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ABSTRACT

Cognitive diagnosis is a fundamental task in online education and serves as the basis for subsequent edu-
cational tasks, focusing on measuring students’ mastery levels across various knowledge concepts.
Existing methods mainly model the interactions between students and exercises, while largely neglecting
the relations among the underlying knowledge concepts, thus failing to fully model the level of student
mastery. Although some works propose to characterize the prerequisite relation among knowledge con-
cepts, such modeling is still limited. To fill in the gap, in this work, we present a heterogeneous concept
graph augmented cognitive diagnosis model (HCGCDM), a cognitive diagnosis method that strives to
characterize and model the relationships among knowledge concepts with large language models
(LLMs), hence benefiting the measurement of student mastery levels. First, we propose a heterogeneous
concept graph construction module to automatically detect and mine the complex relations among
knowledge concepts by using the power of LLMs. Specifically, we extract pairs of knowledge concepts
with high similarity and then use retrieval-augmented generation to systematically detect and validate
triples to construct a reliable heterogeneous concept graph. Subsequently, we develop a heterogeneous
concept graph modeling and aggregation module that adaptively identifies important features and then
integrates graph representations into knowledge concepts and exercises for more accurate assessment.
We empirically evaluate our proposal on several tasks, and the results demonstrate that HCGCDM and
its components are effective, surpassing the state-of-the-art methods.
© 2026 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

dents’ proficiency in knowledge concepts but also assists in provid-
ing targeted advice for their subsequent learning.

Cognitive diagnosis (CD), as a pivotal component of online edu-
cation systems, is the basis for subsequent educational tasks [1],
such as computerized adaptive testing (CAT) [2,3]. CD aims to
assess a learner’s mastery levels across knowledge concepts based
on their current performance in answering questions. A case in
point can be found in Fig. 1, where students Ava and Bob give
responses to several exercises (e.g., e; i = 1, 2, 3, 4). Besides, there
is an expert-built Q-matrix characterizing relationships between
exercises and knowledge concepts. Based on the response records
and the Q-matrix, CD methods would infer students’ mastery levels
of knowledge concepts. The mastery level not only reflects the stu-
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Initially developed from psychometrics, there are several repre-
sentative CD models, such as item response theory (IRT) [4] and
multidimensional item response theory (MIRT) [5]. IRT and its vari-
ant models are scalable mathematical frameworks. While they are
straightforward to implement, their scalability and interpretability
remain constrained. With the advancement of deep learning, CD
methods have also incorporated deep learning to enhance accuracy
and explainability, such as neural cognitive diagnosis model
(NCDM) [6], knowledge-association neural cognitive diagnosis
model (KaNCD) [7], and the oversmoothing-resistant cognitive
diagnosis framework (ORCDF) [8]. These deep learning-based
methods mostly leverage the multi-layer perceptron to improve
the accuracy of CD based on response records and relations
between students and exercises.

Intuitively, students need to master several knowledge
concepts in order to answer questions correctly. Hence, the
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Fig. 1. The illustration of CD methods. The Q-matrix describes the relations between exercise and knowledge concepts (e.g., 1 represents that the exercise involves this

knowledge concept, and 0 indicates otherwise).

relationships among knowledge concepts are vital. The successful
comprehension of a knowledge concept increases the likelihood
of a positive transfer of learning to the associated knowledge con-
cepts. Most of the methods construct the dependency among
knowledge concepts through feature engineering and deep learn-
ing [9-12]. These works almost employ the prerequisite relation
to model the relationship between knowledge concepts. However,
relying solely on prerequisite relations oversimplifies the relations
between knowledge concepts [13-15]. For instance, although there
is no prerequisite relation between matrix row operation and
matrix row echelon, these two knowledge concepts can enhance
each other’s understanding, indicating the existence of other rela-
tion types, for instance, synergistic relation. Consequently, accu-
rately depicting the relationships between knowledge concepts is
essential for a more precise assessment of students’ mastery.

To mitigate the aforementioned problems, we propose a hetero-
geneous concept graph augmented cognitive diagnosis model,
HCGCDM. Specifically, we first design the Heterogeneous Concept
Graph Construction module to build a comprehensive heteroge-
neous concept graph by leveraging the power of large language
models (LLMs) [16]. This module first identifies pairs of knowledge
concepts with a high possibility of forming triples. Then, we
acquire and evaluate triples through retrieval-augmented genera-
tion (RAG) under three representative relation types, that is, pre-
requisite, parallel, and synergistic relations. Notably, by using
LLMs to build the heterogeneous concept graph, we not only auto-
mate the discovery of relations among knowledge concepts but
also eliminate the need for massive training data. To effectively
capture the heterogeneous graph structures, we propose the
Heterogeneous Concept Graph Modeling and Aggregation module,
which involves three key operations, that is, subgraph encoder,
adaptive selector, and graph information aggregator. On account
of the different interactions among knowledge concepts, three sub-
graphs are decomposed based on three relations. Then, the sub-
graph encoder generates expressive representations for each
subgraph using suitable graph neural networks (GNNs). For
instance, the graph attention network (GAT) is leveraged to model
the prerequisite relation as different levels of child knowledge con-
cepts contribute to parent knowledge concepts differently. To
address the distinct relational priorities of knowledge concepts
within an exercise, an adaptive selector is developed for dynamic
subgraph embedding integration. Next, a graph information aggre-
gator is devised to merge graph information with the original
graph representations with weights. The final step in HCGCDM is
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to jointly leverage response records and heterogeneous concept
graph information to infer students’ mastery levels. We have con-
ducted several experiments on three real-world datasets to vali-
date the effectiveness of our proposal.

In summary, the contributions of this work are as follows:

e We propose to enhance cognitive diagnosis via LLM-driven
heterogeneous concept graph construction, which can automat-
ically mine complex interconnections among knowledge con-
cepts by using the power of LLMs.

e We present a heterogeneous concept graph modeling and
aggregation module that adaptively identifies essential sub-
graph features and integrates graph representations.

o Experimental results demonstrate the effectiveness of our pro-
posal, including prediction performance, analysis on different
LLMs, and analysis on the number of knowledge concepts.

The rest of the paper is organized as follows. Section 2 discusses
related works. Section 3 provides the problem definition and elab-
orates on the whole model. Section 4 introduces experiment set-
tings, and then illustrates and analyzes the results of the
experiments. Finally, Section 5 concludes the article and introduces
future prospects.

2. Related work
2.1. Cognitive diagnosis models

CD is a basic task in online education systems that aims to
assess students’ current proficiency levels regarding knowledge
concepts by analyzing their responses. Current CD methods are
mainly divided into non-deep learning-based and deep learning-
based models [4-7,15,17]. The most representative model with
non-deep learning is the IRT [4]. The core assumption of IRT is that
the relationship between students’ responses and their cognitive
level can be modeled by a continuous function. However, as this
assumption relies on complex mathematical formulations, IRT
and its variants are difficult to extend and lack interpretability.
Hence, deep learning-based CD methods have emerged. Wang
et al. [6] is the first to propose a neural network-based framework
(NCDM), which leverages neural networks for modeling complex
nonlinear interactions, thereby eliminating the dependence on
manually defined functions, such as IRT.

Following the previous survey [1], we categorize recent deep
learning-based CD works into the following scenarios: limited data
scenario [18-22], group-level scenario [23,24], and efficiency
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problem [25]. In the limited data scenario, there are works explor-
ing how to quickly diagnose the un-interaction students’ mastery
level [18,19]. In the group-level scenario [23,24], they tend to mine
the similarity among students at the group level. For efficiency
problems, the incremental cognitive diagnosis (ICD) [25] employs
an incremental CD method to update method. Furthermore, several
studies [8,26,27] concentrate on modeling interactive relation-
ships. HyperCDM [26] employs a hypergraph to mine homoge-
neous influence among students, exercises, and knowledge
concepts. ORCDF [8] designs a response-aware graph network that
captures the crucial response signals within the response graph.

2.2. CD methods based on hierarchical modeling

Attribute hierarchy presents the hierarchical relations between
knowledge concepts. CD methods based on attribute hierarchy are
a class of models under the hierarchical cognitive assumption
(HCA) [28]. HCA assumes that there are sequential relations
between two concepts. For instance, “addition” is the parent of
“arithmetic.” Intuitively, the mastery of “addition” is a prerequisite
for mastering the “four fundamental arithmetic operations.” There-
fore, HCA posits that the parent concept is a precondition for mas-
tering the child concept. Building on HCA, the hierarchical
cognitive diagnosis (HCD) [29] is proposed to model relations
between knowledge concepts into CD methods. However, it is
time-consuming. Hence, Li et al. [14] utilize a Bayesian network
to model students’ cognitive states in the attribute hierarchy.
Though previous methods consider the attribute hierarchy, the
attribute hierarchy solidifies the relationships between knowledge
concepts and eliminates the possibility of developing diversified
relations. Our work differs from the existing approaches in that
(D we break the hierarchical modeling and propose the heteroge-
neous concept graph to explore and model the complex relations
among knowledge concepts comprehensively; @ we propose a
complete pipeline to construct a heterogeneous concept graph
automatically without expert annotations; and @ we design a
module that models heterogeneous concept graphs and adaptively
learns to focus on essential subgraph features while aggregating
graph representations.

2.3. Graph representation

Graph representation is a technique used for converting graph
data into low-dimensional vector representations, preserving fea-
tures of nodes, edges, and overall structures to support down-
stream tasks such as node classification and link prediction [30].
With the development of deep learning, GNNs have become its
core tool, which can generate node embeddings by recursively
aggregating node and neighbor information, and can capture local
structures while understanding global structures through multi-
layer architectures [31]. Recently, researchers have proposed a
variety of improved models, such as graph convolutional networks
(GCNs) [32] and GATs [33], which have performed well in process-
ing complex data such as weighted graphs, dynamic graphs, and
heterogeneous graphs [34]|. Moreover, with the development of
LLMs, numerous studies have explored enhancing graph represen-
tations using LLMs [35,36].

3. Methodology
3.1. Definition

Task overview. Assume that there are students
S ={s1,52,..,5n}, exercises & = {ej,e,,...,ey}, and knowledge

concept C={cy,Cs,...,ck}. N denotes the total number of
students. M denotes the total number of exercises. K denotes

223

Engineering 63 (2026) 221-231

the total number of knowledge concepts. Denote
Res = {(s,e,y)|s€S,ec &,y {0,1}} as the set of response
records, where y is the response score, that is, 1 represents that
the student s answers the exercise e correctly and 0 otherwise.
Q-matrix presents the relationships between exercises and knowl-
edge concepts, defined as 2 = (qy),,, » Where q; = 1 if the exercise
i involves a knowledge concept j and q; = O otherwise.

Heterogeneous concept graph. We define knowledge concepts
and their relations as a heterogeneous concept graph. A heteroge-
neous concept graph consists of  finite triples
T ={(ci,1i,¢)[ci,c; € C,ri € #}, where % is the set of relations
among knowledge concepts. The heterogeneous concept graph is
also denoted as a directed graph ¢, where ¢ = (C, D), C is the node
set and D is the edge set. Next, we divide the ¢ into three sub-
graphs based on the different edge types #, denoted as ¥, %, %s.

Problem definition. Given a students’ response records Res, a
matrix 2 € R™*K and a heterogeneous concept graph %, the goal
is to obtain the mastery level of students on each knowledge con-
cept, denoted as Mastery € RV*K.

Table 1 lists the notations used in this paper.

3.2. Framework outline

As shown in Fig. 2, HCGCDM consists of two parts. In the hetero-
geneous concept graph construction module, we first select pairs of
highly similar knowledge concepts and identify interconnections
among them, and construct an accurate heterogeneous concept
graph through triple generation and triple evaluation with LLMs.
Then, we divide the heterogeneous concept graph into three sub-
graphs according to relation types. The heterogeneous concept
graph modeling and aggregation module comprises a subgraph
encoder, an adaptive selector, and a graph information aggregator.
We initially model three subgraphs based on different GNNs to
obtain the basic representations through the subgraph encoder.
Then, we develop an adaptive selector to identify the vital sub-
graph features dynamically. Using a graph information aggregator,
the knowledge concepts and exercise features are updated with
graph information. HCGCDM ultimately generates diagnostic pre-
dictions of students’ knowledge mastery levels based on response
records and graph information.

3.3. Heterogeneous concept graph construction

To enhance the interconnections among knowledge concepts,
we build a heterogeneous graph based on knowledge concepts,
referred to as the heterogeneous concept graph. This heterogeneous
concept graph not only enriches the interactions among knowl-
edge concepts but also visualizes the relations among them, which

Table 1

Major notations and definitions.
Notations Definitions
S=1{51,52,....,5N} N students
& ={eq,ez,....em} M exercises

C={cy,¢2,---,Ck}
Res = {(s,e,y)lscS,ec &,y {0,1}}

K2

K knowledge concepts
The set of response records
The heterogeneous concept graph

G1,%92,%93 Subgraphs of the prerequisite relation,
parallel relation, relation, and
synergistic respectively

T The finite edges in ¥

EK The external knowledge base related

to knowledge concepts

The final prompt in triple generation
step

The final prompt in triple evaluation
step
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Fig. 2. An overview of the HCGCDM framework.

provides valuable insights for the subsequent analysis of student
performance. In the heterogeneous concept graph, knowledge con-
cepts are represented as nodes, and relations among them are
described as edges. Since various types of relations between
knowledge concepts are difficult to acquire automatically, follow-
ing existing literatures [12,37-39], we focus on modeling three
representative types of relations in this study:

o If mastering knowledge concept a is necessary to master
another knowledge concept b, then there is a prerequisite rela-
tion between a and b.

e The parallel relation indicates that two knowledge concepts
exist at the same hierarchical level, such as “addition” and
“subtraction.”

e The synergistic relation is characterized by two knowledge con-
cepts that mutually enhance each other’s understanding and
application.

Though there are deep learning-based methods [11,12,39] to
explore the prerequisite relation, they fail to obtain triples involv-
ing the prerequisite relation without a training set. Moreover, cur-
rent methods lack automated frameworks to extract triples for
parallel and synergistic relations. Inspired by the powerful abilities
of LLMs [40,41], we propose leveraging LLMs to generate triples
across all three relation types.

Pair extraction. To accurately capture the relations among
knowledge concepts, we input pairwise knowledge concepts as

input to LLMs. Given that not all pairs are useful, and considering

the computational efficiency of LLMs when handling C2 pairs, we

devise the pair extraction step, which selects pairs that have a
higher likelihood of forming meaningful triples. Specifically, we
embed knowledge concepts with bert-base-nli-mean-tokens model
(the base model on huggingface) into vectors and compute their
cosine similarity. Concept pairs whose similarity exceeds a thresh-
old are identified as the potential candidates for relation detection
(Eq.(1)). Regarding the selection of the threshold, the value is deter-
mined by the model performance on the validation set.
Py = {(ci,¢)|sim(c;, ;) > 6}. (1)

0 refers to a predefined similarity threshold. Only sample pairs
(i, ¢;) whose similarity score sim(c;, ¢;) is larger than 0 are collected
into the set P;.

Triple generation. Considering that knowledge concepts have
different semantics, it may lead to misunderstanding if triples
are directly generated by LLMs using the prompt 2, and the
extracted pairs Py, as illustrated in Fig. 3(a). Hence, we exploit
RAG [42,43] to improve the reliability of generated content by
effectively utilizing external knowledge. For example, “mean” has
many meanings, but by utilizing the external knowledge of math-
ematics, it is obvious that “mean” generally refers to the average
number.
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Pyen & Pairs—Original Prompt for Triple Generation P—RAG Prompt for Triple Generation

return the result in list format:,
Input knowledge concepts:

| knowledge concept 1: {Input_kc1}, | Pairs
__knowledge concept 2: {Input_kc2}. | (P;)
Relation types:

higher-level goal,

Requirements:

Determine relationship type(s) using above definitions (multiple encouraged),
Output format must be a list of relationships in this structure:

[Source knowledge concept, Relation type, Target knowledge concept],
Return ‘no’ if no relationship exists.

Examples:

Question: Analyze the relationship between the following two knowledge concepts and

-Prerequisite: Exists when one knowledge concept is fundamental for understanding another,
-Parallel: Exists when two knowledge concepts are independent but serve a common

-Synergistic: Exists when two knowledge concepts complement and enhance each other.

‘ Knowledge concepts explanation:
| Related kc_1: explanation
| Related kc_2: explanation

Based on the explanation of the knowledge concept provided
above, answer the following question without explanation.

Question: Analyze the relationship between the following two
knowledge concepts and return the result in list format:
input knowledge concepts:

Relation types:
-Prerequisite: Exists when one knowledge concept is fundamental
for understanding another,

)

(@)

(b)

Fig. 3. The prompts of triple generation. (a) The original prompts 2., of triple generation. The green part represents Pairs; (b) the prompts of triple generation after RAG. The

orange part represents g .

Specifically, we first establish an external knowledge base EK
related to knowledge pairs to facilitate more accurate RAG, which
is sourced from knowledge concepts in web pages and mathemat-
ical knowledge bases. Using the embedding similarity based on the
bert-base-nli-mean-tokens model, we retrieve the top-k most rel-
evant knowledge 2 from EK. Finally, we use the retrieved exter-
nal knowledge, along with the extracted pairs and the original
prompt Z,., to form the final prompt # fed to the LLM, as shown
in Fig. 3(b):

yzygen@Pl@yKB (2)

where @ is the concatenation operation.

After the instructions 2 are fed into the LLM, it processes them
and generates the corresponding triples, denoted as
T1={(ci,1i.¢)lci,¢c; € C,1i € #}.

Triple evaluation. The quality of generated triples directly
influences the construction of a heterogeneous concept graph. To
guarantee the precision of triples obtained via triple generation,
again, we use an LLM to validate the effectiveness of triples. In this
step, we request the LLMs to analyze whether the triple in 77 is
correct to further enhance the credibility of the heterogeneous
concept graph using RAG, which follows a procedure similar to that

of triple generation. First, we calculate the similarity between the
input query and the external knowledge base EK under the encoder
bert-base-nli-mean-tokens model. Then, compared to the original
prompt Z.,,, the most relevant external knowledge k (the highest
similarity) 2y is retrieved. Then, the final prompt ' is composed
of the original prompt Z.,, (as shown in Fig. 4(a)), the external
knowledge #, and P, (triple), as presented in Fig. 4(b):

y/:yeva@Pz@y;(B (3)
The ultimate triples are denoted as

T ={(ci,1i,¢)|ci,¢; € C,1i € #}.

We treat each triple in .7 as an edge in the heterogeneous con-
cept graph %, thereby converting .7 into 4. On account of the dis-
tinct information of relation types, we decompose % into three
relation-specific subgraphs, denoted as %;,%,,%s, involving the
prerequisite relation, the parallel relation, and the synergistic rela-
tion, respectively.

3.4. Heterogeneous concept graph modeling and aggregation

Subgraph encoder. Owing to the distinct patterns of interac-
tion among knowledge concepts, we adopt dedicated GNN

P..a & Triple—Original Prompt for Triple Evaluation P'—RAG Prompt for Triple Evaluation

concepts:
 knowledge concept 1: {input_kc1},
knowledge concept 2: {Input_kc2},

relation: {relation}.

I Triple
I (P)

All relation types:
another,
higher-level goal,
Requirements:
concepts.

Consider whether this relationship is appropriate in an educational scenery.
Return ‘yes’ if the relationship exists, or ‘no’ otherwise.
\

Question: Please verify the validity of the following relationship between two knowledge

-Prerequisite: Exists when one knowledge concept is fundamental for understanding
-Parallel: Exists when two knowledge concepts are independent but serve a common
-Synergistic: Exists when two knowledge concepts complement and enhance each other. I

Determine whether the relation is logically applicable between these two knowledge

r-——-—=--=-=-=-=-==- = a
Knowledge concepts explanation:

Related kc_1: explanation
| Related kc_2: explanation

Based on the explanation of the knowledge concept provided above,
answer the following question without explanation.

Question: Please verify the validity of the following relationship between
two knowledge concepts:

. knowledge concept T: {Input_kc1},
knowledge concept 2: {Input_kc2},
cheiat@nzjrelation},

All relation types:
-Prerequisite: Exists when one knowledge concept is fundamental for

understanding another,

(a)

(b)

Fig. 4. The prompts of triple evaluation. (a) The original prompts Z., of triple evaluation. The green part represents Triple; (b) The prompts of triple evaluation after RAG. The

orange part represents Zg.
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architectures for each subgraph. Initially, we use a pretrained lan-
guage model (PLM) [44] to capture the semantic features of knowl-
edge concepts as the initial representations of nodes:

X; = PLM(text(c;)) (4)

In ¢, the prerequisite relation requires modeling varying con-
tributions of child concepts to their parent concepts, which is nat-
urally handled by two-layer GATs. Owing to the inherently
directed nature of prerequisite relations, where each child node
contributes varying levels of importance to its parent node, GAT
is employed to effectively capture these asymmetric dependencies.
Thus, the representations of the nodes in %; can be calculated as

h, = O'(/Z s - W1Xi>

(i)

()

_ exp(LeakyReLU (aT (Wx, [Wx; ) ))

- Eke ‘ mexp(LeakyReLU(aT(Wx,vHka)))
node i, o is the activation function, such as ELU (exponential linear
units). Wy is the learnable matrix.

In %,, the parallel relation benefits from the GCN’s neighbor-
hood aggregation, which captures the local structure similarity
among knowledge concepts. For example, “addition” and “subtrac-
tion” might both be connected to “arithmetic,” and GCN can lever-
age this to create more informative representations. Furthermore,
the GCN propagates information across layers to maintain this
hierarchical consistency, ensuring that parallel nodes are repre-
sented similarly. Thus the representations of the nodes in %, are
computed using

h, = a(ﬁf%ﬁﬁf% . W2x1>

where o is the set of neighbors of

(6)

where A =A +1 is the new adjacency matrix after the adjacency
matrix A has been added from the loop I D is the degree matrix

of A. W, is the learnable matrix.

In %5, for the synergistic relation, we adopt a CoAttention-GNN
[33,45] to characterize how two knowledge concepts enhance each
other’s understanding. The bidirectional flow inherent in the syn-
ergistic relation necessitates that our model accounts for propaga-
tion in both directions. This approach enables a more robust
capture of the synergistic information gain resulting from the
interaction. Thus the representations of the nodes in %; can be
obtained through:

Z o - Wi Xi| Z ot - W3oX; (7)

je N (i) Jjen (i)

h3W3~|:/

where 3. ;% - Wsx presents the forward flow and

e % - W32X means the backward flow.

Adaptive selector. Intuitively, distinct exercises focus on differ-
ent relation types. For instance, when students solve algebra prob-
lems, the prerequisite relations between knowledge concepts
contribute more significantly to addressing this issue. In other
words, different exercises exhibit varying dependencies on specific
subgraph structures. Therefore, we develop an adaptive selector to
automatically assign weights for subgraphs, enhancing the overall
representation of exercises. The weights for each graph are learned
through an attention network and used to compute a weighted
combination of the three subgraphs’ features, resulting in adap-
tively adjusted graph features. We first acquire the attention
weights of three subgraphs «; as follows:

__exp(f(hy)
> 1exp(f (hy))

where f(-) is an attention function.

(8)
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Then, we multiply subgraph features with their corresponding
weights to obtain the representation of a node h':

>

i=0

h = o - W4h,' (9)

Graph information aggregator. To organically integrate the
graph information into knowledge concepts and exercises, we
devise the graph information aggregator. The aggregator assigns
a weight p; to the graph information

t=0o(f - [W he])

where h. presents exercise attribute representations, such as exer-
cise difficulty representation hgir and exercise difference represen-
tation hgg.. f, is the linear layer. ¢ is the sigmoid activation
function.

Then, the representations with graph information are obtained:

(11)

(10)

h,=h.+u,oh

Hence, the final exercise difficulty representation hj; and exer-
cise difference representation hj;.. are obtained:

disc
e = hairr + 1y O W (12)
s = haise + W O

3.5. Model training

Following prior works [6,7,14], we employ deep-learning based
interaction function to predict the student’s response y;:

Vi =F2(0 0 (f(hs, hy) — hye) > hy.) (13)

where h; is the student’s representations and hy is the knowledge
concept representations. hj; and hj, are the exercise’s difficulty
and discrimination features. f,(-) and f(-) denote multilayer percep-
trons (MLP).

The loss function .# of HCGCDM is the CrossEntropy between

the output y; and the true label y;:

Y = - ZYilOgJA/i +(1 —}’i)l()g(l - yz) (14)

The pseudo-code of the whole method is shown in Algorithm 1.

Algorithm 1. The algorithm of HCGCDM

Input: Res: response records; Q: Q-matrix; t: epoch

Output : Mastery: students’ mastery level; y: the prediction
performance.

Obtain ¢ via heterogeneous concept graph construction
module;

fort=1,2, - tmax do

Obtain subgraphs %1, %,, %s;

Y1y = O'(Zjev(i)fxzj : Wl&');

Yy hz = U(ﬁf%ﬁﬁf% . WzX,‘);

Gy hy = W3- [ 355 % W o1&l e ) 0 - Wi

W =357 oo Wah;

yier = haier + 1y © B

hise = haisc + pp O W'

= / ’ .

Vi = Fa (hs, hgige, s );

& ==y yilogy; + (1 —yylog(1 - y;);

| Update parameters;

return Mastery and y.
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4. Experiments
4.1. Experimental setting

Datasets. We conduct experiments on three real-world data-
sets, including Assist2009-2010 [46], Junyi [47], and Math1 [48].
Following the literatures [14,15], for Junyi, we remove students
with fewer than 15 response records to guarantee the full interac-
tion. Then we randomly select 10 000 students and retain 666
knowledge concepts that are included in these students’ response
records. In order to demonstrate the scalability of our model, we
employ a larger dataset called XES3G5M [49]. The details of three
datasets are shown in Table 2.

Baselines. To fully validate the performance of HCGCDM, we
select several baselines for comparison:

e MIRT [5] is selected as the presentative model of traditional IRT.

e NCDM |[6] is a work that employs neural networks to model
interactive functions.

e RCD [13] is a relation map-driven CD model.

e KANCD [7] considers the knowledge concept association to
improve the prediction performance of students.

e HyperCDM [26] proposes a hypergraph cognitive diagnosis
model to capture the homogeneous influence and mitigate
over-smoothing.

e ISG-CD [27] aims to address the edge heterogeneity and edge
uncertainty that are overlooked in existing graph-based CD
models.

Implementation details. In the heterogeneous concept graph
construction module, for the selection of LLMs in triple generation
and validation, we use GPT-4o. In model training, we set learning
rate = 0.002; dim = 20 (the feature dimension). All experiments
are conducted using PyTorch 1.12.0 and on a GeForce RTX 3090
with 24 GB of random access memory (RAM). The value 0 in pair
extraction is determined by the model performance in the valida-
tion set.

Metrics. For the prediction performance task, we exploit the
common metrics to evaluate the performance of CD methods,
including area under the curve (AUC), accuracy (ACC), and mean
squared error (MSE) [1,14,15]. Following the literatures [1,6], we
adopt the prediction performance task, which aims to predict the
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students’ response to the exercise and validate the performance
of CD methods.

4.2. Prediction performance

As shown in Table 3, HCGCDM achieves superior performance
than other baselines on the Assist2009-2010 and Math1 datasets.
It concludes that a heterogeneous concept graph strengthens inter-
connections among knowledge concepts and enhances their inte-
gration with exercise representations, thereby improving the
accuracy of diagnosis. However, HyperCDM obtains better results
than HCGCDM on the Junyi dataset. We attribute the superior per-
formance of HyperCDM to the following two reasons: D In the
Junyi dataset, knowledge concepts and exercises are entirely iden-
tical, which causes interference in the graph construction and leads
to lower performance. For example, both the textual descriptions
of knowledge concepts and exercises are the same, such as count-
ing. @ HyperCDM leverages hypergraphs to uncover more rela-
tionships, thereby enriching the information. However,
HyperCDM suffers from a critical issue, excessive time consump-
tion, which hinders its practical application in online education.
For other baselines, the psychometrics-based method achieves
the worst results. In general, deep learning-based methods per-
form better than the psychometrics-based method (MIRT). This
might be due to the fact that MIRT's modeling is simplistic and
it's hard to fully capture the features of students, exercises, and
knowledge concepts.

4.3. Ablation study

To examine the usefulness of our proposal’s components, we
conduct an ablation study on the prediction performance task.
Specifically, as listed in Table 4, “w/o HCGC” denotes removing
the heterogeneous concept graph construction module. “w/o LLM”
denotes the generation of triples via with data-driven [37-39]
methods. “w/o AS” denotes the replacement of the adaptive selec-
tor with the average and “w/o GIA” represents replacing the graph
information aggregator with the average.

It reads from Table 4 that all components contribute positively
to overall performance, validating the effectiveness of the modules

Table 2

Dataset statistics.
Dataset Number of students Number of exercises Number of knowledge concepts Number of response records
Assist2009-2010 6647 13433 139 414438
Junyi 10000 666 666 510672
Math1 4209 20 11 58 665
XES3G5M 18066 7652 1175 6413352

Table 3

Results of prediction performance task on Assist2009-2010, Junyi, Math1, and XES3G5M datasets.
Model Assist2009-2010 Junyi Math1 XES3G5M

AUC ACC MSE AUC ACC MSE AUC ACC MSE AUC ACC MSE

MIRT 73.17% 70.06% 0.2029 76.65% 83.68% 0.1242 75.05% 68.60% 0.2063 79.48% 81.77% 0.1310
NCDM 76.74% 72.54% 0.1861 78.07% 83.12% 0.1232 79.36% 70.65% 0.1911 78.75% 81.06% 0.1357
RCD 77.95% 73.56% 0.1800 77.92% 84.20% 0.1204 80.32% 71.89% 0.1795 (e]0)% OOM OoOM
KANCD 78.08% 73.52% 0.1806 78.76% 83.66% 0.1221 77.20% 69.08% 0.2150 79.86% 82.14% 0.1282
HyperCDM 77.97% 73.45% 0.1786 80.23% 84.17% 0.1180 74.38% 67.28% 0.2062 (e]0)\Y 0O0OM OoOM
ISG-CD 76.12% 72.28% 0.2031 76.65% 83.22% 0.1315 79.72% 71.48% 0.1828 OOM OOM OOM
HCGCDM 78.47% 73.68% 0.1777 79.11% 83.82% 0.1206 81.00% 72.52% 0.1769 80.53% 82.04% 0.1285

Bold: best result; underline: second-best result. OOM means out of memory.
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Table 4

Ablation study results on the Math1 dataset.
Method AUC ACC MSE
HCGCDM 81.00% 72.52% 0.1769
w/o HCGC 79.36% 70.65% 0.1911
w/o LLM 80.84% 71.87% 0.1791
w/o AS 80.90% 71.98% 0.1785
w/o GIA 80.87% 72.13% 0.1792

Bold: best result.

proposed in HCGCDM. Evidently, owing to the powerful capabili-
ties of LLMs, generation using LLMs performs considerably better
than using data-driven methods by comparing HCGCDM with
“wfo LLM.” Furthermore, the adaptive selector dynamically
chooses subgraph features for each exercise, enhancing exercise
representations by adjusting feature weights. Notably, the metrics

Diverse
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concepts

Percent of

®
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; .
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Find fractions and
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drop the most after removing the heterogeneous concept graph
construction module (“w/o HCGC”). The considerable decline in
performance can be attributed to the fact that a heterogeneous
concept graph captures the complex interconnections among
knowledge concepts, thereby assisting in correctly inferring stu-
dents’ mastery levels.

4.4. Case study

As shown in Figs. 5(a) and (b), we provide a student’s mastery
level on knowledge concepts and a partial heterogeneous concept
graph to analyze the diagnosis results of HCGCDM. As shown in
Fig. 5(a), there is a prerequisite relation between percent of and
percent increase or decrease, thus the mastery level of percent of
is higher than percent increase or decrease. Moreover, though
there is no prerequisite relation between addition and subtraction
integers and subtraction whole numbers, the parallel relation leads
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Fig. 5. Case study on two datasets. (a) A case of a student on Assist2009-2010 datasets. (b) A case of a student on XES3G5M datasets. 117: understanding of odd and even
numbers; 108: application of odd and even numbers; 111: constructing numbers using parity rules; 340: understanding of decimals; 951: simple practical problems with

integers.
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to the similarity of the mastery level. Compared with NCDM, the
mastery level obtained by HCGCDM is more accurate than that of
NCDM. Furthermore, the heterogeneous concept graph and the
mastery level of knowledge concepts are able to provide some
valuable guidance. For example, this student has a relatively weak
grasp of percent increase or decrease and should focus on practic-
ing with related exercises in future learning. Similarly, as shown in
Fig. 5(b), application of odd and even numbers and constructing
numbers using parity rules share a common parent node under-
standing of odd and even numbers and have a synergistic relation.
Therefore, the student’s knowledge mastery of application of odd
and even numbers and constructing numbers using parity rules
should be very similar.

4.5. Analysis on different LLMs

In the heterogeneous concept graph construction module of
HCGCDM, LLMs can be replaced. In HCGCDM, we employ GPT-40
as the base LLM, abbreviated as HCGCDM-GPT. GPT-4o0 is a
closed-source LLM with huge parameters and has powerful abili-
ties. To explore the influence of LLMs’ ability on our proposal, we
employ Llama3-8B-Instruct with smaller parameters as the base
LLM in the heterogeneous concept graph construction module,
abbreviated as HCGCDM-Llama3. As presented in Table 5, the
results of HCGCDM-GPT are better than HCGCDM-Llama3, which
can be inferred that LLMs influence the diagnostic performance
by impacting the accuracy of constructing triples.

4.6. Analysis on the number of knowledge concepts

To investigate the impact of the number of knowledge concepts
on diagnostic performance, we compare the enhancement of AUC,
ACC, and MSE of our proposal with other baselines. For three data-
sets, we select the psychometrics-based method (MIRT) for
comparison.

As shown in Fig. 6, the enhancement of AUC, ACC, and MSE is
most obvious in Math1 (Math), followed by those in Assist2009-
2010 (Assist) and Junyi. The Math1 dataset contains fewer knowl-

Table 5

The results of different LLMs on the Assist2009-2010 dataset.
Method AUC ACC MSE
HCGCDM-GPT 78.50% 73.78% 0.1774
HCCGDM-Llama3 78.31% 73.36% 0.1796

[ Assist [ Junyi [ Math ] A

[ Assist [ Junyi [ Math ] A
ACC

Engineering 63 (2026) 221-231

edge concepts and less data than the other two datasets, leading to
limited information availability. Hence, the heterogeneous concept
graph construction enriches interactions, allowing models to uti-
lize the sparse data more effectively and improve the accuracy of
inference. By contrast, the Junyi dataset suffers from semantic
overlap between knowledge concepts and exercise descriptions,
leading to information redundancy during training. This funda-
mental data limitation leads to limited enhancement of the Junyi
dataset.

4.7. Analysis on different subgraph encoders

To further illustrate the importance of the subgraph encoder
adapted to the relation, we conduct additional experiments by
replacing the subgraph encoder. R1, R2, and R3 denote replacing
the subgraph encoders that model the prerequisite relation, paral-
lel relation, and synergistic relation encoders, respectively. For
instance, “HCGCDM-R1-GCN” replaces the original GAT-based pre-
requisite relationship encoder with a two-layer GCN while main-
taining the parallel and synergistic relation encoders unchanged.
As summarized in Table 6, our method achieves optimal perfor-
mance, indicating that the choice of subgraph encoder influences
the accuracy of cognitive diagnosis. We conclude that a GNN better
aligned to the relational characteristics can more effectively cap-
ture its features. For instance, GAT models the prerequisite rela-
tions by leveraging attention mechanisms to determine the
importance of different child nodes relative to a parent node,
thereby enabling more precise feature representation.

4.8. Examples of heterogeneous concept graph

As listed in Table 7, we provide some triples in the heteroge-
neous concept graph. The first and second rows of each relation

Table 6

Results of replacing the graph network on the Assist2009-2010 datasets.
Model AUC ACC MSE
HCGCDM-R1-GCN 78.18% 73.32% 0.1808
HCGCDM-R1-CoGNN 78.09% 73.28% 0.1810
HCGCDM-R2-GAT 78.13% 73.24% 0.1813
HCGCDM-R2-CoGNN 78.10% 73.33% 0.1807
HCGCDM-R3-GCN 78.16% 73.30% 0.1811
HCGCDM-R3-GAT 78.15% 73.24% 0.1807
HCGCDM 78.47% 73.68% 0.1777

Bold: best result.

[ Assist [ Junyi [ Math (] A
MSE
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Fig. 6. The improvement of HCGCDM compared with MIRT on three datasets.
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Table 7
Triples in the heterogeneous concept graph.

Engineering 63 (2026) 221-231

Relation type Head: knowledge concept

Tail: knowledge concept

Addition and subtraction fractions
Understanding of odd and even numbers

Prerequisite
relation
Parallel relation

numbers
Synergistic Formulate linear equation from points simple practical problems with
relation integers

Properties and classification triangles understanding of odd and even

Multiplication fractions

Application of odd and even numbers

Properties and classification quadrilaterals

Understanding of decimals

Formulate linear equation from points application of odd and even
numbers

are extracted from Assist2009-2010 and XES3G5M, respectively.
Notably, the prerequisite relation is defined as unidirectional,
while the other relations are bidirectional.

4.9. Limitations

In this study, although the description of HCGCDM is relatively
complete and comprehensive, and experiments demonstrate good
effectiveness, there are still some limitations that warrant consid-
eration. First, our current method expands relations among knowl-
edge concepts following existing studies, including the parallel,
synergistic, and prerequisite relations, but fails to automatically
extract relations. Moreover, the heterogeneous concept graph con-
struction module requires textual descriptions for each knowledge
concept, thereby restricting our approach to some datasets and
hindering its generalizability. In future studies, we expect to
achieve fully automated heterogeneous graph generation driven
by LLMs. Secondly, we use the two-stage RAG method for auto-
matic generation, including triple generation and triple evaluation,
to automatically build the heterogeneous concept graph. Neverthe-
less, there are still better multi- agent approaches, such as experi-
ential learning agent [50]. Finally, CD is influenced by numerous
factors that extend beyond answer history, including behavior data
such as time spent and facial expressions of students when
answering questions. However, owing to the limitations of dataset,
these factors are not incorporated into this study.

5. Conclusions

In this work, we propose HCGCDM, which improves the accu-
racy of CD by modeling knowledge concepts as a heterogeneous
concept graph to mine deep and complex connections. Specifically,
we design the heterogeneous concept graph construction module
to identify complex interconnections among knowledge concepts
automatically by LLMs. Through heterogeneous concept graph
modeling and aggregation, knowledge concepts and exercise rep-
resentations are incorporated with graph information.

We demonstrate the effectiveness of HCGCDM through several
experiments. By modeling the intricate interconnections between
knowledge concepts, the heterogeneous concept graph substan-
tially provides adaptive information for each triple by facilitating
the transfer of knowledge mastery levels and thereby improving
the accuracy of cognitive diagnosis. Ablation experiments demon-
strate that our proposal with the heterogeneous concept graph
performs marginally superior, achieving increases of 1.64% in
AUC and 1.87% in accuracy. Therefore, incorporating these prior
relationships is a necessary prerequisite for accurate assessment.

A promising direction for future studies is to explore additional
relations among knowledge concepts to further enhance the
explainability of CD. Moreover, with the development of online
education, more and more unseen exercises and knowledge con-
cepts have emerged. A critical challenge is how to diagnose the
mastery level of students without student-exercise interactions.
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