;) (15)

The behavioral features of students show good interpretability. When the number
of requests and attempts exceeds a certain threshold, students are considered not to
have mastered the knowledge point. In such cases, their knowledge state will decline.
On the contrary, if students can gain from doing questions, their knowledge state
will rise. When the time for students to do a question exceeds the average time,
it is considered that students cannot solve the question, and the knowledge state
decreases, whereas the knowledge state increases. Figure [ illustrates the evolution
of the knowledge state.

Taking questions 12-14 as an example from Figure ] demonstrates how stu-
dent behavior features influence the knowledge state. Given that questions 12-14
cover the same concept, where question 12 is answered correctly, and questions 13
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and 14 are answered incorrectly. Figure shows that the color becomes lighter
from question 12 to question 14, which contradicts the actual answering situation.
However, Figure @ reveals that the color gradually becomes darker from ques-
tion 12 to question 14. This implies that the knowledge state change caused by
student behavior indicates that the student has not mastered the specific concept.
Therefore, considering both the context-aware knowledge state and the knowledge
state change caused by student behavior, as shown in Figure , it is evident that
question 12 is answered correctly while questions 13 and 14 are answered incor-
rectly.
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Figure 4. The fluctuation in a student’s knowledge state tracked by BEKT. The top
section indicates a student’s performance across a sequence of 20 questions and the corre-
sponding concepts for each question. In the heatmap, lighter colors indicate a higher level
of mastery of the knowledge by the students.

3.5.3 Multi-Layer Perceptron

The knowledge state encompasses the description of a student’s level of knowledge,
while student behavior features capture the description of a student’s actions. To
leverage different levels and types of information, this section proposes a method to
integrate the knowledge state and student behavior features.



1480 S. Sun, L. Qiu

A Multi-Layer Perceptron (MLP) constitutes a feedforward neural network, com-
prising input, hidden, and output layers. Utilizing a MLP for feature fusion is
significant as it enables the nonlinear transformation and combination of multiple
input features, capturing more comprehensive and expressive feature representa-
tions. Compared with simply splicing multiple features into a long vector, MLP can
better discover the correlation and importance among features and learn higher-level
feature representation.

The BEKT model fuses student behavior features through MLP:

l = (21 ® 29 ® 23)W5 + by, (16)
hi = ReLU(ly), (17)
ly = Wy + b27 (18)

where W, € RbmputXdnidden and Wy € R¥nidden*doutput are weight matrices, by € Riidden
and by € Rewut are bias vectors. Let output = Iy represent the fused features, and
x represents the features of the student. The feature fusion process is depicted in
Figure [l

The features fused by the multi-layer perceptron and the knowledge state of
student are spliced to enhance the knowledge state’s representation.

RMP = concat(hy, output). (19)
The integration of the student’s cognitive state and behavior features in the variable

h;"lp aids the model in better understanding the student’s learning situation, thereby
enhancing the accuracy of predictions.

input layer ‘\ , output layer

Iq I2

h1
hidden layer

linear layer linear layer

Figure 5. The process of multi-layer perceptron fusion of student behavior features. The
output layer represents three features in three colors.



Behavior-Enhanced Knowledge Tracing Model in Intelligent Tutoring Systems 1481
3.6 Prediction Layer

The response prediction layer takes as input a vector that includes the output of the
knowledge state layer, the embedding of the current question z;, and the features
combined through the MLP. This input passes through a densely connected network,
generating the predicted probability 7, € [0,1] of learners’ correct answer to the
current question through the sigmoid function.

h? = concat(h™", z,) = concat(hy, output, x;), (20)
e = o(hy), (21)
1
Si id(z) = . 22
igmoid(z) T (22)

The BEKT model is trained using the cross-entropy loss, which computes the dif-
ference between the actual response r; and the forecasted value 7. The objective is
to minimize this loss, and the optimization is performed using the Adam optimizer.

l= —Z(n log 7y + (1 —ry) log(1 — 7)) . (23)

t
4 EXPERIMENTS

In this segment, a comprehensive set of experiments is presented on three real-
world datasets to evaluate the performance of the BEKT model thoroughly. The
initial stage of this study involves the introduction of three real-world datasets.
Subsequently, a comparative experiment is carried out to showcase the accuracy
(ACC) of the BEKT model. Furthermore, ablation experiments are performed to
provide empirical evidence of the effectiveness of the proposed improvements in the
BEKT model.

4.1 Datasets and Baseline Models

4.1.1 Datasets

This paper employs three real-world datasets provided by the online tutoring plat-
form ASSISTments to verify the accuracy of the BEKT model. Table 2] summarizes
general information about each dataset. The detailed information is as follows:

1. ASSISTmentsQOOSﬂ This dataset consists of 123 concepts and 17751 questions.
The dataset is called the skill builder dataset, also known as the Mastery Learn-
ing dataset. In this dataset, a skill is considered to be mastered by students
when they satisfy a specific condition (often set as continuously answering three

! https://sites.google.com/site/assistmentsdata/home/
assistment-2009-2010-data/skill-builder-data-2009-2010
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questions correctly), and once mastered, no further questions are recommended
to the students for that particular skill [I5].

2. ASSISTmentsQOlQﬂ This dataset consists of 216 concepts and 54 057 questions.
The data is collected from skill-builder problem sets, in which students engage
in similar exercises to attain mastery. This dataset includes affect predictions
alongside the student performance data [16]. The ASSISTments 2012 dataset is
characterized by its large size among publicly available datasets.

3. ASSISTmentsQOl?ﬂ This dataset consists of 102 concepts and 3 162 questions.
This dataset was obtained from a longitudinal study that monitored students’
usage of the ASSISTments blended learning platform throughout their middle
school years from 2004 to 2007. Compared to ASSISTments2012, this dataset
encompasses a significantly longer student learning sequence. This dataset is
employed in the 2017 ASSISTments data mining competition [16].

Dataset ASSISTments2009 ASSISTments2012  ASSISTments2017
skills 123 254 102
problems 17751 34714 3162
students 4163 25331 1709
records 401757 1048574 942 817

Table 2. The key characteristics of the datasets

4.1.2 Baseline Models

This article proposes a novel knowledge tracing model called BEKT, which leverages
student behavior to modify their level of knowledge mastery. The proposed model
considers the student behavior characteristics collected by Intelligent Tutoring Sys-
tems (ITS) and the changes in student knowledge state, often overlooked by most
existing models.

Firstly, students exhibit different knowledge states when attempting different
questions. Second, different student behaviors result in different variations in the
knowledge state. Therefore, the primary objective of the BEKT model is to capture
variations in knowledge states, thereby improving the predictive accuracy of the
model. Finally, the obtained knowledge state is further enhanced by incorporating
student behavior features.

To further confirm the effectiveness of the proposed approach, this paper con-
trasts the model against the subsequent models.

1. Deep Knowledge Tracing (DKT) [3] investigates the effectiveness of employing
Recurrent Neural Networks (RNNs) for modeling student learning. By leverag-

2 2012-13-school-data-with-affect: https://sites.google.com/site/
assistmentsdata/2012-13-school-data-with-affect
9 https://sites.google.com/view/assistmentsdatamining
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ing neural networks, significant enhancements in prediction performance have
been observed across various knowledge tracing datasets.

2. Dynamic Key-Value Memory Networks (DKVMN) [10] leverage the connections
among fundamental concepts to directly track a student’s level of mastery for
each individual concept. DKVMN comprises a fixed matrix referred to as the
“key”, used to retain knowledge concepts, and a flexible matrix named the
“value”, responsible for preserving and revising the proficiency levels of the
associated concepts.

3. Convolutional Knowledge Tracing (CKT) [I7] incorporates sliding windows
within the CNN architecture to capture students’ individualized learning rates
throughout the learning process. For personalized prior knowledge, CKT mea-
sures it by relying on the learning interactions present in students’ work records.

4. Attentive Knowledge tracing (AKT) [I1] incorporates a unique monotonic at-
tention approach, which connects a student’s past responses to answer questions
with their future responses. Additionally, the Rasch model is utilized to regulate
the question and response embeddings, capturing individual differences between
questions related to the same concept without extensive parameter usage.

5. The Sequential Self-Attentive model for Knowledge Tracing (SSAKT) [I8] em-
ploys Multi-dimensional Item Response Theory (MIRT) to harness question in-
formation, allowing it to comprehend the associations between questions and
concepts. Additionally, SSAKT incorporates a self-attention layer to capture the
interdependencies among questions. In contrast to conventional self-attention
networks, SSAKT’s self-attention component employs Long Short-Term Mem-
ory networks (LSTM) for positional encoding. Furthermore, SSAKT incorpo-
rates a context module to capture contextual information, enhancing its overall
performance.

6. Learning Process-consistent Knowledge Tracing (LPKT) [19] is a methodology
that directly captures students’ learning process to track their level of knowl-
edge. It formalizes the learning process using a tuple of question, response time,
and answer. LPKT extensively measures the learning gain and its diversity
by considering factors such as the difference between current and prior learning
cells, the time interval between them, and the students’ related knowledge state.

7. Difficulty Matching Knowledge Tracing (DIMKT) [20]. The DIMKT model
introduces the concept of difficulty level into the representation of questions. To
establish a connection between the student’s knowledge state and the level of
difficulty in the questions encountered during practice.

8. Knowledge tracing based on a heterogeneous information network (HINKT) [21]
obtains implicit relationships among questions or concepts through an exami-
nation of the interactions between students and the entities of questions and
concepts. It marks the first knowledge tracing model to incorporate three enti-
ties simultaneously in constructing a heterogeneous information network.
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4.2 Hyperparameter Experiment of BEKT

The BEKT model incorporates several hyperparameters that are crucial in determin-
ing the model’s prediction performance. These hyperparameters include the number
of layers in the model, the batch size used during training, the dropout rate, and
the learning rate. This section conducts a sequence of experiments to examine how
these hyperparameters impact the predictive performance of the model.

0.8175 A
0.8150

0.8125 /\

0.8100 / \
0.8075

0.8050 / \
0.8025 \
0.8000 /

0.7975

ACC

1 2 3 4 5
Number of Layers for Encoder and Decoder

Figure 6. The ACC exhibits variations across distinct numbers of layers

4.2.1 Number of Layers for Encoder and Decoder

In this section, an experiment is conducted to determine the optimal number of
layers for the encoder and decoder in the BEKT model. During the experiment
on the ASSISTments2009 dataset, the number of layers for encoder and decoder
1 =1, batch_size = 24, dropout rate A = 0.1, learning rate ¢ = le—5. The number
of layers v is adjusted within the range of 1 to 5, and the resulting changes in
prediction accuracy are shown in Figure [fl While the model attains its highest
accuracy with a layer number ¢ of 4, it requires longer training time and more
computational resources. When the number of layers ¢ is set to 2, the training
speed is faster, and performance improvement remains. Considering the training
speed, and hardware requirements, setting the number of layers 1 to 2 is considered
more appropriate for the model.
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Figure 7. The ACC exhibits variations across distinct batch_size

4.2.2 Batch Size

In this part, the experimental procedure for determining the appropriate batch_size
hyperparameter is presented in detail. The experiments are performed using the
ASSISTments2009 dataset, with the number of layers ) = 2, dropout rate A = 0.1,
and learning rate £ = le—5. The batch_size is set to values of 2", where n ranges from
4 to 8 with an interval of 1. Figure illustrates the correlation between the prediction
accuracy and the batch_size. The results indicate that when n is within the range of
4 to 8, increasing the batch_size results in a gradual decline in prediction accuracy.
However, in Section f:2.1], when the batch_size value was randomly initialized to 24,
the model achieved the highest ACC. Therefore, the batch_size is ultimately set to
24 for this model.

4.2.3 Dropout Rate

In this section, the experiments carried out to determine the appropriate dropout
rate. The experiments are conducted on the ASSISTments2009 dataset, with the
number of layers ¥ = 2, batch_size = 24, and learning rate £ = le—5. The dropout
rate varied within the range [0.1,0.5]. Figure [§|illustrates the variation of ACC with
different dropout rates. The graph indicates a decline in ACC as the dropout rate
increases within the interval of [0.1,0.5]. Therefore, a dropout rate of 0.1 is set in
the model.
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Figure 8. The ACC exhibits variations across distinct dropout rate values

4.2.4 Learning Rate

This section provides a detailed experimental procedure for determining the initial
learning rate. The experiments are carried out using the ASSISTments2009 dataset,
with the number of layers v = 2, batch_size = 24, and dropout rate A = 0.1. The
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Figure 9. The ACC exhibits variations across distinct learning rate values
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Figure 10. The loss when the learning rate & = 0.0001

initial learning rate ¢ is varied within the given range [le—5,0.1], with one order of
magnitude 0.1 increments. In the model, the learning rate is fixed during training.
Figure [J) illustrates the variation of ACC under different learning rates.

From Figure [0} it is evident that the ACC shows an increasing trend within
the range [le—5, le—4] of the learning rate and a decreasing trend within the range
[0.0001,0.1]. Although the learning rate & of le—4 achieved the highest predic-
tion accuracy, it led to early overfitting during training. To prevent overfitting,
an early stopping mechanism was employed in the experiment. Specifically, when
the difference between the current training epoch and the epoch at which the best
result was achieved exceeds 10, the early stopping mechanism is triggered, leading
to the termination of the training process. As depicted in Figure [I0] it becomes
evident that when utilizing a learning rate £ of 0.0001, the model halted training
after a mere 49 epochs. Based on these observations, the model’s initial learning
rate is established at le—5.

4.3 Experimental Comparison of Different Methods

This section compares different methods for capturing knowledge states to obtain
more accurate ones.

4.3.1 Comparison of Attention Mechanisms

Inspired by the temporal aspect of student behavior features [22, 23], transforming
monotonic attention mechanism to temporal interval attention. An influence factor
based on the time interval is incorporated into calculating attention weight. This
factor gradually decreases as the time interval increases, resulting in less attention
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given to distant questions, thus simulating the phenomenon of forgetting among

students [24].
TK.
w; ; = softmax (mask <e‘9'A”QZJ>> ) (24)
Vid

The variable A;; represents the time interval between question ¢ and question j,
rather than a distance based on positional encoding. The students’ interaction
records are sorted according to the end time, and the interval time is defined as the
duration between consecutive end times. Figure [[1] shows the temporal informa-
tion.

question 1 answer 1 question 2 question 3 answer 2 answer 3
| | | | | |
I I I I I I
end time end time end time
Az
Lo
time interval >
M3

Figure 11. The time interval information. The time axis represents the order of response
records, sorted by their end times. The response records for each question are indicated
with the same color.

The model that replaces monotonic attention with time interval attention is
referred to as BEKT-SMT (Substituting Monotonic attention with Time interval
attention). The performance of BEKT-SMT was evaluated on the Assistments2012
and Assistments2017 datasets, as the Assistments2009 dataset lacked the feature of
question completion time. The experimental results of BEKT-SMT are showcased
within Table [l To assess the model’s performance and facilitate comparison with
existing models, the area under the curve (AUC) is utilized as a standard metric
in the field of knowledge tracing. According to the experimental findings, it can
be observed that replacing the monotonic attention mechanism with time-based
attention slightly enhances the BEKT model’s performance.

BEKT-SMT | ASSISTments2012 ASSISTments2017
AUC 0.7621 0.7704
ACC 0.7933 0.7160

Table 3. Results of the BEKT-SMT model

The analysis of experimental results reveals the possible reasons for the lim-
ited improvement in model performance. The monotonic attention mechanism de-
termines attention weights by computing the distances between time steps. This
mechanism is typically suitable for sequential data where the intervals between ad-
jacent time steps are equal or have a clear temporal order. It allows for a decreasing
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weighted consideration of previous information over time, implicitly simulating the
forgetting process. The time-based interval attention places greater emphasis on
distinctions between time intervals. It recognizes that different time intervals may
have varying importance and relevance. It can more accurately capture crucial in-
formation in time series data by considering factors such as the length, relative
position, and distribution of time intervals. And the time interval-based attention
mechanism better simulates forgetting, its significance is similar to monotonic at-
tention. Therefore, the experimental results did not show significant improvements.
Additionally, the time interval-based attention does not consider the inter-question
correlation, where the impact between questions covering the same concept is more
significant than the impact between unrelated questions. Considering that the arti-
cle focuses not on forgetting, the BEKT model still utilizes the monotonic attention
mechanism.

BEKT-NT | ASSISTments2009 ASSISTments2012 ASSISTments2017
AUC 0.8311 0.7527 0.7662
ACC 0.8054 0.7865 0.7144

Table 4. Results of the BEKT-NT model

4.3.2 Comparison of Cross-Feature Methods

According to the BEKT model, student behavior is believed to induce fluctuations
in the knowledge state. To address this, a method called cross-features has been
proposed to alter the knowledge state. The experiment aimed to explore the neces-
sity of incorporating the tanh function in restricting the range of knowledge state
fluctuations within the cross-features method. The approach that does not utilize
the tanh function is referred to as BEKT-NT. The effectiveness of the tanh func-
tion was validated on three real-world datasets separately. The outcomes of the
experiments are showcased in Table [

Through an analysis of the experimental outcomes, it was found that apply-
ing the tanh function to constrain the fluctuation range of the knowledge state is
necessary for the influence caused by student behavior to become more significant,
avoiding neglect the original knowledge state.

4.4 Main Results

This section offers a detailed account of the experimental procedure and presents
an exhaustive analysis of the obtained results. The experimental evaluations were
performed on three distinct datasets, namely assistments2009, assistments2012, and
assistments2017. All samples were randomly allocated into separate training and
test sets during the experimental process. To guarantee the resilience of the experi-
mental outcomes, a five-fold cross-validation approach was utilized. Table[F] presents
each model’s AUC, ACC, and Loss results on the three datasets. Furthermore, the
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benchmark scores were replicated in the experiment, ensuring consistency with the
established reference scores.

ASSISTments2009  ASSISTments2012  ASSISTments2017

Model AUC  ACC _AUC  ACC AUC  ACC
DKT 07382 07016 06130  0.6464 07087  0.6778
DKVMN 07406 07350 0.6312  0.6531 07166  0.6864
CKT 0.7411 07382 06357  0.6578  0.7263  0.6921
AKT 07563 07413 06462 07034 07342 0.7059

SSAKT 0.7591 0.7466  0.6340 0.6756  0.7407 0.7067
LPKT - - 0.7387 0.7109  0.7469 0.7105
DIMKT 0.7880 0.7652  0.7461 0.7146  0.7503 0.7148
HINKT 0.8193 0.7802 - - 0.7512  0.7200
BEKT 0.8397 0.8126 0.7610 0.7942 0.7696 0.7157

Table 5. Performance prediction outcomes of the comparative models

Drawing insights from the information showcased in Table[5], our proposed model
showcases superior performance when contrasted with the comparison algorithms
in knowledge tracing prediction across the three datasets. Each model’s perfor-
mance is slightly higher on the assistments2009 dataset compared to the other two
datasets. This result may be attributed to the relatively smaller sample size in the
assistments2009 dataset than the others. Compared to the AKT model, BEKT
exhibits an average improvement of 7.78 % in AUC and 5.73% in ACC across the
three datasets. This result demonstrates the effectiveness of incorporating students’
behavior features in knowledge tracing, highlighting the positive impact of their
integration.

The experimental findings outlined above can be explained by the incorporation
of knowledge states influenced by features of student behavior in the BEKT model.
When seeking helpful information in the dataset, the BEKT model focuses on the
question information and considers the student information. Through analysis, it
is found that student behavior features have the most pronounced influence on the
prediction target. The model first utilizes student behavior features to modify the
student’s knowledge state. Then, it enhances the representation of knowledge states
using student behavior features. The precision of predictions rises in tandem with
the accuracy of students’ knowledge states.

4.5 Ablation Study

This section carries out an ablation study to assess the impact of each component
in the BEKT model. We evaluate two variants of the BEKT model, with each
variant excluding one element from the original configuration. The particulars of
these variants are outlined below:

e BEKT-RM (Remove MLP) solely relies on cross-features without incorporating
MLP. In BEKT-RM, the MLP-fused features are not utilized to strengthen the
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representation of the knowledge state. Instead, the focus is on utilizing cross-
features, which introduce fluctuations in the knowledge state.

e BEKT-RC (Remove Cross-features) exclusively utilizes MLP while excluding
cross-features. The experimental outcomes of distinct models on the ASSIST-
ments 2009, ASSISTments 2012, and ASSISTments 2017 datasets are summa-
rized in Table [

According to Table [g] it is evident that the proposed components of the model
contribute effectively to improving prediction accuracy. First, through a comparison
of the experimental outcomes between the BEKT-RM model and the BEKT model,
it is evident that considering the influence of student behavior on knowledge state
leads to a significant improvement in KT prediction accuracy. The BEKT-RM
model achieves an average decrease of 2.25% in AUC and 1.13% in ACC across
the three real-world datasets. Second, through a comparison of the experimental
outcomes between the BEKT-RC model and the BEKT model, it can be observed
that enhancing the representation of the knowledge state through the fusion of
features using MLP also enhances the model’s performance. The BEKT-RC model
achieves an average decrease of 1.59% in AUC and 0.26 % in ACC across the three
real-world datasets.

ASSISTments2009  ASSISTments2012  ASSISTments2017

AUC ACC AUC ACC AUC ACC

BEKT-RM 0.8016 0.7996  0.7468 0.7830 0.7545 0.7061
BEKT-RC 0.8154 0.8106 0.7537 0.7917 0.7535 0.7124
BEKT 0.8397 0.8126  0.7610 0.7942 0.7696 0.7157

Model

Table 6. Ablation studies

5 CONCLUSION AND DIRECTIONS FOR FUTURE WORK

In this study, a behavior-enhanced knowledge tracing model called BEKT is pro-
posed. The model analyzes the impact of multi-dimensional features in the dataset
on knowledge states. The model first employs mutual information analysis to iden-
tify the close correlation between student behavior features and the prediction tar-
get. Specifically, the request prompts count, attempt count, and response time are
identified as significant student behavior features. The influence of these three fea-
tures on prediction accuracy is further investigated, revealing their ability to change
student knowledge states and interpretability. A cross-feature approach is proposed
to capture the changes in student knowledge states. Finally, the student behavior
features are fused through an MLP, combining the fused features with the knowledge
states to enhance their representation. The BEKT model demonstrates favorable
prediction performance on three real-world datasets.

In the future, we will continue to explore how to leverage the abundant infor-
mation collected by Intelligent Tutoring Systems (ITS) to improve model prediction
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accuracy. Furthermore, the Rasch model merely distinguishes concepts and items
based on parameters. We can employ graphical representations to explicitly dif-
ferentiate the relationships between concepts and questions, thereby altering the
model’s embeddings. Moreover, we can also investigate the relationships between
questions and questions and concepts and concepts to adjust the weights of atten-
tion mechanisms. These research directions aim to refine the model and optimize
its performance by incorporating more nuanced and comprehensive information.
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