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MPHINE-KT: Heterogeneous Information Network
Embedding with Meta-path Knowledge Tracing
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Abstract—Contributions: This paper proposes a novel
MPHINE-KT model for knowledge state modeling and academic
performance prediction. It designs learner learning experience
to mine sequential knowledge transfer, analyzes the individuality
and commonality of learning experience and abilities via hetero-
geneous information networks, and introduces personal attributes
to alleviate data sparsity, so as to enhance the prediction
capability of knowledge tracing.

Background: Knowledge tracing models are widely adopted
on online education platforms to analyze learning behaviors and
predict learning outcomes for instructional feedback. However,
current methods cannot effectively capture transfer relationships
among knowledge points, ignore individual differences in learner
attributes, and fail to integrate multi-attribute features, which
leads to input data sparsity and limits the prediction accuracy
of learners’ future exercise performance.

Application Design: The model builds a behavior graph-based
learning experience recognition module, constructs a learner
heterogeneous information network, and feeds the extracted
learner feature vectors into a GRU temporal prediction model
for performance forecasting.

Intended Outcomes: It explores latent correlations among
learners, learning experience and abilities, realizes accurate
prediction of future exercise performance, and provides reliable
support for personalized online education.

Findings: Experimental results on multiple real-world datasets
demonstrate that the proposed MPHINE-KT model achieves
superior performance against mainstream existing knowledge
tracing models.

Index Terms—heterogeneous graph neural networks; knowl-
edge tracing; graph attention; graph representation learning

I. INTRODUCTION

HE popularization of information technology has given
rise to a new wave of online education, such as Intelligent
Tutoring Systems (ITS) [1], [2] and Massive Open Online
Courses (MOOCS) [3]-[5] , which break the geographical
and time constraints of traditional education. By tracking
learners’ learning, online education provides precise teaching
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support, and stimulates learners’ motivation. In the big data
research of smart education, it is particularly important to
establish a knowledge tracing (KT) [6] model. KT model
aims to model the knowledge state of learners based on their
historical interactions and predicts learners’ learning outcomes
accordingly [7]. The model analyzes the input data of students’
historical answer interaction records sequence, which includes
the question number and whether the question was answered
correctly or not, to predict whether students will be able to
answer a new question correctly or not when they encounter
it in the future. This improves teaching models and learner
assessment, and thus supports multiple key educational pro-
cesses or scenarios such as automated evaluation [8], learning
resource recommendation [9], educational interaction robots
[10], and test paper generation [11].

Among the traditional KT models, the most representative
one is the Bayesian Knowledge Tracing (BKT) [12]. The BKT
model assumes that there are only two states of knowledge
mastery for learners: mastery and non-mastery, and there is
no correlation between each question. The limitations of the
assumptions result in a BKT model that does not capture the
underlying semantic information between exercises well, thus
affecting the performance and accuracy of the model.

In recent years, deep learning has achieved good results
in many fields, and many researchers have applied it to the
field of KT. Among them, the most pioneering work is the
Deep Knowledge Tracing (DKT) [13] model, which mainly
adopts Recurrent Neural Network (RNN) [14] to simulate the
learner’s implicit knowledge mastery state.

After gradual improvement, the KT model has now embed-
ded a variety of key factors affecting the prediction results,
and thus becomes more in line with the actual educational
scenarios. Liu et al. [15] proposed a KT architecture based
on RNNs by using machine learning methods to capture
learners’ behavioral and practice characteristics. Sun et al.
[16] extracted learner behaviors and question features from
knowledge graphs and relational databases to obtain a more
accurate knowledge background structure for subsequent tasks.
These existing studies usually focus on the problem of how to
deal with learners’ learning record interaction data, but few of
them comprehensively consider the problem of the impact of
learners’ learning experience, individuality, and commonality
of learning abilities on the prediction results of KT. For
example, there are learners who have rich learning experiences
in algebra-based questions but have below-average learning
abilities. Therefore, the joint influence of the two factors
should be considered in the process of predicting learners’
academic performance.

Meanwhile, to address the data sparsity problem in the DKT
model, many scholars have tried to increase the input data
on the basis of the original model to improve the prediction
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effect of the knowledge tracing model. Zhang et al. [17] used
a heterogeneous information network to model the answering
questions and their attributes to solve the data sparsity problem
of the learners in the actual learning scenarios. Lu et al.
[18] considered the linkage of the concepts between courses
and modeled the antecedent-successor relationship between
concepts to solve the data sparsity problem in knowledge
tracing.

However, these approaches fail to fully utilize the individual
attribute features embedded in learners’ question-answering
behavioral patterns. A critical gap lies in the absence of
integrating individual attribute features with behavioral fea-
tures from question-answering activities, which is essential
for capturing learners’ unique differences and mitigating input
data sparsity. Additionally, these methods lack the capability
to distinguish between the diverse characteristics of learners’
individual attributes and fail to comprehensively incorporate
multi-attribute features, thereby exacerbating data sparsity
issues. Consequently, this limitation hinders knowledge tracing
models from accurately predicting learners’ performance in
future exercise answering.

Therefore, in order to solve the above shortcomings, this
paper proposes a knowledge tracing method called Hetero-
geneous Information Network Embedding with Meta-path
Knowledge Tracing (MPHINE-KT). First, GNNs [19] are used
to obtain the embedded representations of the constructed
behavioral graphs and perform clustering division to predict
the distribution of learners’ learning experience. Then, the
learner heterogeneous information network [20] is constructed
by combining the learners’ learning experience and learners’
learning ability. The embedding learning representation of
heterogeneous information network is used to obtain the
learner fusion feature embedding vector. Finally, the embedded
vectors are used as additional inputs to the DKT model to solve
the data sparsity problem in the DKT model and to improve the
prediction effect of the knowledge tracing model in predicting
learners’ future performance.

The main contributions of this paper are:

(1) It proposes a new KT model called MPHINE-KT to
predict the accuracy of learners’ future academic perfor-
mance. The effects of individuality and commonality between
learners’ learning experience and learning abilities through
heterogeneous information networks are analyzed, learners’
individual attributes are introduced, and the problem of data
sparsity is alleviated.

(2) It introduces a learners’ learning experience extraction
module, which mines and analyzes the correlation between
learners’ behaviors and learners’ learning experience, and thus
provide support for the precise learners’ learning experience
service.

II. RELATED WORK

This paper focuses on exploring a knowledge tracing model
based on heterogeneous graph neural network. Here this
paper gives a literature review on heterogeneous graph neural
network and knowledge tracing model, respectively.

A. Heterogeneous Graph Neural Network

Heterogeneous Graph Neural Networks (HGNNs) [21] aim
to handle complex graph data containing multiple types of
nodes and edges. Traditional graph embedding methods, such

as models based on matrix factorization and random walks,
have issues like high time-space costs and difficulty in cap-
turing high-order non-linear features, and most of them are
designed for homogeneous graphs. In contrast, HGNNs can
deal with heterogeneous graphs with various types of nodes
and edges. Through specially designed neural network archi-
tectures, they can effectively capture the complex structures
and semantic information in heterogeneous graphs. According
to the differences in their learning architectures and technical
applications, they can be mainly divided into three categories:
autoencoder-based, convolution-based, and adversarial-based
models.

Autoencoder-based HGNN models use encoders to learn
node structures and attributes for generating embeddings and
decoders to preserve the information of the original graph. For
example, HIN2Vec [22] proposed by Fu et al. uses meta- paths
and feed-forward neural networks to learn representations and
optimize the model. SHNE [23] proposed by Zhang et al. is for
heterogeneous graphs with text attributes. It uses meta-paths
and GRUs to aggregate structural and semantic information.

Convolution-based HGNN models take the message-passing
mechanism as the core. They aggregate neighbor information
to update the embedding of the central node. For instance,
HAN [24] proposed by Wang et al. designed node-level and
semantic-level attention mechanisms to capture semantics.
Inspired by HAN, Fu et al. proposed MAGNN [25]. When
aggregating at the node-level, MAGNN aggregates all nodes
on the meta-path to maintain the heterogeneity of the graph.

Adpversarial-based HGNN models leverage the adversarial
training of GANs to obtain more robust node embeddings.
HeGAN [26] proposed by Hu et al. extended the discriminator
and generator to make them relation-aware. MV-ACM [27]
proposed by Zhao et al. is for incomplete heterogeneous
graphs. Based on a multi-view architecture, it applies adver-
sarial learning to capture the complementary information of
nodes.

B. Knowledge tracing model

Traditional knowledge tracing models use machine learning
approaches to assess the learner’s learning state, and the most
classic model is BKT. BKT constructs a Hidden Markov
Model [28] for each question under each concept.The model
not only ignores the existence of intermediate states in the
hidden state, but also ignores possible correlations between
concepts. To improve the performance of the BKT model,
Bayesian Knowledge Tracing-Same Template (BKT-ST) [29]
introduces Question Tagging and Individualized Prior Knowl-
edge to obtain a representation of a question taking into
account the correlation between questions. Multistate BKT
(MS-BKT) [30] proposed a multi-state Bayesian Knowledge
Tracing model that extends the learner’s knowledge acquisition
states to 21. This fine-grained classification of multiple states
enables a more accurate assessment of the learner’s learning
state.

In recent years, the rise of deep learning has also led to
advances in the field of knowledge tracing. Deep Knowledge
Tracing (DKT) is the first model that proposes an attempt
to employ a recurrent neural network (RNN) approach to
knowledge tracing, which utilizes the LSTM [31] to model the
temporal sequences of learner-question interactions. Dynamic
Key-Value Memory Networks(DKVMN) [32] employs the key



and value external memory matrices [33] to come up with a
way to capture long term dependencies of historical records.
Deep-IRT [34] combines Item Response Theory (IRT) [35]
with a deep neural network structure based on DKVMN for
knowledge tracing modeling for the first time. Self Attentive
Knowledge Tracing (SAKT) [36] and Attentive Knowledge
Tracing (AKT) [37], which introduce attentional mechanisms
[38] into the knowledge tracing domain, are used to capture
the correlation between the current question and the historical
interaction sequence.

In recent research, a number of scholars have combined
GNNs with KT. In this way, a large amount of non-Euclidean
data in the field of education can be transformed into structured
data, so as to better extract the information of questions
and concepts at the level of the graph structure. Graph-based
Knowledge Tracing (GKT) [39] was the first method to use the
graph neural network approach in the field of KT. Graph-based
Interaction model for Knowledge Tracing (GIKT) [40] used
GCN [41] to aggregate the features of neighboring nodes to
get the representation of the target node, which overcame the
problem of sparsity of question data. Joint graph convolutional
network based deep Knowledge Tracing (JKT) [42] builds the
connection graph between questions under different concepts
and obtains the deep semantic information between questions
and concepts. The KSGKT [43] model proposed by Gan et al.
automatically infers the knowledge structure and integrates it
into the KT process, combining graph representation learning
with an attention mechanism.These models have been verified
by experiments to be superior to traditional KT models,
promoting the development of this field.

In recent years, heterogeneous graph structures have been
widely applied in knowledge tracing tasks to alleviate the
data sparsity problem. TCL4KT [44] proposed by Sun et
al. constructs a weighted heterogeneous graph encompassing
questions, skills, and students, optimizing question embed-
dings through three-view contrastive learning; HCMKT [45]
proposed by Liu et al. designs coarse-grained and fine-grained
dual views, enhancing representation quality by integrating
meta-path contexts with contrastive learning; Wu et al. [46]fo-
cus on the programming education scenario and construct a
heterogeneous graph consisting of knowledge concepts, pro-
gramming questions, and student codes.To address the perfor-
mance issues in knowledge tracing caused by the heterogeneity
of knowledge structures, HHSKT [47] model proposed by Ni
et al. traces knowledge based on heterogeneous hierarchical
differentiation. It constructs heterogeneous graph components,
transforms the TrueSkill system, and utilizes window attention.
Jiang et al.proposed a model [48] that adopts a meta-path-
based embedding pre-training method, constructs a hetero-
geneous graph to obtain node embeddings, and integrates
them into existing models. S 2_HHN [49] model constructs a
heterogeneous hypergraph network in combination with self -
supervised learning, designs attention mechanisms, and intro-
duces data augmentation and contrastive learning. However,
these methods still have two shortcomings: first, most of them
construct networks centered on “question-skill”, ignoring the
dynamic impact of learners’ individual attributes (such as
learning experience and learning ability) on knowledge states;
second, they fail to fully explore the common associations
among learner groups (such as interactions between similar
learning experiences and comparable learning abilities).

To address the data sparsity problem in the DKT model,

many scholars have tried to add input data to the original
model to improve the prediction effect of the knowledge
tracing model on learners’ future performance. Attention-
based Knowledge Tracing with Heterogeneous Information
Network Embedding (AKTHE) [17] employs heterogeneous
information network modeling to answer questions and their
attributes, which solves the problem of data sparsity of learners
in real learning scenarios. Concept Map Driven Knowledge
Tracing (CMKT) [18] considers the linkage of concepts among
the courses and models the antecedent-successor relationship
among the concepts as an ordered-pair structure, which solves
the problem of data sparsity in knowledge tracing.

However, there are still problems: (1) They fall short in
extracting the features of transfer relationships between knowl-
edge points for learners. (2) They also struggle to differentiate
individual learner attributes and fail to fully integrate learners’
multi-attribute features, leading to sparse input data..

III. PROBLEM DEFINITION

In the knowledge-tracing task, supposing a set
of learners S = {s1,82,...,8,} and a set of
questions @ = {¢1,92,...,9m} of online learning

history answer records, given a learner s;’s history of
learning answer sequence rec; = {ry,re,...,r4_1} =
{(qla ay, ei) ) (QQ7CL27 61',) PR (qt—lyat—lv ei)}’

where ¢;eQ,a,e{0,1}, ¢ denotes the learner’s interaction
order, e; denotes the learner s;’s embedding vector of the
learner heterogeneous information network.

Definition : The task of knowledge tracing is defined as
to model the knowledge state of learners and predict the
possibility of learners answering the exercise correctly at the
next time step 7+1 as P (azy1 = 1|gt41,7€ec;). In order to
predict the learners’ correctness in answering the questions at
the next time stamp, the model need to extract a representation
of the input questions. Since the number of questions in the
existing learners’ online answer records is relatively large
compared to the number of concepts, directly using the one-hot
encoding of the question numbers to represent the questions
will lead to the problem of the resulting vectors being too high
dimensional and sparse. In this paper, MPHINE-KT assumes
that the questions containing the same number of concepts
and containing the same concepts are all regarded as the
same question, and then all nodes are one-hot encoded to
the vector k;which can be obtained as the set of concepts
K ={ki,ka,...,qu} To better mine the learner’s historical
answer sequence data, questions is represented as ¢; , which
is obtained by making vector product of k; and difficulty
coefficients of the questions.The formula of the representation
of the question i is as follows:

gi = ki o dif ficulty, (1

The difficulty coefficient of a question is the value reflecting
the degree of difficulty of the question. It is expressed as
the number of people who answered the question correctly
as a percentage of the total number of people. The formula is
shown as below:

l;
N;
where ¢; denotes the number of learners who answered ques-
tion i correctly, and IV; denotes the total number of learners
who answered question i. The difficulty coefficients of each

dif ficulty, = 2)



TABLE I
KEY NOTATIONS AND DEFINITIONS.
Notation Definition
S ={s1,82,-..,5n} Set of learners
Q={q,92, -, qm} Set of Exercises
rec;, = {rl, T, ... ,rt} The historical answer sequence of a learner
qt The embedding vector of the exercise
K ={ki,ko,... . km} Set of knowledge points
Gy = (Vs, Eb) Learner behavior graph
€ij The edge connecting node ¢; to node g;
dij The number of edges from node ¢; as the starting node to the terminating node g¢;

reflects the strength of the correlation between node g; and node g;

Gi—uin = (Va, Eq)

Learner Heterogeneous Information Network

Vo = {e,a,s}

The set of nodes in the learner heterogeneous information network includes student
(s) and the learners’ learning experience (e) and learning ability (a)

B, = [ i)

student”(SAS) meta-path

The set of edges in the learner heterogeneous information network includes
student-learning experience-student(SES) meta-path and the student-learning ability-

{¢1, P2} Node Types in the Learner Heterogeneous Information Network
{P\, P>} Meta - path Types in the Learner Heterogeneous Information Network
Bos Contribution Values of Different Types of Neighbor Nodes to the Target Node
Bon Contribution Values of Neighbor Nodes along Different Meta - paths to the Target Node
2% Node - level Attention Embedding Vector
27 Meta - path Level Attention Embedding Vector
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Fig. 1. The MPHINE-KT framework overview

question range from O to 1. The larger the difficulty coefficient
value, the easier the question, and the smaller the difficulty
coefficient, the more difficult the question.

IV. MODEL
A. Overview of the model

This paper introduces a novel knowledge tracing (KT)
model named MPHINE-KT, as visualized in Fig. 1. The
model comprises two sequential modules designed to capture
learners’ comprehensive profiles. The first module, Learner
Learning Experience Recognition, processes learners’ answer
sequences to construct behavior graphs, where graph attention
mechanisms extract learning experience vectors. These vectors
are then clustered to categorize learners’ learning patterns. The

second module, Heterogeneous Information Network Embed-
ding, computes learning abilities from the answer sequences
and fuses these ability attributes with the clustered learning
experience categories (output from the first module) to build
a heterogeneous information network. Node embeddings are
then extracted from this network to form final learner repre-
sentations. The final learner representation obtained through
this fusion is then utilized in a time-series prediction network
to forecast learners’ future learning performance.

B. learning experience recognition based on Learner behavior
graph

This section introduces the method of learning experience
recognition based on learner behavioral graph, which firstly




performs the construction of learner behavioral graph, and then
extracts of learner behavioral graph embedding, and finally
completes the SOM clustering [52]. The extracted learners’
learning experience will be used in the next step of learner
heterogeneous information network construction.

1) Construction of learner behavior graphs: The graph
construction module is to transform the sequence of learners’
question answering behaviors into the structure of a graph for
subsequent work.

Based on the set of m test questions @ = {q1,¢2,.-.,qm}
and learners’ answer sequences rec; = {ry,ra,...,7—1}, a
learner behavior graph can be constructed as Gy, = {V4, Ep},
where each node veV;, denotes a question answered by the
learner during the question answering process ge() and each
edge e;;e Ly represents the correlation between ¢; and g;.
At the same time, MPHINE-KT uses d;; to denote the
relationship between a node ¢; as the starting node to the
terminating node ¢;. The number of d;; reflects the strength
of the correlation between node g; and node ¢;. Given a learner
behavior graph Gy, the edge weights in the learner behavior
graph can be viewed as the direction of transfer diffusion
of the learner’s learning experience The learners’ learning
experience propagation of other nodes with the target node
is captured as the degree of other nodes with the target node.
The edges flowing out from the concept nodes are the transfer
diffusion of learners’ learners’ learning experience, while the
edges flowing in from the concept nodes are the aggregation
of learners’ learning experience.

For example, suppose that the learner answer sequence is
A{1,2,...t} =q1 —7q2 —q3 7 q4 — g3 — G2 —> G4 — 008,
with di2 = 1 denoting the number of edges of node ¢; to
node g2, and ds4= d43= 1 denoting that the number of edges
from node g3 to node g4 is the same as the number of edges
from node g4 to node g3 edges are both 1.

Specifically, first, the exercise embedding vector is obtained
by multiplying the exercise difficulty coefficient by the knowl-
edge point vector, which realizes the correspondence between
exercises and knowledge points. Then MPHINE-KT considers
the correlation of the nodes of the questions to construct the
learner behavior graph. In the entitled undirected graph, the
structure of the graph reflects the learner’s choices in the
answering process. Therefore, the questions in the sequence
of learners’ answering behaviors are obtained.

2) Learner Behavior Graph Embedding Extraction: As
different exercises exert varying impacts on learners, ordinary
GNNs typically treat all nodes within the neighborhood uni-
formly. In contrast, the graph attention mechanism has the
capability to autonomously discern which neighborhood nodes
are more crucial for updating the features of the central node.
By adapting to dynamic changes in the relationships between
nodes, it adaptively focuses on important information, thereby
learning the representations of exercise nodes with different
characteristics. Therefore, this paper employs the graph at-
tention mechanism to effectively represent the structural data
inherent in graphs. The inputs to the attention module are
questions nodes and connections between nodes. Firstly, the
graph attention network is used to calculate the attention values
of node g; in the learner’s behavior graph and assign different
weights to different neighbor nodes. The formula is shown

exp (LeakyRelu (a* [Wgq;||Wg;]))
> exp (LeakyRelu (aT [Wq;||Wqx]))

qreVp

3)

Q5 =

where the weight matrix W and parameter o are trainable
parameters, Leaky Relu is the activation function, || represents
vector concatenation, and exp() represents the exponential
function.

Then, to combine the obtained information about the at-
tributes of the nodes of the learner behavior graph and the
information about the topology of the behavior graph, the
attention between different nodes and the attention between
edges of different nodes in the graph attention network can be
combined to form the attention coefficient, which is calculated
as follows:

dis
0, = =2 4
) 4)
gij = 050y (&)

Where dj; is the the number of edges from node ¢; to node
q;, and d; is the number of all edges that point to node g; .

Based on the attention coefficients captured by the graph
attention network, the feature vectors of the nodes in the
behavioral graph are updated. Then employing multi-head
attention can enhance the updating and representation learning
of node features. Finally averaging is employed for the aggre-
gation of relevant information to obtain the behavioral graph
based embedding /. The formula is shown below:

g=o| Y, > Wil (6)
q:€Vy q; €N,
H
Gi(H) =l [ 0 > Wlalha ™
q:i€Vh q;EN;
I = mean Z qi(H) (8)
qi€Vp

Where o is the sigmoid function, W is the trainable param-
eter, H is the number of heads of attention, and Wi’ ' denotes the
weight parameter of the hth attention head,mean()represents
taking the average value .

3) SOM clustering: After acquiring the representations [
of learning experience for all learners, MPHINE-KT must
cluster these representations to facilitate the construction of a
heterogeneous information network for learners and to extract
learner representations effectively.Learners with similar learn-
ing experience are clustered together to obtain the learning
experience category for each learner. Since SOM clustering
can handle various complex data distributions and maintain
the topological structure of the data, MPHINE-KT chooses the
SOM algorithm [52] for clustering. First, randomly initialize
the neuron weights W in the SOM, and perform vector
normalization on the input vectors [ and the weights W.
Then, enter the competition process. Calculate the Euclidean
distance between the normalized vector I and each neuron,
and select the neuron with the shortest distance as the winning
neuron. At the same time, update the weights of the winning
neuron and the neurons in its neighborhood. The formula is



shown below:

~ I
= — 9
H ©
A w
= — 10
] {10
W;(m + 1) = W;(m) + (m, dis)(I — W;(m)) (11)

Among them, Il represents the Euclidean norm, j represents
the serial number of the neuron that needs to be updated, and 7
is the learning rate related to the number of training iterations
m and the topological distance dis of the winning neural
unit. If the preset number of iterations is reached, the network
training process is terminated, and finally the neuron closest
to the input data is the result of clustering. After obtaining
the learners’ learning experience category of each learner, this
information is incorporated as a discrete custom constant to
the learner’s features, which is used for the construction of the
learner heterogeneous information network in next module.

C. Metapath-based knowledge tracing of learners’ heteroge-
neous information networks

In the previous section, MPHINE-KT constructs the learner
behavior graph, extracted graph embeddings to obtain learners’
learning experience. These experience were then clustered
to get the learning experience category for each learner. To
explore the relationships between learners and their learn-
ing experience, as well as other learner- related attributes,
MPHINE-KT designed the metapath-based knowledge tracing
of learners’ heterogeneous information networks. This section
introduces the metapath-based knowledge tracing of learn-
ers’ heterogeneous information networks. This approach first
involves constructing the learner heterogeneous information
network. Subsequently, it extracts the metapath-based em-
beddings of the learner heterogeneous information network,
which takes into account the influences of learners’ individual
attribute characteristics and learning abilities. Finally, these
embeddings are added as input to the time-series prediction
module, thus improving the accuracy of predicting learners’
future learning performance

1) Learner Heterogeneous Information Network Construc-
tion: The question-answering behavior sequence not only
implies the learners’ learning experience, but also reflects
learners’ learning ability over time. The learners’ learning
ability can be used to differentiate the individual learning
ability differences of different learners.

Learning ability is expressed by calculating the difference
between the proportion of correct answers Correct (¢;;) and
the proportion of incorrect answers Incorrect (¢;;) , and is
characterized by Ability, which is calculated by the following
formula:

‘Nijl
> {bij ==1}
Correct (q;;) = - (12)
( ]) ‘NZJ|
[Nij|
> {bi; ==0}
Incorrect (¢;;) = - (13)

| Vi

Ability (s;) = { Correct (¢i;) — {)7?560;26605 (¢ij) 5 INij|> 5

(14)

Where N;; represents the number of learner s; attempts to
answer the question ¢; . Correct (g;;) and Incorrect (¢;j)
represent the number of times the learner s; correctly or incor-
rectly answered the question g;. b;; represents the probability
that the learner answered the question correctly in moment
t, which takes the value of 0 or 1, with O representing an
incorrect answer and 1 representing a correct answer. Ability
takes values between -1 and 1.

In this paper, MPHINE-KT divides the learners into 5 ability
level groups, calculate the average learning ability of each
ability level group, and then assign the learners to the average
learning ability value of this ability level group, as shown in
Table II.

TABLE I
LEARNER LEARNING ABILITY LEVEL CORRELATION

Learning ability level | Average learning capacity
Poor <0.5
Fair 0.5-0.7
Average 0.7-0.8
Good 0.8-0.9
Excellent 0.9-1.0

The learner heterogeneous information network is then
constructed to represent the relationship between the stu-
dent (s) and the learning experience (e) and learning abil-
ity (a). Two types of connections are established for the
three objects: the “learner-learning experience” connection
and the “learner-learning ability” connection. The objects
in the learner heterogeneous information network can be
connected through the defined connections, containing the
“student-learning experience-student” (SES) meta-path and the
“student-learning ability-student” (SAS) meta-path. Then, the
learner heterogeneous information network is formulated as
Gruin = Vg, Eg), where Vg = {s, e, a} denotes the set of
student, learning experience, and learning ability nodes, and
Eq = {e;F% €45} denotes the set of edges corresponding
to the SES and SAS meta-paths. The schematic diagram of the
learner heterogeneous information network is shown in Fig. 2.

2) Metapath-based embedding of heterogeneous informa-
tion networks for learners: Heterogeneous information net-
work embeddings with multiple semantics are extracted by
using a hierarchical attention mechanism for heterogeneous
information network embeddings of learners at the node level

heterogeneous information

object
networks for learners

| |
H |
H |
| » | 3
J learning ability | J,/// ~ |
| ~ I metapath 1
| _— =‘ ! learner-learning
| - / } experience-leamer
learner | - /
| / !
| ~ |
! o
learning | — /,/ } metapath 2
W experience | —~ | learner-learning ability-learner
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Fig. 2. The construction of a learner heterogeneous information network
includes three types of heterogeneous nodes: learning ability, learner, and
learning experience. Two types of metapaths: student-learning experience-
student(SES), student-learning ability-student(SAS)



and meta-path level attention mechanism, respectively. The
node feature vector’s dimensionality transformation is required
and thus the projected features of all nodes share the same
dimensions, as shown in the following equation:

hi =Wo, ez (15)

Where h;e R%ov~4 is the projected implicit feature vector, and
Wo, is the learnable weight matrix, and z{'eR%4 are the
original feature vectors of different types of nodes.

Node weights are updated using node level attention mech-
anism. For the same type of neighboring nodes with different
contributions to the target node, the node’s attention score is
calculated as shown below:

hfk =0 Z Oéij.hj
jeNTF
exp (LeakyRelu (af, . [Whi|[Why]))

> exp (LeakyRelu (af,,. [Whil[Why]))
hmeN[*

(16)

Oéij =

a7)
where a;y,e is a vector of same type node level attention
parameters, is a learnable parameter, and «;; is the importance
weight of nodes of the same type to the target node, and h*
is the updated vector of nodes of the same type. Considering
that the contribution of different types of nodes to the target
node is also different, after completing the calculation of the
weight of the attention of the same type of nodes to the target
node, the weight of the attention of each node type to the
target node is calculated as shown in the formula below:

Wy, = 4 z‘; node, ® tanh (Waode, hY* + brode, ) - (18)
Bon = 2] 19)
> exp(wy,)
k=1
2
=3 B,y 0 hF" 20)
k=1

where aoqe, are different types of node-level attention pa-
rameter vectors. Wioge, and bpoqe, are the weight matrix
and offset values, respectively, both of them are learnable
parameters. w,, is the updated vector obtained from the above
equation the linear variation values of h/* for calculating the
weights of each type of node. The obtained w,,, is normalized
to get B,, . By, denotes the contribution value of different
types of neighboring nodes to the target node. Then h/* and
By, are multiplied to obtain the embedded node level vector
of the target node 2.

In the learner heterogeneous information network, the SES
meta-path is employed to represent scenarios in which differ-
ent learners exhibit similar learning experience. Conversely,
the SAS meta-path simulates situations where learners possess
comparable learning abilities. These two distinct meta-paths
contribute differently to the target node due to their varying
implications. Consequently, a meta-path-level attention mech-
anism is implemented to learn the importance of different
meta-path instances when influencing the target node. Two
symmetric metapaths are defined in the learner heterogeneous
information network E, = {ej*%, e;#9}. Considering dif-
ferent metapaths contribute d1fferently to the target node, the

target node

different metapath
attention

target node

same type node attention

node-level attention mechanism metapath-level attention mechanism

Fig. 3.
anism

schematic diagram of node-level and metapath-level attention mech-

metapath-level attention mechanism is used for path-to-target
node messaging. First, node update is performed for the nodes
in the metapaths with the following formula:

1
——hi+ h
;n V(di +1)(d; +1)

Where A" is the updated node vector on the meta-path, and
d; and d; are the degrees of node i and node j, and N/ is the
neighbor node of target node i in different meta-path cases.

Then, MPHINE-KT calculates the target node i’s attention
score with all the meta-paths E;, = {e;*%,e;F5} and then
obtain the feature vector of the target node based on the meta-
path level by normalization operation. The formula is shown

as below:

2

Z O[pm‘h e tanh (Wpa,thp hfn + bpathp> (22)

wp"' |V| eV
exp (wp,, )
Bp, = 5———— (23)
2—21 exp (wp,, )

where Qpath, is a vector of meta-path level attention param-
eters, Wpathp and bmthp are the weight matrix and offset
values, respectively. w,, are the linear variation values ob-
tained according to hY™ . Then MPHINE-KT normalizes h™
to obtain 3, , and 3, is used to represent the contribution
value of neighboring nodes on different meta-paths to the
target node. Then the values of 3, and hl™ are multiplied
to obtain the embedded node level vector of the target node
2.

The obtained node level attention embedding vectors and
meta-path level attention embedding vectors are spliced as the
final embedding representation of the learner’s heterogeneous
information network. The formula is shown below:

— JAC P
E=z @zl

Among them, @ represents the concatenation operation,
and ¢ represents the serial number of the learner.

(24)

3) Time series forecast: The proposed model takes the
learner’s historical question-answering behavior data and
learner’s embedding vector as the input. First, the raw data
answering interaction records (¢,,a:) and the embedding
vector e of the learner’s heterogeneous information network
are spliced to obtain the spliced ternary c; . The formula is
shown below:

¢t = Concat (g, at, e) (25)



Since the sequence data of students’ answering behaviors has
the characteristics of time series, the Gated Recurrent Unit
(GRU) is a neural network structure specifically designed for
processing sequential data. It can effectively capture long -
term dependencies in the sequence. The GRU can automati-
cally extract valuable features from the input sequence data of
learning behaviors and learn the hidden patterns in the data.
The data is passed through the GRU neural network computa-
tion to the output layer and the output y; is a numerical value
that predicts the probability of the learner answering the new
question correctly. The related formula is shown below:

Y =0 ( outh’t =+ bout)

Where W!,, is the output weight matrix and the bias term
AT tralned parameters of the model.

The training model is to predict the probability that the
learner will answer the question correctly, and thus backprop-
agation can be performed based on a loss function consisting
of the predicted score and the actual score (right answer 1/
wrong answer 0). The cross-entropy function is calculated,
and the loss function for the entire sequence of questions
answered by a single learner based on the predicted possibility
of correctness y;+1 and the true label a;y; is shown in the
following equation:

(26)

—

Loss = Z (a,logy: + (1 — at)log (1— 7))

27

According to the loss function, the model calculates the gra-
dients of the learnable parameters of all modules based on the
loss function values and update all learnable parameters until
all learnable parameters converge iteratively on the dataset to
obtain the knowledge tracing model.

V. RESULT
A. Dataset

The experimental data required for the MPHINE-KT pro-
posed in this paper relies on four publicly available educational
datasets. These four experimental educational datasets are
ASSISTments2009 (Assist09), ASSISTments2015 (Assistl5),
[51] Algebra2005 (Algebra05) and Bridge2006 (Bridge06),
which include learner stage-by-stage question-answer record
data. These datasets are intended to reflect the real behavior
and performance of learners in the learning process.

Assist09:  (Available at:  https://sites.google.com/site
/assistmentsdata/home/assistment-2009-2010-data. Accessed:
May 14, 2026.) The Assist09 dataset is from the
ASSISTments, which is an e-learning system for the
2009-2010 school year. There were duplicate records in the
original Assist09 dataset, and after deleting and de-duplicating
the duplicate records, a total of 4,217 learners answered the
questions on 123 concepts in the remaining data.

Assist]l5:  (Available at:  https://sites.google.com/site/
assistmentsdata/home/2015-assistments-concept-builder-data.
Accessed: May 14, 2026.)The Assist15 dataset is collected on
the same online education platform as the Assist09 dataset,
recording data from the 2015-2016 school year period, with
each question containing only one relevant concept. The
Assist]5 dataset contains a total of 19,917 learners answering
questions on 100 concepts.

Algebra05: (Available at: https://pslcdatashop.web.cmu.edu
/KDDCup. Accessed: May 14, 2026.) The Algebra05 dataset is

TABLE III
THE STATISTICS OF DIFFERENT KT DATASETS

dataset Number of learners | Number of concepts | Total number of records
Assist09 4217 123 346860
Assistl5 19917 100 708631
Algebra05 574 112 809694
Bridge06 1146 493 3679199

a sub-dataset of the KDD Cup2010 dataset and contains a total
of 574 learners’ answer records on 112 concepts, including
detailed step-level learner responses.

Bridge2006: (Available at: https://pslcdatashop.web.cmu.
edu/KDDCup. Accessed: May 14, 2026.) The Bridge2006
dataset is a sub-dataset of the KDD Cup2010 dataset, which
contains the records of 1146 learners answering questions on
493 concepts, and the questions in the dataset are clearly
labeled with the corresponding concepts.

Table III summarizes some basic information about the
dataset, including the name of the dataset, the number of learn-
ers, the number of concepts, and the total number of response
records. In addition, in this paper, these datasets are processed
and divided for training and testing of knowledge tracing
models. Statistics are performed for the training and test sets
of question-answering behavior records in the datasets, and
the datasets are partitioned based on the random order when
training the models. The statistical results are shown in Fig.
4.

El Train [ Test

le&

Assist2009 Assist2015 Al gebra2005 Bridge2006

Fig. 4. Divisions of training and test sets for each knowledge-tracking dataset

B. Baseline Methods and parameterization

In this paper, comparative experiments were conducted to
demonstrate the effectiveness of the proposed MPHINE-KT
. The model proposed in this paper is compared with the
following representative methods:

DKT [13]: The first model applies deep learning methods
to the domain of knowledge tracing, using a recurrent neural
network model to model the learner’s knowledge state. The
dropout of the model is 0.2, the hidden dimension of the neural
network LSTM layer is set to 200, and the learning rate is set
to 0.001.

DKT+ [52]: The model was proposed to augment the
original DKT loss function with two additional regularization
terms to address the limitations in DKT’s ability to reconstruct
an answer input and reduce inconsistency of answer prediction
for questions sharing similar Knowledge points .The hidden
dimension is set to 200,and the learning rate is set to 0.01,the



hyperparameter A,,\,, and A, are set to 0.10,0.03,1.0,re-
spectively.

GKT [39]: Considering that previous knowledge tracing
models based on deep learning methods ignore the existence of
underlying knowledge structures, GKT transforms knowledge
structures into graphs,considers the correspondence between
concepts and questions, and reconstructs the knowledge trac-
ing task as an application of graph neural networks. The
hidden dimension of the model is 64, dropout is 0.5, and the
learning rate is set to 0.01.

AKT [37]: Due to the presence of diverse attributes in
the learner answer data, and considering the missing learning
features, AKT extracts guess and miss behavioral features
from the question text, and uses the features for hidden state
updating. The dropout of the model is 0.05, the dimension of
the fully connected layer is set to 512, and the learning rate
is set to 0.001.

SAKT [36]: The problem of sparse data in previous models
is solved by migrating the application of the transformer
encoder structure. The dropout of the model is 0.2, the multiple
attention is set to 8, and the learning rate is set to 0.001.

DKVMN [32]: This model is adapted from the memory
enhancement network to increase the interpretability of the
model by calculating the attention between questions and
concepts. The dropout of the model is 0.05, the embedding
layer dimension is set to 200, and the learning rate is set to
0.001.

DEEP-IRT [34]: DEEP-IRT is a model based on IRT theory,
combined with item response theory, and an explanatory model
constructed on the basis of DKVMN. The dropout of the
model is 0.05, the embedding layer dimension is set to 200,
and the learning rate is set to 0.001.

GIKT [40]: GIKT constructs a problem-skill graph and
leverages GCN to aggregate neighbor information, thereby
enriching problem representations. The embedding dimensions
of skills, problems and answers are set to 100. The hidden
layer dimensions of the stacked two-layer LSTM are 200 and
100 respectively. The maximum aggregation layer of graph
information is 3, the dropout rate is 0.8, the learning rate is
set to 0.001, and the batch size is 32.

TCL4KT [44]:TCL4KT builds a weighted heterogeneous
graph that incorporates students, problems and skills, and
adopts a three-view contrastive learning framework to learn
high-quality problem embeddings. The problem embedding di-
mension is 128, the temperature parameter 7 in the contrastive
loss is 0.8, the dropout rate is 0.3, the learning rate is set to
0.008, and the batch size is 80.

DGEKT [53]:DGEKT establishes a dual-graph structure
consisting of a hypergraph and a directed graph, and introduces
online knowledge distillation to fuse the two graph-based
models. The output dimension of the two-layer GNN is 256,
the hidden layer dimension of the GRU is 256, the temperature
parameter p in knowledge distillation is 0.5, the dropout rate
is 0.2, the optimizer learning rate is 0.001, the weight decay
is le-4, and the batch size is 64.

For the model proposed in this paper, in order to guarantee
the comparability of the experiments, the control variable
method is used: the values of the learning rate parameter are
set to Ir = 0.01, Ir = 0.001, Ir = 0.0001, and Ir = 0.00001,
respectively. The same network structure model was run on the
same hardware, and carry out the experiments of comparing
the learning rate on different datasets. Fig. 5 gives the results
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Fig. 5. Loss Function Optimization for Different Learning Rates on Various
Knowledge Tracing Datasets

of the experiments. The results of the experiment show that
as the model runs, the convergence of the function becomes
slower; when Ir = 0.01, the curve produces violent fluctuations
and the loss value is relatively high; when Ir = 0.0001 and Ir
= 0.00001, it can be seen that the curve is smoother, and the
curve with Ir = 0.0001 enters the convergence state earlier;
when 0.001, the loss is in a range of small fluctuations, the
loss value is relatively low. Thus, 1r=0.001 is chosen as the
optimal learning rate of the model. At the same time, for
all datasets, all the learning records of learners are sorted
according to the timestamp.In this paper, the training set and
the test set are divided in a ratio of 8:2 from the dimension of
time series. In this paper, the time series of the first 80% of all
learners are used as the training set, and the remaining series
are used for testing. During the model training, this paper
uses the answering behavior sequence data in the training set
to extract the learning ability of learners and the difficulty of
exercises, and tests its generalization ability on the test set.
Then, all input sequences are set to a fixed length of 100.
For sequences longer than this fixed length, they are divided
into several segments based on the fixed length. For those
shorter sequences, they are padded to the fixed length with
zero vectors. The uniform distribution is used to randomly
initialize all parameters, and uses the Adam optimizer. The
dimension of the embedding layer are set to 32, the batch
size to 256, the hidden layer dimension to 64, the dropout
rate to 0.5. To enhance implementation efficiency and boost
parallelization performance, when aggregating features of the
learner behavior graph via GAT, the graph data sampling
approach in GIKT was adopted as a reference. Specifically, a
fixed number of question neighbors is sampled for each batch
of the behavior graph. During the process of predicting the
learners’ learning performance, each sample is run multiple
times, and the model outputs are averaged to obtain stable
prediction results.In this paper, the behavioral graph of each
learner in each batch is first constructed, the representation of
the learner’s learning experience is extracted, and clustering
is carried out. Then, the clustering results are combined with
the calculated learning ability attributes to construct a learner
heterogeneous information network for each learner in each
batch. The representation of this heterogeneous network is ex-
tracted, so as to obtain the learner representation that integrates
various learner characteristics.The number of neurons in the
SOM clustering is initialized and tuned according to different
datasets to achieve the best model performance.For the knowl-
edge point-level baseline models, the exercise-knowledge point



TABLE IV
COMPARISON OF PREDICTION PERFORMANCE
Model : . AUC - - - ACC :
Assist09 | AssistlS | AlgebraO5 | Bridge06 | Assist09 | AssistlS | AlgebraO5 | Bridge06

DKT 0.7661 0.727 0.8821 0.751 0.7354 0.7345 0.8556 0.752
DKT+ 0.8327 0.7310 0.9151 0.8026 0.7782 0.7564 0.8616 0.849
GKT 0.8268 0.719 0.9152 0.7784 0.7783 0.7555 0.8589 0.8423
AKT 0.8239 0.7261 0.9012 0.8028 0.7769 0.7510 0.8531 0.8455
SAKT 0.7587 0.7037 0.9062 0.7636 0.7321 0.7510 0.8532 0.8413
DKVMN 0.8234 0.7279 0.9146 0.7996 0.7732 0.7561 0.8593 0.8487
DEEP-IRT 0.8224 0.7254 0.9116 0.7958 0.7729 0.7563 0.8584 0.8476
GIKT 0.8262 0.7267 0.9148 0.8123 0.7835 0.7542 0.8605 0.8489
TCL4KT 0.8375 0.733 0.9105 0.8136 0.7842 0.7457 0.8624 0.849
DGEKT 0.8356 0.7351 0.9133 0.8085 0.7856 0.754 0.8597 0.8475
MPHINE-KT | 0.8501 0.7364 0.9229 0.8167 0.7876 0.7584 0.8637 0.8505

correlation table provided with the dataset is utilized, and
regard the knowledge point mastery level as the probability of
answering an exercise correctly. All the experimental results
use server resources to train the model, and the server used is
PowerEdge-T640, with 4 NVIDIA A40 GPUs.

C. Comparative Experimental Results

The results of the comparison experiments are shown in
Table IV. It is noted that the AUC and ACC metrics of the
MPHINE-KT are higher than those of the other benchmark
models on the four datasets, and the performance on the
Assist09 and Algebra05 datasets is particularly outstanding.
Specifically, the AUC metrics of the MPHINE-KT are 1.26%
and 0.88% higher than those of the optimal benchmark model
on the Assist09 and Algebra05 datasets, while the ACC
metrics are 1.19% and 0.18% higher than those of the optimal
benchmark model on the Assistl5 and Bridge06 datasets,
respectively. Overall, the MPHINE-KT outperforms the other
benchmark models on these four datasets.

Based on the experiments, the following conclusions are
drawn. First, compared with the benchmark model, the
MPHINE-KT is ahead of the other methods in terms of AUC
and ACC on all four datasets, with higher accuracy of AUC
and ACC, indicating that the it has better prediction perfor-
mance. Second, compared with the DKT model, the MPHINE-
KT has different degrees of performance improvement on the
four datasets. The result indicates that the introduction of
learner heterogeneous information network in the MPHINE-
KT can improve the prediction accuracy of the model. Third,
it can be found that the experimental results of each model in
the dataset Assistl5 are generally lower than the performance
of other datasets, which may be related to the sparsity problem
such as a large number of learners in the dataset Assistl5 and
few average answer records.

D. Ablation experiments

To verify the effectiveness of each module setting in the
MPHINE-KT model proposed in this paper, ablation experi-
ments were conducted on this model. The experiments were
also carried out on four datasets: ASSIST09, ASSIST15, Al-
gebra05, and Bridge06. This part mainly ablated the following
three modules: (1) the learner behavior graph module; (2)

the SOM clustering module; (3) the learner heterogeneous
information network module. The descriptions of the models
after ablating these modules are as follows:

(1) MPHINE-RLBG (Replace Learner Behavior Graph):
The learner behavior graph module, which is used to extract
learners’ learning experience, is removed. Instead, the exercise
representations of the learner’s answer behavior sequences are
directly accumulated and then put into an MLP layer to extract
the learners’ learning experience.

(2) MPHINE-RSOM (Replace SOM clustering): The SOM
clustering module for the representation of the learner behavior
graph is removed and replaced with the K-Means clustering
algorithm. An appropriate number of clusters k is selected to
aggregate similar learners’ learning experience.

(3) MPHINE-RLHIN (Remove Learners’ Heterogeneous In-
formation Networks): The learner heterogeneous information
network module and the subsequent embedding extraction
module are removed. The vectors extracted from the learner
behavior graph embeddings are concatenated with the exercise
vectors and the learners’ responses and finally input into the
GRU network to predict the learners’ learning states.

Except for the changes mentioned above, the implementa-
tion of other parts in the ablation experiments remains con-
sistent with the model described in the model section of this
paper. The experimental results are shown in the TABLE V. By
comparing the AUC and ACC metrics of the ablated models
with those of the MPHINE-KT, the results are as follows:
(1)Among all the models, the MPHINE-KT model achieved
the best performance in terms of AUC and ACC metrics. This
is strong evidence that the model can effectively mine learners’
learning experience, learning abilities, and the interactions
among learners. It overcomes the issue of sparse input data in
knowledge tracing tasks, which in turn improves the model’s
prediction performance. (2)When the learner behavior graph
module was replaced, the AUC and ACC performance on
multiple datasets dropped significantly. This clearly shows that
constructing a learner behavior graph and extracting its graph
representations can help obtain more accurate insights into
learners’ learning experience. This allows for more precise
clustering and construction of the learner heterogeneous infor-
mation network. (3)The optimal value of k for K-Means in the
MPHINE-RSOM model was selected based on experimental
performance. However, the clustering effect was still not as



TABLE V
COMPARISON OF ABLATION EXPERIMENT RESULTS

Model - : AUC : : - ACC -
Assist09 | Assistl5 | AlgebraO5 | Bridge06 | Assist09 | AssistlS | AlgebraO5 | Bridge06
MPHINE-RLBG | 0.8388 0.7187 0.9149 0.8012 0.7766 0.7354 0.8489 0.8356
MPHINE-RSOM | 0.8443 0.7132 0.9025 0.8084 0.7883 0.7352 0.8563 0.8480
MPHINE-RLHIN | 0.8102 0.7121 0.8962 0.7928 0.7484 0.7232 0.8321 0.8362
MPHINE-KT 0.8501 0.7364 0.9229 0.8167 0.7876 0.7584 0.8637 0.8505

good as that of using SOM for representing learners’ learning
experience. A likely reason is that the performance of the
K-Means algorithm is highly sensitive to the parameter k,
while SOM clustering can better maintain the structure of
the input data. (4)After removing the learner heterogeneous
information network in the MPHINE-RLHIN model, the per-
formance also decreased. The average decline in ACC and
AUC was the largest among the three ablated models. This
result demonstrates the effectiveness of integrating learning
ability features and constructing the learner heterogeneous
information network. In the dataset, learners’ knowledge states
are affected by both their learning abilities and learning
experience. Moreover, there are correlations among learners
in terms of learning abilities and learning experience. The
learner heterogeneous information network can capture such
information, reduce the sparsity of knowledge tracing inputs,
and improve the model’s prediction performance.

E. Visual Analysis of Learner Predictions

In order to illustrate the accuracy of the MPHINE-KT
prediction, experiment selected the question-answering record
of a learner in the Assist09 dataset, and intercept some of
its outputs in the MPHINE-KT for visualization, as shown
in Fig. 6. The horizontal coordinates in the picture represent
the learner’s question-answering time series, and a tuple of
two numbers is used to represent an interaction record. The
depth of the color of the squares in the picture represents
the predicted degree of learners’ knowledge mastery, with
the darker color indicating better mastery and the lighter
color indicating worse mastery. In practice, if a learner an-
swers a question incorrectly consecutively, it means that the
learner’s mastery of the question is poor and the probability
of answering the question correctly in the future is small.
For example, in the figure, the learner answered question 50
consecutively. Although there were cases of wrong answers,
the learner’s knowledge mastery of the question subsequently
turned out to be better after considering the learner’s individual
integrated learning attributes.Therefore, the visualization of
the learner prediction process shows that when the learner’s
answer changes, the model is able to detect changes in the
mastery of the concepts, understand the learner’s knowledge
level, and thus personalize the guided learning service for the
learner.

VI. DISCUSSION

Experimental results show that MPHINE-KT outperforms
the given baseline models in AUC and ACC. This shows
it can effectively extract the representation of learners’ an-
swering behavior sequences in knowledge tracing, enhancing
the prediction of learners’ future performance.Compared with
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Fig. 6. Visualization of Learner Learning States Predicted by MPHINE-KT

DKT on the given dataset, MPHINE-KT improves AUC and
ACC to varying extents. By leveraging a heterogeneous in-
formation network, it comprehensively analyzes how learners’
learning experience, and individual and general learning abil-
ities, influence knowledge tracing predictions. Incorporating
learners’ individual attributes alleviates input data sparsity,
resulting in better time-series prediction performance. The
ablation experiments compared the models with important
modules ablated to MPHINE-KT and found that the perfor-
mance of these ablated models decreased to varying degrees.
This proves the effectiveness of each module in MPHINE-
KT. The experiments conducted verify the design intention
of MPHINE-KT: By exploring learners’ individual attributes
and heterogeneous information in the answering sequences, it
can effectively quantify learners’ characteristics, help alleviate
the problem of sparse input data in knowledge tracing, thus
improving the model’s performance and providing support for
key educational aspects such as personalized education.

Learners are a very important part of the knowledge tracing
task. The learners’ answering behavior sequences contain
rich learner representations. Effectively utilizing these rep-
resentations can alleviate the problem of input data sparsity
in the knowledge tracing task. Most of the existing work
addresses the sparsity problem from the perspectives of ex-
ercises and knowledge points, but does not fully utilize the
individual attribute features in learners’ answering behavior
characteristics. Some of the related research transforms the
learners’ answering behavior sequence data into homogeneous
graph structure data, which makes it difficult to explore the
connections between different types of attributes. The model
proposed in this paper constructs a learner heterogeneous
information network to capture the heterogeneous information
in the sequence data, thereby improving the performance of
the model.

MPHINE-KT can empower online education systems and
enhance the efficiency of exercise recommendation. The pri-
mary objective of an online exercise recommendation system
is to offer students effective learning plans. It can provide the
mastered knowledge states of students and the representations
of students that integrate features of learning abilities and
experiences for downstream exercise recommendation tasks,



thereby tailoring learning plans for different students according
to their learning characteristics.

There are still many learners’ behavior characteristics that
can be extracted from the data of the knowledge tracing
task. For example, learners’ learning styles can affect their
knowledge states, and learners with similar learning styles
may have similar knowledge states. The extraction of learners’
characteristics in this paper is not comprehensive enough, and
appropriate methods will be further explored in future work
to improve the accuracy of the knowledge tracing task in
evaluating learners’ learning states.

VII. CONCLUSION

This paper carries out research on personalized teaching
problems in smart education scenarios, and take learners’
question-answering behavior data as the research entry point
to explore the knowledge tracing model in depth. This paper
solves the problems of existing knowledge tracing models
that lack generality, ignore the correlation between learners’
question-answering behavior and learners’ learning experi-
ence, and the influence of learners’ individual attribute char-
acteristics on learners’ performance prediction. A knowledge
tracing model called MPHINE-KT is proposed, which firstly
constructs and analyzes the learner behavior graph based on
the learner’s learning interaction records, and extracts the
learners’ learning experience attributes by SOM clustering
of the learned graph representations; and then calculates the
learner’s learning ability to construct the learner heterogeneous
information network and learn to characterize learner nodes
from node-level and meta-path-level attention mechanisms,
respectively. Finally, the learner node representations are put
into the GRU model as additional inputs for predicting the
learner’s learning status. The experimental results prove that
the proposed model has better performance compared to ex-
isting popular knowledge tracing models, which also confirms
the effectiveness of employing learning experience recognition
neural network and constructing learner heterogeneous infor-
mation network.

The work in this paper can be further expanded. For
instance, the performance of the model can be further en-
hanced, and the forgetting situation of learners can be more
comprehensively considered in the knowledge tracing model.
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