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Abstract. Cognitive diagnosis, which aims to diagnose students’ knowl-
edge proficiency, is crucial for numerous online education applications,
such as personalized exercise recommendation. Existing methods in this
area mainly exploit students’ exercising records, which ignores students’
full learning process in online education systems. Besides, the latent rela-
tion of exercises with course structure and texts is still underexplored. In
this paper, a learning behavior-aware cognitive diagnosis (LCD) frame-
work is proposed for students’ cognitive modeling with both learning
behavior records and exercising records. The concept of LCD was first
introduced to characterize students’ knowledge proficiency more com-
pletely. Second, a course graph was designed to explore rich information
existed in course texts and structures. Third, an interaction function was
put forward to explore complex relationships between students, exercises
and videos. Extensive experiments on a real-world dataset prove that
LCD predicts student performance more effectively, the output of LCD
is also interpretable.

Keywords: Cognitive diagnosis · Intelligent education · Graph neural
network

1 Introduction

Online education systems, such as Massive Open Online Course (MOOC), Intel-
ligent Tutoring System (ITS), and Mobile Autonomous School (MAS), can pro-
vide a series of computer-aided applications for better tutoring, such as computer
adaptive test [12] and knowledge tracing [16,23]. Among these applications, one
of the critical applications is to diagnose states of student knowledge, which is
called cognitive diagnosis. In intelligent education systems, cognitive diagno-
sis aims to discover students’ states from history learning records of students,
such as their proficiencies on specific knowledge concepts.
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Online courses

V1:Data Struture: Red-black Tree

V2:Opera�on System:Memory 
Management

V3:Opera�on System:File System

V4:Algorithm:Quick Sort

Exercises Knowledge Concepts Records

E1:How to use the heap to sort Heap

E2:Opera�ng system belongs to Opera�on System

E3:Red and black trees are 
equivalent to__ Rank B tree

Red–black Tree B Tree

E4:The results of 3 & 5 are__ Programming

watch online course videos practice exercises

Fig. 1. An example of student learning records in online education system.

Massive efforts have been made in the cognitive diagnosis area. Among them,
item response theory (IRT) [17], as a typical unidimensional model, considered
each student as a single proficiency variable (i.e., latent trait). Comparatively,
multidimensional models, such as Deterministic Inputs, Noisy-And gate (DINA)
[2] model, characterized each student by a binary latent vector, which described
whether or not he had mastered the knowledge concepts with the help of Q-
matrix(exercise knowledge concept matrix labeled by educational experts). Fur-
thermore, Neural Cognitive Diagnosis [20] uses artificial neural network to model
complex non-linear interactions.

The methods above have been proved effective but still have limitations. A
deficiency is that they only consider the interaction between students and exer-
cises and do not explore complete students’ learning behaviors in online educa-
tion systems. Figure 1 shows an example of such a complete learning process of
a typical student in Massive Open Online Courses (MOOCs). The student first
watches four videos of three courses for his goals and does four exercises as prac-
tice. Specifically, he reads the exercise contents, answers them by applying the
corresponding knowledge learned from videos, and leaves response records(e.g.,
right or wrong). The student only answers E2 incorrectly, which demonstrates
that he has a high mastery on knowledge concepts like “Heap”, “B Tree” and
is weak in “Operation System”. We can observe that when students learn in
MOOCs, they watch videos first to learn the knowledge they want to master,
which helps them practice exercises related to videos.

Moreover, existing methods model each exercise as an independent data
instance and do not consider latent relations between exercises. For an online
course, it is consists of structured videos and exercises. Besides, exercises are
also connected by knowledge relations such as prerequisite [14].

To address these challenges, we propose a learning behavior-aware cognitive
diagnosis(LCD) framework to predict student performance by taking advantage
of full student learning records and the latent relations of exercises. Specifically,
we first build a graph consisting of videos, exercises and construct the structure
by utilizing course structures and knowledge concepts. Next, we encode stu-
dents, exercises, videos as vectors and leverage a multi-layer perceptron (MLP)
[6] for modeling the complex interactions of student answering exercises. A graph
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convolutional network(GCN) [9] is used to automatically refine the representa-
tion as feature vectors of exercises and videos. Finally, we conduct extensive
experiments on a real-world dataset, which is the first dataset to contain video
information and exercise text materials. The results show that our approach
outperforms other methods. Detailed parameter analysis and discussion are also
discussed. In summary, the contributions are as follows:

• We develop a new method named LCD to model the complex interactions of
full student learning behaviors in an end-to-end manner.

• We propose two methods to construct a course graph to build relationships
between videos and exercises under the graph neural network framework.

• We construct a novel dataset including students watching video records and
exercising records with texts and structure information in MOOC.

2 Related Work

Cognitive Diagnosis. Generally, traditional cognitive diagnostic models
(CDM) could be roughly divided into discrete models and continuous mod-
els. The fundamental discrete CDM is Deterministic Inputs, Noisy-And gate
(DINA) [2], represented each student as a binary vector which denoted whether
he mastered or not the knowledge concepts required by exercises with a given
Q-matrix prior. The DINA-based models are applied to further specific edu-
cational scenarios, such as differential item functioning assessment [7], learning
team formation [11] and comprehension test validation. Comparatively, the basic
continuous method is item response theory (IRT) models [4], which characterize
students by a continuous variable, i.e., latent trait, and use a logistic function
to model the probability that a student correctly solves a problem. Many varia-
tions of CDMs were proposed by combining learning information. For example,
learning factors analysis (LFA) [1] incorporated the time factor into the model-
ing. In recent years, Wu [10] put forward a fuzzy cognitive diagnosis framework
to diagnose students’ knowledge state in the examination, which considers both
subjective and objective questions. Thai [19] leveraged a multi-relational matrix
factorization to map students’ knowledge proficiency as a hidden vector. Another
typical method is the deep learning method. Piech [16] developed a deep knowl-
edge tracing method based on a recurrent neural network to simulate students’
learning process and improve the effectiveness of the task of predicting students’
achievement. Huang [8] extended this method, and they used text information
for deeper semantic mining of exercises. Wang et al. [20] proposed NeuralCDM
that uses artificial neural networks to capture relations between students and
exercises.

Graph Neural Networks. The GNN [18] is a type of neural network that
can operate on graph-structured data. The graph is a type of data structure
representing objects and their relationships as nodes and edges. In recent years,
various generalization frameworks and significant operations have been devel-
oped with successful results in various applications, such as recommender sys-
tems [21] and social network analysis [15]. Very few studies have been done in
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the field of online learning and education. A recent study on college education
by Hiromi proposed a Graph-based Knowledge Tracing (GKT) [13] combines
the knowledge tracing with a graph neural network. It encodes a learner’s hid-
den knowledge state as embeddings of graph nodes and updates the state in a
knowledge graph. However, GKT aims to predict students’ scores and does not
distinguish between an exercise and the knowledge concepts it contains. Thus it
is unsuitable for cognitive diagnosis.

3 Problem Definition

In this section, we give some basic definitions and formulate the problem of
learning behavior-aware cognitive diagnosis in the MOOC platform.

Knowledge component is denoted as K = {Kn,Kr}, where Kn =
{ki}|Kn|

i=1 is the set of knowledge concepts, which are the subjects taught in courses
(e.g., “Red-black Tree” in “Data Structure”). Kr = [(ki, kj)] is the relation of
knowledge concepts. Here we consider the prerequisite relation, which is crucial
for students to learn, organize, and apply knowledge [14]. Specifically, if a pair
(ki, kj) ∈ Kr, ki is a prerequisite concept of kj .

Course corpus is composed by numerous courses, denoted as M = {Ci}M
i=1,

where Ci is one course. Each course includes a sequence of videos and exercises,
i.e., Ci = [(cij , kcij , tij)]

|Ci|
j=1, where the triplet (cij , kcij , tij) describes the j-th

component of course Ci. tij refers the type (video or exercise), kcij (usually
labeled by experts) is the set of knowledge concepts the component relates to
and cij indicates its contents (video subtitles or exercise texts). W is the set
including all exercises and videos in M and the Q-matrix Q = {Qij}|W |×|Kn|,
where Qij = 1 if Wi relates to knowledge concept kj and Qij = 0 otherwise.

Course graph consists of only one type of node. Each node corresponds
to a video or an exercise in W . Formally we represent it as (A,F ), where A ∈
{0, 1}|W |∗|W | is an adjacency matrix and F ∈ R

|W |∗t is the node feature matrix
assuming each node has t features.

Student records consist of two types of behaviors: watching videos and
doing exercises. Suppose we have a student set S, where students study individ-
ually. Formally, we record the learning behaviors of students as R = R1∪...∪R|S|,
where Ri = [(wt, rt)], wt ∈ W denotes student Si learns wt at step t and rt

denotes the response. For exercises, rt is the corresponding score the student got
on wi and rt does not exist otherwise.

Learning behavior-aware cognitive diagnosis is defined as bellows:
Given the course corpus M , knowledge component K, student set S, and stu-
dents’ response logs R, the goal of our cognitive diagnosis task is to build a
model to mine students’ proficiency on each knowledge concept. Since there
is no ground truth for diagnosis results, following previous works, we adopt the
student performance prediction task to validate cognitive diagnosis results’
effectiveness.
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4 Method

The entire structure of the LCD is shown in Fig. 3. Generally, for a cognitive
diagnosis system, three elements need to be considered: student features, exercise
features, and the interaction function including them [3]. In this paper, we add
video features that can be obtained by course graph representation to enhance
interaction function. Specifically, we construct a course graph by course struc-
tures, knowledge relations, and text features. Then we learn the representation
of nodes by a graph convolutional network (GCN). The results are used as one
of the exercise features and video features. We use one-hot vectors of the corre-
sponding student, exercise, and video as input and obtain these three diagnostic
features for each response log. The interaction function aggregates different fea-
tures and outputs predicting score that the student can get on the exercise after
training. Finally, we get students’ proficiency vectors as diagnosis reports. It is
worth mentioning that the GCN and the interaction function are trained in an
end-to-end fashion.

4.1 Course Graph Construction

In this section, we introduce details to construct the course graph, which includes
the adjacency matrix A and node features F . As shown in Fig. 2, First BERT
is used to encode all texts of exercises and videos as the value of F . It is worth
mentioning that we only use BERT to extract features of texts and do not fine-
tune. Next, we propose two approaches named the structure-based method and
the knowledge-based method to assign A. Detailed methods are as follows:

Text Features

Course structure based

Knowledge concept based

Video Embedding

Exercise Embedding

Graph Structure

Video A

Exercise B

Course Corpus

GCN

Fig. 2. The framework of course graph learning.
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Structure-based Graph is a graph generated by the structured information
of courses provided by online education system. We assign the adjacency AS as:

AS
ij =

{
MS(wi,wj)

|MC(wi)−MC(wj)| , |MC(wi) − MC(wj)| < λ

0, otherwise
(1)

where MS(wi, wj) = 1 if wi and wj belong to a same course in M ,
MS(wi, wj) = 0 otherwise. MC(wi) = n indicates wi is the n-th component of
a course in M . That is AS

ij depends on their distance wi and wj in the sequence
of courses if both them belong to a same course. λ is a parameter to control the
threshold.

Knowledge-based Graph is a densely connected graph generated by the
knowledge concepts and relations, here we design the weight AK as:

AK
ij =

⎧⎪⎨
⎪⎩

1, kci ∩ kcj �= ∅
α, {(kx, ky)|kx ∈ kci, ky ∈ kcj} ∩ Kr �= ∅
0, otherwise

(2)

Where kci indicates the set of knowledge concepts of wi. That is AK
ij is 1

if wi and wj contain at least one same knowledge concept; else AK
ij is α if one

of knowledge concepts wi relates to is a prerequisite concept of one which wj

contains; otherwise it is 0. α is a parameter we manually set to control the
importance of prerequisite relation.

Finally we assign A as: A = Normalization(AS + AK).

4.2 Graph Representation Learning

In this work, we build our model on the graph above to learn useful represen-
tations of videos and exercises for the cognitive diagnosis task. Graph neural
networks and its variant have achieved promising performance in various chal-
lenging tasks. We first briefly review its mechanism and then reveal the revision
for this work in detail.

Traditional GNNs architectures can be considered as following general
“message-passing” architectures.

Hk = M(A,Hk−1; θk) (3)

Here M is a message propagation function that defines how to aggregate and
update node embeddings based on a trainable parameter θk. Furthermore, H ∈
R

n∗d is the node embeddings computed after k steps of the message propagation.
Here, the H0 is initialized using node features F in the graph.

A popular variant of GNN is called graph convolutional neural network
(GCN), which has demonstrated to be efficient to gather information in a graph
through convolution operations. Its message propagation function is as following:

Hk = M
(
A,Hk−1; θk

)
= σ

(
D̃− 1

2 ÃD̃− 1
2 Hk−1W k−1

)
(4)
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where σ(·) denotes a non-linear activation function such as ReLU function.
Ã = A + I is an adjacency matrix with added self-connections. D̃ is a diagonal
degree matrix of Ã and Ãk−1 is a trainable weight matrix of k − 1 layer. We
divide the set of node embedding Hk into two parts: Ek and V k, which refers
the exercise embedding and video embedding.

4.3 Modeling Process

The goal of the LCD modeling process is to combine different features to pre-
dict the probability of a typical student correctly answering a typical exercise.
Figure 3 illustrates the structure of the LCD. Details are introduced as below.

Student Proficiency 

Exercise Discrimination 

Exercise Difficulty 

Knowledge Relevancy 

Video Difficulty 

Course Graph Student One-hotExercise One-hot

0 1 0 0 0 00 0 0 0 0 1

Video One-hot

0 0 1 0 0 0

MLP Classfier 

Output

Interaction Function

Exercise Features

Video Features

Student Features

Fig. 3. The architectures of LCD.

Student Features reflect the studying abilities of students in knowledge
concepts, which is defined in traditional cognitive diagnosis like DINA [2], IRT
[4] and MIRT [19]. One of most important student features is the proficiency on
knowledge concepts, which is the goal of cognitive diagnosis task. To better rep-
resent knowledge proficiency feature, we design it as explainable vectors similar
to DINA and NeuralCDM [20] to guide students’ self-assessment rather than the
latent trait vectors in IRT and MIRT. Specifically, We use a continuous vector
F s to represent the knowledge proficiency of students, which the size of is the
same as the number of knowledge concepts. The formulation of F s is as below:

F s = sigmoid(xs × B) (5)

in which F s ∈ (0, 1)1×K , xs ∈ {0, 1}1×N is the one-hot embedding to represent
students, B ∈ R

N×K is a trainable matrix. sigmoid is the sigmoid function which
can control the value of F s in 0 to 1. Each entry of F s represents the knowledge
level on a specific knowledge concept. For example, F s = [0.1, 0.8] indicates a
low mastery on the first knowledge concept but high mastery on the second.



392 Y. Mao et al.

Exercise Features characterize the trait of exercises. To indicate the rela-
tionship between exercises and knowledge concepts, we design the knowledge
relevancy vector and denote it as F kn. F kn has the same length of F s, with each
entry represents the relevance of every knowledge concept. In LCD, we use the
pre-given Q-matrix Q (exercise knowledge concept matrix labeled by educational
experts) to assign F kn for each exercise as:

F kn = xe × Q (6)

where F kn ∈ {0, 1}1×Kn, xe ∈ {0, 1}1×Ek

is the one-hot representation of the
exercise. In addition, we design a feature called the exercise difficulty vector
F d to represent the difficulty of each knowledge concept like F s. F d directly
comes from the exercise embedding Ek. Furthermore, we design the exercise
discrimination vector F e, which represent the ability of distinguishing students.
The higher the value of F e is, the stronger the discrimination ability F e has. F e

is obtained by a trainable matrix D:

F d = sigmoid(xe × Ek) (7)

F e = sigmoid(xe × D),D ∈ R
M×β (8)

In which β is a parameter to control the size of F e.
Video Features denote the features that characterize the traits of videos.

Since a video relates to more knowledge concepts than an exercise, which may
get redundant information and reduce performance. We do not consider the
knowledge relevancy of videos. Instead, we design a vector F v to characterize
video difficulty, indicating the difficulty for students to understand. Like F d, F v

is direct from the video embedding V k:

F v = sigmoid(xv × V k) (9)

where xv ∈ {0, 1}1×V K

is the one-hot representation of the video which satisfies
the following conditions: 1) the knowledge concepts relating to xe also relate to
xv. 2) Student xs watched xv before exercising xe. It is worth mentioning that
if xv does not exist, we use a zero vector to represent F v.

Interaction Function. We use Multi-Layer Perceptron (MLP) to obtain the
interaction function. The formulations are as below:

y = τn

(
. . . τ1

(
F s, F kn, F d, F e, F v, λf

))
(10)

where τn denotes the mapping function of the ith MLP layer and λf denotes
model parameters of all the interactive layers.

x = (F kn · F s) ⊕ F e ⊕ F d ⊕ F v (11)

f1 = sigmoid
(
W1 × xT + b1

)
f2 = sigmoid (W2 × f1 + b2)
y = sigmoid (W3 × f2 + b3)

(12)
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where ⊕ is the concatenation operation. The loss function of LCD is cross entropy
between output y and true label r:

loss = −
∑

i

(ri log yi + (1 − ri) log (1 − yi)) (13)

After training, the value of F s is what we get as the diagnosis result, which
denotes the student’s knowledge proficiency.

5 Experiments

5.1 Dataset Description

Since there is no open dataset that could provide both watching video records
and exercising records with text information, our experimental dataset is derived
from MOOCCube [22], a large-scale data repository of over 700 MOOC courses,
100k concepts, 8 million student behaviors with an external resource. We extract
12 computer science courses. Some statistics of the dataset are shown in Table 1.
To ensure the experimental results’ reliability, we filter the students that both
did less than eight exercises and answered less than two exercises incorrectly. We
also filter the exercises and videos that no students have done or no contents. In
total, we get 271,960 learning behavior records from 2,093 students, 519 exercises,
857 videos with 101 knowledge concepts for diagnostic networks.

Table 1. The statistics of the dataset.

Statistics Value

# of students 26,969

# of exercises 1,074

# of videos 1,321

# of knowledge concepts 101

# of video records 2,680,833

# of exercise records 116,790

5.2 Experiment Setup

Framework Setting. We now specify the network initializations for LCD mod-
els. To extract the semantic representation for exercises and videos, we use the
BERT-Base model to get embedding vectors with 768 dimensions. In course
graph construction part, we set parameters α = 0.5 and λ = 6. In the video and
exercise representation learning part, we set the graph hidden size of 128. The
size of the GCN output is 16. In the interaction layer part, The dimensions of
the full connection layers are 64, 32, 1 respectively, β = 16 . We initialize the
parameters with Xavier initialization [5]. Besides, we set mini-batches as 32 for
training and used dropout(with probability 0.6) to prevent overfitting.
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Comparison Methods. To compare the performance of our proposed models,
we borrow some baselines from various perspectives. Details are as follows:

IRT : A cognitive diagnostic model(CDM) that models student exercising
records by a logistic-like function [3].

MIRT : A CDM that extends the latent trait value of each student in IRT
to a multi-dimension knowledge proficiency vector with the Q-matrix [17].

NeuralCDM : A CDM that incorporates neural networks to learn the com-
plex exercising interactions [20].

LCD-E : A variant of LCD framework. First, we construct an exercise
graph(all nodes are exercises) to replace the course graph. Second, in the mod-
eling process, we use a zero vector to represent video features instead of video
embeddings learned by GCN.

In the experiment, we prepare 70% of the data as training data, 10% of the
data as validation data, and the remaining 20% as testing data. All models are
implemented by PyTorch using Python, and all experiments are run on a Linux
server with four 2.4GHz Intel Xeon E5-2640 CPUs and a Geforce 1080Ti GPU.

5.3 Experiment Result

Student Performance Prediction. Here, we conduct experiments on the
Student performance prediction task, i.e., predicting students’ scores over each
subjective or objective problem to indirectly evaluate the effectiveness of LCD,
since we cannot obtain the real knowledge proficiency of students. Considering
that all the exercises we used in our dataset are objective, we use evaluation
metrics from both the classification and regression aspects, including accuracy,
RMSE (root mean square error), and AUC (area under the curve).

Table 2. Experimental results on student performance prediction.

Model Accuracy RMSE AUC

IRT 63.1 ± .1 46.7 ± .1 60.3 ± .1

MIRT 77.0 ± .2 39.9 ± .1 74.9 ± .1

NeuralCDM 77.2 ± .2 40.0 ± .1 74.2 ± .1

LCD-E 77.5 ± .1 39.7 ± .1 75.4 ± .1

LCD 78.0± .1 39.5± .1 75.6± .1

Table 2 shows the experimental results of all models on student performance
prediction task. The error bars after ‘±’ are the standard deviations of 5 evalu-
ation runs for each model. We observe the performance in the following aspects:

For LCD-E method, it outperforms other baseline methods in terms of
accuracy, RMSE, and AUC, which demonstrates that our method can make full
use of the relationship between exercises to benefit the prediction performance.
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Fig. 4. The study of different graph methods with parameter influence.

Fig. 5. Visualization of a student’s proficiency on knowledge concepts and the responses
of three exercises.

For LCD method, it generates better results than LCD-E, indicating the
effectiveness of diagnosing student’s knowledge states on both watching video
behaviors and exercising behaviors than only considering exercising records.

Course Graph Analysis. We investigate the parameters that may influence
the performance, including structure-based parameter λ in Eq. 1 and knowledge-
based parameter α in Eq. 2.

Figure 4(a) visualizes the performance with the increasing values of λ from 2
to 10. As λ increases, the performances of LCD-C firstly increase but decrease
when λ surpasses 6, and it gets the lowest performance while λ = 2 (each video
and exercise only connects with neighbors). Figure 4(b) shows it gets the best
performance when α = 0.5, which demonstrates that the prerequisite relation
has a positive but weak influence.

Case Study. Here, we present an example of the cognitive diagnosis of stu-
dent knowledge proficiency. As shown in Fig. 5, the radar chart shows a typical
student’s concept proficiency report diagnosed by NeuralCDM and LCD. The
right side is some student records in the online education system. Vi is the video
with the same concept as Ei and the student learned before practicing Ei. We
can observe that LCD predicts all three exercises correctly, but NeuralCDM gets
wrong results on E2 and E3 because NeuralCDM does not consider the video
information which the student watched. For E2, although the results of the stu-
dent diagnosis report by NeuralCDM and LCD are similar, the student does
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not watch the video about “hash”, which makes him have a higher probabil-
ity of getting a wrong answer. As for E3, the student watched the video named
“Data Structure: Exercise guidance: Sort” before answering E3, which helps him
familiar with the exercises about “sort”. Thus he answers it correctly. From the
case, we can see that LCD provides a right way for result analysis and model
explanations, which is also meaningful in educational applications.

5.4 Discussion

From the experimental results, we can observe that LCD outperforms all base-
lines. The course graph analysis shows the influence of course structure and
knowledge concepts. The case study indicates that LCD can get an interpretive
analysis result, which better characterizes the students’ knowledge states.

On the other hand, there are still some directions for improvement. Although
the learning behavior-aware method we designed is effective, manually-labeled
knowledge concepts exercises and videos relate to may be deficient because of
inevitable errors and subjective bias. We will design an efficient algorithm in
the future to extract knowledge concepts more accurately. Besides, inevitably,
students gain and forget the knowledge they learn, especially in online self-
learning circumstances. We will make an effort to design reward mechanisms
while monitoring the behaviors of students automatically.

6 Conclusion

In this paper, to investigate the influence of student learning behaviors in the
cognitive diagnosis task, we propose a learning behavior-aware framework mod-
eling both student’s exercising records and watching video records. First, we
constructed a graph to build the relationship between videos and exercises and
refined the representation by a graph convolutional network (GCN). Next, we
propose a novel interaction function to explore complex relationships between
students, exercises, and videos. Experimental results on a large scale real-world
dataset validate the effectiveness and the interpretation of the proposed method.
Promising future directions would be to investigate other important features
(guessing features) in the student learning process.
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