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 A B S T R A C T

Learning path recommendation involves generating sequences of learning objects that are 
adapted to learners’ needs, goals, abilities, and other factors through recommendation algo-
rithms. Reinforcement learning (RL) has become an important approach for this task; however, 
it primarily emphasizes recommending new knowledge concepts while neglecting the necessity 
of revisiting forgotten ones. To overcome this limitation, FKGRec is introduced as a learning 
path recommendation framework that incorporates forgetting factors and knowledge graph 
awareness. To address the forgetting problem, a novel method named MemGNN is proposed, 
which integrates forgetting and knowledge graph features and employs a graph neural network 
with a memory gate structure to predict both new and previously learned knowledge concepts at 
each learning step. To further optimize the sequencing of new and previously learned knowledge 
concepts, an action space is constructed based on knowledge concept prediction, taking learners’ 
cognitive states into account. An RL algorithm is then applied to recommend optimal learning 
paths by balancing new and previously learned knowledge concepts using a designed reward 
function. Experiments conducted on three datasets demonstrate that FKGRec surpasses existing 
state-of-the-art frameworks. A case analysis shows that the FKGRec framework can recommend 
learning paths that integrate new and previously learned knowledge concepts, aligned with 
learners’ current cognitive state and forgetting factors.

. Introduction

.1. Motivation

In recent years, recommendation systems have become prevalent across a wide range of domains, including social media 
latforms (such as LinkedIn, Facebook, and Twitter), e-commerce sites (such as Taobao and Amazon), and online video platforms 
such as Twitch, YouTube, and Netflix). These systems generally rely on users’ historical behavior data to provide personalized 
ecommendation services.
Matrix factorization is a commonly used collaborative filtering algorithm in recommendation systems. It estimates similarities 

etween users and items, and the algorithm is regarded as efficient and simple (Luo, Zhou, Li, & Shang, 2018; Ma, Huang, Tang, 
 Zhang, 2022; Mu & Yuan, 2024). Nevertheless, matrix factorization typically depends on static assumptions and has difficulty 
dapting to dynamic variations in user interests. To address this issue, deep learning (DL)-based recommendation methods have 
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Fig. 1. Schematic overview of the recommendation system model.

been developed (Li et al., 2025; Liu et al., 2022). With strong feature learning capabilities, these methods are able to capture 
more complex patterns of user–item interactions and integrate different types of auxiliary information to enhance recommendation 
performance (Cheng, Khalitov, Yu, Zhang, & Yang, 2023; Duan, Zhang, Qiu, & Huang, 2022; Guo & Zeng, 2023; Huang & Wang, 
2021; Sun et al., 2019; Wang, Xu, Yu, & Xu, 2020; Yuan, Tang, Yan, Hu, & Du, 2022). Although they have achieved notable 
success in modeling user interests, most DL approaches assume that such interests remain consistent over time, which limits 
their ability to reflect dynamic changes in user preferences. To overcome this challenge, DL and reinforcement learning (RL) 
are combined in recommendation systems. This integration enables dynamic adjustment of recommendation strategies through 
continuous interactions between users and items, thereby improving recommendation strategies through continuous interactions 
between users and items, thereby improving recommendation quality and user satisfaction (Sun, Zhuang, Zhu, He, & Xiong, 2021; 
Xu, Gao, Sheng, & Chen, 2021).

With the growth of online learning, an increasing number of researchers have attempted to apply recommendation algorithms 
in education to support learners through learning path recommendation (Ma et al., 2022, 2024; Mu & Yuan, 2024; Yun, Dai, An, 
Zhang, & Shang, 2024; Zhang, Hui et al., 2023; Zhang, Liu and Wang, 2023; Zhou, Huang, Hu, Zhu, & Tang, 2018). However, because 
learning path recommendation requires consideration of learners’ cognition as well as the relationships between subject knowledge 
concepts, existing recommendation algorithms  are often too complex to be directly applied for generating learning paths. Fig.  1 
compares a general recommendation system with a learning path recommendation system. Fig.  1(a) illustrates the model of a general 
recommendation system, whereas Fig.  1(b) depicts the model of a learning path recommendation system. From this comparison, 
three key differences emerge: (1) User modeling: a general recommendation system primarily emphasizes user preferences and 
interest features, which remain relatively stable in the short term. In contrast, a learning path recommendation model focuses 
on the learners’ cognitive state, which evolves continuously. (2) Item modeling: In a general recommendation system, items are 
typically classified, and there is no inherent sequence among them. In a learning path recommendation system, however, learning 
objects consist of multiple knowledge concepts, with prerequisite–successor relationships between them. Consequently, it is essential 
to model and constrain subject knowledge concepts effectively. (3) Recommendation objectives: In a general recommendation 
system, the objective is to satisfy users’ current preferences and interests, while in a learning path recommendation system, the 
objective is to recommend learning objects that maximize learners’ long-term outcomes. These objectives are fundamentally distinct.

The above analysis indicates that in the learning path recommendation task, learners’ cognitive states are dynamic, learning 
objects are organized, and the recommended sequence must aim to maximize learners’ long-term outcomes. Considering these 
characteristics, several studies have applied RL algorithms to learning path recommendation (Liu et al., 2019; Yun et al., 2024). 
In these approaches, the learners’ cognitive state is treated as the ‘‘environment state’’, the knowledge graph is used to construct 
the ‘‘action space’’, and a reward function is designed. By training the strategy network, learning objects are recommended to the 
learner at each step. However, from a practical perspective, such algorithms only recommend learning objects associated with new 
2 
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Fig. 2. Illustration of a recommended learning path.

knowledge concepts and are unable to include objects linked to forgotten concepts. Consequently, they do not address learners’ 
requirements for both review and exploration. Furthermore, an analysis of RL-based learning path recommendation frameworks 
shows that this limitation arises because the action space is generally defined using successor knowledge concepts in the knowledge 
graph, which prevents the action space from reflecting forgotten concepts. As a result, it becomes difficult to recommend a 
reasonable learning path. For example, consider the learning path illustrated in Fig.  2. A learner, 𝑇 𝑜𝑚, is studying a learning 
object containing both 𝑘4 (addition of integers) and 𝑘5 (subtraction of integers). During the learning process, the learner forgets 
𝑘1 (number recognition). If the forgetting factor is not incorporated and the action space is generated only from the knowledge 
graph at that point, it will include only the learning object associated with 𝑘6 (multiplication of integers). In contrast, when both 
the forgetting factor and the knowledge graph are considered, the action space should include learning objects related to both 𝑘1
(number recognition) and 𝑘6 (multiplication of integers). Therefore, it is necessary to reconstruct the action space by integrating 
the learners’ forgetting factor with the hierarchical relationships among knowledge concepts, enabling learners to revisit forgotten 
concepts at appropriate times and thereby ensuring more reasonable learning path recommendations. 

Based on this, FKGRec is introduced as a learning path recommendation framework that incorporates forgetting factors and 
knowledge graph awareness. The framework comprises four main modules—a data preparation module, a cognitive diagnosis 
module, a knowledge concept prediction module, and a decision-making module. Among these, the knowledge concept prediction 
module and the decision-making module are the central components of FKGRec. In the knowledge concept prediction module, 
a novel method named MemGNN is proposed, which integrates forgetting features with knowledge graph features. This method 
predicts the knowledge concepts to be studied at each step of the learning process, ensuring that both new and previously learned 
concepts are included, thereby expanding the coverage of the action space.  In the decision-making module, suitable learning 
objects—whether representing new or forgotten concepts—are selected from the current action space according to the learners’ 
cognitive state. A reward function is then designed, and an RL algorithm is applied to recommend a learning path that maximizes 
long-term outcomes. This approach ensures that forgotten knowledge concepts are revisited at appropriate times and that both new 
and previously learned concepts are recommended in a reasonable order, thereby maintaining the scientific validity of the learning 
path. 

1.2. Research objective and contributions

The main contributions of this study are summarized as follows:

• The FKGRec framework is proposed, which integrates knowledge concept prediction with RL algorithms to generate learning 
paths that address learners’ requirements for both review and exploration.

• To overcome the limitation that the action space does not capture forgotten knowledge concepts, a novel knowledge concept 
prediction method is introduced based on the MemGNN model. This method combines forgetting features with knowledge 
graph features, predicts knowledge concepts at each step of the learning process, and incorporates forgotten concepts into the 
action space.

• By considering the learning order of new and previously learned knowledge concepts, an RL algorithm is applied to recommend 
learning objects that maximize long-term benefits according to the learner’s cognitive state. This approach ensures that the 
recommended learning path follows a logical sequence for both new and previously learned knowledge concepts.

• The MemGNN method and the FKGRec framework are validated on three datasets, and the experimental results demonstrate 
that the MemGNN method achieves strong prediction performance. Meanwhile, the FKGRec framework surpasses all other 
state-of-the-art recommendation frameworks.
3 
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The remainder of this article is organized as follows. Section 2 reviews related work on recommendation technology and identifies 
the research problem. Section 3 defines key terminology and further clarifies the research problem. Section 4 introduces the FKGRec 
framework and describes its implementation in detail. Section 5 outlines the experimental design and presents the results. Section 6 
discusses the experimental findings. Section 7 concludes the study.

2. Related work

Learning path recommendation involves generating an ordered sequence of learning objects through recommendation methods 
that account for learners’ needs, goals, and abilities. Existing techniques for learning path recommendation have evolved through 
three main stages of development: approaches based on evolutionary algorithms, machine learning algorithms, and RL algorithms.

2.1. Learning path recommendation based on evolutionary algorithms

Evolutionary algorithms treat the learning path recommendation problem as a search optimization task. These methods embed 
learners’ prior knowledge into the evolutionary computation model, apply predefined heuristic rules and optimization strategies, 
and simulate the generation of learning paths by drawing on natural evolutionary mechanisms. The algorithms determine the 
search direction and iteratively produce the optimal path. Representative approaches include genetic algorithms (Hwang, Kuo, Yin, 
& Chuang, 2010), ant colony optimization algorithms (Vanitha & Krishnan, 2019), and differential evolution algorithms (Wang, 
Zhang, Chen, Wang, & Xu, 2022). For example, Kurilovas, Zilinskiene, and Dagiene (2014) improved an ant colony optimization 
algorithm and applied it to adaptive learning path recommendation, enabling learners to achieve their learning goals according 
to individual learning preferences. Similarly, Benmesbah, Lamia, and Hafidi (2023) proposed an enhanced genetic algorithm 
that recommends adaptive learning paths tailored to learners’ needs and contexts. This method reduced the search space and 
improved recommendation efficiency. Although evolutionary algorithms offer strong global search capabilities and can effectively 
identify optimal path combinations, their iterative processes are computationally expensive and unsuitable for real-time applications. 
Furthermore, because they rely on one-sided analysis and shallow modeling of learner needs, they are limited in accurately capturing 
personalized learning requirements, which restricts their effectiveness in practical recommendation systems.

2.2. Learning path recommendation based on machine learning

Machine learning algorithms address the learning path recommendation problem as a prediction task. By performing represen-
tation learning on large-scale educational data, they construct automated models capable of predicting appropriate learning paths. 
Machine learning approaches can be broadly divided into traditional methods and DL-based methods.

Traditional machine learning algorithms generally begin by clustering learners, followed by mining and analyzing implicit 
learning behavior patterns within different learner groups. Learning paths are then generated by identifying and referencing 
similar groups of learners. Commonly applied algorithms include association rule mining (Ma, Wang, Zhang, Liu, & Jiang, 2023), 
decision trees (Intayoad, Becker, & Temdee, 2017), and collaborative filtering (Mu & Yuan, 2024). For example, Ma et al. (2023) 
employed an association rule algorithm to extract sequences of knowledge concepts from learners’ data and then applied a swarm 
intelligence algorithm to align each concept with suitable learning objects, thereby supporting the generation of adaptive learning 
paths. Similarly, Mu and Yuan (2024) developed a knowledge concept rating matrix based on learners’ behavioral data, identified 
similar learner groups, and used the TransH model to embed the cognitive map into a vector space. An item-based collaborative 
filtering algorithm was subsequently applied to predict future scores of knowledge concepts, enabling personalized learning path 
recommendations. Traditional machine learning–based approaches are more objective and data-driven than evolutionary algorithms. 
These algorithms are characterized by simple models and fast training speeds. However, their data processing and model fitting are 
often rigid and lack flexibility, making them insufficient to meet the diverse learning needs of individual learners.

With the advancement of recommendation technologies, DL models have been increasingly adopted in learning path recom-
mendation owing to their strong representation learning capabilities. These models can effectively capture complex patterns and 
nonlinear relationships within learner behavior sequences. Typically, DL approaches formulate the learning path recommendation 
task as a prediction problem, aiming to build automated models by applying representation learning to large-scale learner behavior 
data. In recent years, DL algorithms, such as long short-term memory (LSTM), Transformer and GNN models have been applied 
to learning path recommendation. For example, Zhou et al. (2018) first clustered learners and then trained an LSTM model 
to predict learners’ complete learning paths and academic performance, subsequently selecting the most suitable path for each 
learner. Kang and McAuley (2018) proposed an attention-based sequential recommendation model that extracts relevant items 
from learners’ interaction histories, assigns weights to them, and predicts the next item in the sequence. Gu (2025) designed two 
graph attention models: one calculated learners’ preference for each feature of learning resources, while the other measured the 
correlation between user feature vectors and multiple learning resource sequences, thereby improving the accuracy of learning path 
recommendations. Zhang, Liu et al. (2023) constructed a multidimensional knowledge graph, enhanced the graph convolutional 
neural network, and evaluated the importance of learning resources through their features in the knowledge graph to better 
capture learners’ preferences and recommend learning paths. DL-based learning path recommendation algorithms demonstrate 
strong expressive power and are well suited for training on large-scale datasets. However, these algorithms typically generate a 
complete learning path that reflects only the learner’s initial cognitive state; they neglect the dynamic nature of cognitive states 
during the learning process. Changes arising from the new knowledge acquisition and forgetting alter cognitive states, yet static 
generation methods are unable to capture these changes or update learning paths in real time.
4 
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2.3. Learning path recommendation based on reinforcement learning

RL algorithms are particularly suitable for decision-making in dynamic environments (Lin, Li, Li, Chen, Liu et al., 2024; Lin, 
Li, Li, Chen and Wu, 2024). In the exploration phase, the agent interacts with the environment through an ‘‘observation-action-
feedback’’ loop, recording actions that maximize cumulative rewards to form a policy network. In the decision-making phase, the 
agent can directly sense the environment and make optimal long-term decisions without further exploration. Given the variability 
of learners’ cognitive states and the need to optimize long-term outcomes, RL algorithms have been applied to learning path 
recommendation (Liu, Wu, Chang and Gu, 2022; Xu et al., 2022).

In this context, the learning process is typically modeled as a Markov decision process (MDP), where the agent represents 
the recommender, the state corresponds to the learner’s cognitive state, and the recommended learning objects serve as actions. 
A pedagogically meaningful reward function is then designed to enable the agent to continuously optimize the learning path 
recommendation strategy. For environmental state computation, studies use either single-type or multi-type behavioral data. For 
example, Luo, Gu, Dong, and Zhou (2025) employed only learners’ historical behavior data and modeled the state with an LSTM 
network, whereas Ma et al. (2024) incorporated multi-source data, including knowledge backgrounds, learning preferences, and 
learning styles, and applied a multi-behavior Transformer with a knowledge graph for path recommendation.

Regarding action space definition, most research leverages knowledge graphs, where the successor knowledge concepts of the 
current concept constitute the action space (Liang, Mu, Chen, & Xie, 2022; Liu et al., 2019). To reduce the search space, Yun 
et al. (2024) constructed candidate sets of knowledge concepts based on predecessor-successor relationships in the knowledge 
graph, treating them as the action space at each step. The reward function is typically task-oriented, designed to reinforce desirable 
recommendation outcomes and guide policy learning.

Based on these studies, it is evident that knowledge graphs play a central role in organizing learning objects for path 
recommendation. Existing research generally defines the action space as the successor concepts of the current node, thereby 
constraining and guiding the recommendation process through graph structure.  However, this approach remains limited, as it 
primarily recommends new concepts while overlooking the review of forgotten ones. Consequently, current RL-based systems often 
fail to meet learners’ dual needs for review and exploration, largely due to action space design that neglects the forgetting factor.

To summarize, existing learning path recommendation methods increasingly integrate diverse features to enhance user modeling 
and better address learners’ needs. During path generation, there is also greater emphasis on dynamically perceiving the learning 
environment, allowing adaptive adjustment of learning paths. Nevertheless, most approaches neglect the role of forgetting, producing 
recommendations that emphasize new knowledge while disregarding the review of previously learned but forgotten content. In 
contrast, the proposed FKGRec framework incorporates forgetting factors with knowledge graph features to generate learning paths 
that balance the acquisition of new concepts with the review of prior knowledge, based on learners’ real-time cognitive states. The 
paths generated by FKGRec not only meet learners’ review requirements but also maintain the logical progression of both new and 
previously acquired knowledge.

3. Preliminary

3.1. Definition of terminology

Cognitive state: The cognitive state denotes the learner’s level of mastery over all knowledge concepts at a given time. Based on 
a learner’s historical learning record, knowledge tracing algorithms can predict mastery of all concepts at the next time step (Gan, 
Sun, Peng, & Sun, 2020). Formally, the cognitive state is represented as 𝐜 = [𝑐𝑘1 , 𝑐𝑘2 ,… , 𝑐𝑘

|𝐾|

], where 𝑐𝑘𝑖 ∈ [0, 1] indicates the 
probability that the 𝑖th knowledge concept is mastered.

Knowledge concept coverage: Knowledge concept coverage refers to the set of knowledge concepts associated with a learning 
object, denoted as . During the learning process, the coverage of a learner’s next learning object can be predicted using DL 
algorithms (Ma et al., 2022; Ren, Liang, Shang, & Zhang, 2023).

Knowledge graph: A knowledge graph is essentially a directed acyclic graph in which nodes represent knowledge concepts 
and edges represent relationships between them. Formally, a knowledge graph is defined as KG = (,), where  is the set of 
knowledge concepts and  is the set of relationships.

Learning goal: The learning goal is the knowledge concept a learner is expected to master in the course of learning, denoted as 
𝑡𝑎𝑟𝑔𝑒𝑡. The learning process is considered complete once the learner masters this concept.

Forgetting factor: Forgetting refers to the inability to recall or recognize previously learned material, or the occurrence of errors 
in recall or recognition, which can hinder learning efficiency. Since forgetting is an unobservable variable, it is typically inferred 
indirectly through observable indicators, referred to as forgetting factors in this study. Following the approach in Nagatani et al. 
(2019), forgetting is modeled as 𝜆 = [𝛥𝑡, 𝛥𝑠, 𝛥𝑟], where 𝛥𝑡 represents the time interval for revisiting the same concept, 𝛥𝑠 the time 
interval across concept sequences, and 𝛥𝑟 the number of times the same concept has been learned.

3.2. Problem formulation

The learning environment comprises multiple learners and learning objects. The learner set, denoted as  = {𝑠1, 𝑠2,… , 𝑠𝑖}, 
represents a group of learners. The learning object bank (LOB), denoted as  = {𝑙𝑜 , 𝑙𝑜 ,… , 𝑙𝑜 }, is a collection of learning 
1 2 𝑗
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Table 1
Key notations used in this study.
 Notations Description  
  = {𝑠1 , 𝑠2 ,… , 𝑠𝑖} Set of learner(s); 𝑚 is the number of learners, 𝑠𝑖 is the learner number  
  = {𝑙𝑜1 , 𝑙𝑜2 ,… , 𝑙𝑜𝑗} Set of learning object(s); 𝑛 is the number of learning objects  
  = {𝑘1 , 𝑘2 ,… , 𝑘

|𝐾|

} Set of knowledge concept(s); |𝐾| is the number of concepts  
 𝐥𝐨𝑗 = [𝑙𝑜𝑘1𝑗 , 𝑙𝑜𝑘2𝑗 ,… , 𝑙𝑜𝑘|𝐾|

𝑗 ] Vector representation of the 𝑗th learning object 𝐾𝑖 is the 𝑖th concept  
 𝑙𝑜𝑗 Learning object number  
 𝑑𝑖𝑓𝑙𝑜𝑗 Difficulty of learning objects 𝑙𝑜𝑗  
  = {𝑥1 , 𝑥2 ,… , 𝑥

|𝑣|} Complete learning records; |𝑣| is the length of the record, 𝑥
|𝑣| consists of 𝑠𝑖, 𝑙𝑜𝑗 , and 𝑏𝑖𝑗 , the value of 𝑏𝑖𝑗 is 0 or 1 

 𝐜 = [𝑐𝑘1 , 𝑐𝑘2 ,… , 𝑐𝑘
|𝐾|

] Knowledge mastery vectors of the learner  
 𝑡𝑎𝑟𝑔𝑒𝑡 Learning goal  
 𝐩 = [𝑝𝑘1 , 𝑝𝑘2 ,… , 𝑝𝑘

|𝐾|

] Knowledge concept coverage vector  
  Knowledge concept coverage set  
 𝐀𝐁 Adjacency matrix representation of the knowledge graph  
 𝜆 = [𝜆𝑘1 , 𝜆𝑘2 ,… , 𝜆𝑘

|𝐾|

] Forgetting vectors for the knowledge concept 𝑘𝑖  
  ={𝑙𝑜1 , 𝑙𝑜2 ,… , 𝑙𝑜𝑖} Learning path  
 𝐬𝐭𝐚𝐭𝐞 =[𝑠𝑖 , 𝑙𝑜𝑗 , 𝑡𝑎𝑟𝑔𝑒𝑡, 𝐜] Environmental state vector  
  Action space  
 𝑅 Aggregate reward  
 𝑅𝑠𝑡𝑒𝑝 Reward for the agent in the exploration phase  
 𝑅𝑓𝑖𝑛𝑎𝑙 Reward for the agent at the end of the exploration  

objects. Each learning object involves one or more knowledge concepts, represented as nodes in the subject knowledge graph, 
with antecedent and successor relationships between concepts. Learners generate historical learning records, denoted as 𝑠𝑖 =
{𝑥1, 𝑥2,… , 𝑥

|𝑣|}. Each learner sets a learning goal before beginning the learning process.
The task is to recommend a learning path  ={𝑙𝑜1, 𝑙𝑜2,… , 𝑙𝑜𝑖} step by step, based on the learners’ historical records  and 

learning goal 𝑡𝑎𝑟𝑔𝑒𝑡. The path should ensure that learners acquire new knowledge while reviewing previously learned content at 
appropriate times to mitigate forgetting. Ultimately, the objective of the learning path  is to maximize the learners’ overall 
achievement throughout the learning process.

A list of important notations used in this article is illustrated in Table  1, together with their descriptions, to aid readers in 
understanding the context.

4. Proposed FKGRec framework

In response to the above problem, the FKGRec framework has been developed, as shown in Fig.  3. The framework is composed 
of four main components: a data preparation module, a cognitive diagnosis module, a knowledge concept prediction module, and a 
decision-making module. The data preparation module provides the essential input for the framework. The cognitive diagnosis 
module, implemented with an LSTM model, dynamically tracks learners’ cognitive state over time.  The LSTM output is the 
probability that a learner has mastered each knowledge concept at moment 𝑡, denoted as 𝐜𝑡. The knowledge concept prediction 
module, powered by the MemGNN method, forecasts the knowledge concepts to be learned at each step. Its output is the probability 
of the occurrence of knowledge concepts at moment 𝑡, denoted as 𝐩𝑡. These two modules operate independently without direct 
interaction, and their outputs 𝐜𝑡 and 𝐩𝑡 jointly serves as inputs to the decision-making module. In this module, RL is employed 
to ensure a balanced sequence of new and previously learned knowledge in the recommended learning path. Specifically, 𝐜𝑡 and 
𝐭𝐚𝐫𝐠𝐞𝐭 define the environment state 𝐬𝐭𝐚𝐭𝐞𝑡, the action space 𝑡 is generated based on 𝐩𝑡, and corresponding rewards 𝑅𝑡 are designed. 
Through a dynamic RL interaction mechanism, the final learning path is generated.

4.1. Data preparation

In the data preparation module, the source data required for the FKGRec framework are analyzed and structured. The primary 
input data consist of historical learning records, forgetting representation data, and knowledge graph data. The preparation process 
involves several steps. First, the core elements of the learning environment, learners, learning objects, and knowledge concepts, 
are extracted and represented. Specifically, a learner is denoted as 𝑠𝑖, a learning object as 𝑙𝑜𝑗 , and a knowledge concept as 
𝑘𝑧. Since each learning object encompasses multiple knowledge concepts, the embedding of a learning object is represented as 
𝐥𝐨𝑗 = [𝑙𝑜𝑘1𝑗 , 𝑙𝑜𝑘2𝑗 ,… , 𝑙𝑜𝑘|𝐾|

𝑗 ]. Subsequently, the learner’s historical learning record, forgetting factors, and knowledge graph are 
modeled. The historical learning record is expressed as 𝑠𝑖 = 𝑥1, 𝑥2,… , 𝑥|𝑣|. The modeling of forgetting factors and the knowledge 
graph is detailed in Section 3.1.

4.2. Cognitive diagnosis module

Within the cognitive diagnosis module, LSTM models are widely applied to predict learners’ mastery of knowledge concepts and 
to monitor their cognitive states, and this approach has reached a relatively mature stage with high predictive accuracy (Ma et al., 
6 
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Fig. 3. The FKGRec framework comprises four modules: (1) the data preparation module, which analyzes and processes the source data; (2) the 
cognitive diagnosis module, which dynamically monitors learners’ cognitive states; (3) the knowledge concept prediction module, which forecasts 
the knowledge concepts learners should study at each step; and (4) the decision module, which generates learning path recommendations. 
Collectively, these modules enable the generation of personalized learning paths.

2022; Yun et al., 2024). These models are further employed for dynamically tracking learners’ mastery of knowledge concepts. The 
input to the LSTM model is the historical learning sequence 𝑠𝑖 = {𝑥1, 𝑥2,… , 𝑥

|𝑣|}, where each element 𝑥|𝑣| = (𝑠𝑖, 𝑙𝑜𝑗 , 𝑏𝑖𝑗 ) denotes a 
learner’s interaction with a learning object, and 𝑏𝑖𝑗 represents the learner’s score for that object (0 or 1). During model training, the 
parameters are updated from Eqs. (1) to (6). 

𝑖𝑡 = 𝜎(𝐖 𝑥𝑡 +𝐖 ℎ𝑡−1 + 𝐛 ), (1)
𝑥𝑖 ℎ𝑖 𝑖

7 
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𝑓 𝑡 = 𝜎(𝐖𝑥𝑓𝑥
𝑡 +𝐖ℎ𝑓ℎ

𝑡−1 + 𝐛𝑓 ), (2)

𝑜𝑡 = 𝜎(𝐖𝑥𝑜𝑥
𝑡 +𝐖ℎ𝑜ℎ

𝑡−1 + 𝐛𝑜), (3)

𝑐𝑒𝑙𝑙𝑡 = 𝑓𝑡𝑐𝑒𝑙𝑙
𝑡−1 + 𝑖𝑡 tanh(𝐖𝑥𝑐𝑥

𝑡 +𝐖ℎ𝑐ℎ
𝑡−1 + 𝐛𝑐 ), (4)

ℎ𝑡 = 𝑜𝑡 tanh(𝑐𝑒𝑙𝑙𝑡), (5)

𝐜𝑡 = 𝜎(𝐖𝑜𝐿𝑜
𝑡 + 𝐛𝐿). (6)

At time step 𝑡, the input gate 𝑖𝑡 (Eq. (1)) and the forget gate 𝑓 𝑡 (Eq. (2)), regulate the extent to which the previous cell state 
𝑐𝑒𝑙𝑙𝑡−1 is preserved and the amount of new information incorporated. The output gate 𝑜𝑡 (Eq. (3)) controls which parts of the 
current cell state are transferred to the hidden state ℎ𝑡. The cell state 𝑐𝑒𝑙𝑙𝑡 (Eq. (4)) is updated by combining the retained memory 
𝑓 𝑡𝑐𝑒𝑙𝑙𝑡−1 with the candidate information 𝑖𝑡 tanh(𝑊𝑥𝑐𝑥𝑡 + 𝑊ℎ𝑐ℎ𝑡−1 + 𝐛𝑐 ), thereby integrating past learning history with the present 
interaction. The updated cell state is then used to compute the hidden state ℎ𝑡 (Eq. (5)) through modulation by the output gate. 
Finally, the hidden state is passed to a fully connected layer with a sigmoid activation function (Eq. (6)) to generate the vector 𝐜𝑡, 
where each element corresponds to the predicted mastery level of a knowledge concept at time 𝑡. This sequence allows the model 
to continuously monitor learners’ knowledge states and forecast their subsequent performance. 

4.3. Knowledge concept prediction module

In this study, the action space of the RL-based learning path recommendation framework is defined by the successor knowledge 
concepts of the current ones in the knowledge graph. However, this approach overlooks concepts that the learner may have forgotten. 
To address this issue, the FKGRec framework incorporates a knowledge concept prediction module that combines forgetting features 
with knowledge graph features. Within this module, the MemGNN method is introduced to predict the knowledge concepts learners 
should study at each step. This ensures that the prediction encompasses both new and forgotten concepts, thereby broadening 
the coverage of the action space. The overall architecture of MemGNN, shown in Fig.  4, comprises four key layers—embedding, 
aggregation, update, and prediction.

4.3.1. Embedding layer
The embedding layer extracts forgetting features and knowledge graph features from historical learning records and converts 

them into a unified low-dimensional embedding representation. The knowledge graph node features are represented by two matrices, 
𝑊𝑥 and 𝑊𝑐 . Specifically, 𝑊𝑥 ∈ R𝑣×𝑑 encodes the knowledge concepts and score results of the historical learning objects, while 
𝑊𝑐 ∈ R2|𝑣|×𝑑 captures the embeddings of knowledge concepts from the current learning object. Furthermore, the forgetting features 
and knowledge graph features are represented by the matrices 𝑊𝑓  and AB, respectively.

4.3.2. Aggregation layer
The aggregation layer gathers the hidden states of the current knowledge concept together with those of its neighboring 

nodes. After aggregation, the embedding of each knowledge concept is updated to include more comprehensive graph structural 
information. For each knowledge concept 𝑘𝑖 in the knowledge graph, two cases are distinguished during aggregation. If 𝑘𝑖 belongs 
to the coverage set 𝑡 of knowledge concepts for the current learning object 𝑙𝑜𝑗 , the embedding vectors 𝐳𝑡𝑘𝑖  of 𝑘𝑖 at time 𝑡 is 
aggregated with the embedding vectors corresponding to 𝑡. Otherwise, the embedding vector of 𝑘𝑖 is aggregated directly with 
its own representation. As illustrated in Fig.  2, the learning object 𝑙𝑜𝑗 at time 𝑡 covers only knowledge concepts 𝑘4 and 𝑘5, therefore, 
𝑡 = {𝑘4, 𝑘5}. The embedding vectors of 𝑘4 and 𝑘5 are denoted as 𝐥𝑡, which serve as the input to the aggregation layer. The embedded 
hidden vector 𝐳𝑡′𝑘𝑖  of knowledge concept 𝑘𝑖 at time 𝑡 is then computed as shown in Eq. (7): 

𝐳𝑡′𝑘𝑖 =
{

[𝐳𝑡𝑘𝑖 , 𝐥
𝑡𝐖𝑥] 𝑘𝑖 ∈ 𝑡

[𝐳𝑡𝑘𝑖 ,𝐖𝑐 (𝑘𝑖)] 𝑘𝑖 ∉ 𝑡
, (7)

where 𝐖𝑥 and 𝐖𝑐 are knowledge concept embedding matrices, and 𝐖𝑐 (𝑘𝑖) denotes the 𝑖th row of 𝐖𝑐 .

4.3.3. Update layer
The update layer involves two main processes: constructing the memory gate and defining the information propagation functions. 

The memory gate combines the forgetting vector 𝜆𝑡𝑘𝑖  at time 𝑡 with the embedded hidden vector 𝐳
𝑡′
𝑘𝑖
 of the knowledge concept 𝜆𝑘𝑖  to 

produce the embedded hidden vector 𝐦𝑡′
𝑘𝑖
 incorporating forgetting features. The information propagation function then integrates 

the adjacency matrix 𝐀𝐁 with the forgetting vector 𝜆𝑘𝑖  to update the embedding vector 𝐳𝑡+1𝑘𝑖
 of the knowledge concept 𝑘𝑖 for the 

next time step.
4.3.3.1. Construction of memory gate. Learners often forget knowledge during the learning process, and the memory gate in the 
neural network allows selective retention or forgetting of information, controlling information flow. For example, if a learner has 
8 
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Fig. 4. The overall architecture of the MemGNN model comprises five components: (1) Feature extraction, which obtains knowledge graph and 
forgetting features; (2) Embedding layer, transforming extracted features into a unified low-dimensional embedding; (3) Aggregation layer, which 
aggregates embeddings of each knowledge concept to generate rich graph structure information; (4) Update layer, fusing forgetting features with 
knowledge graph features; and (5) Prediction layer, which forecasts the knowledge concepts learners should study at each step.

Fig. 5. Structure of the memory gate.

forgotten the knowledge concept 𝑘1 in previous sessions and is currently studying 𝑘4 and 𝑘5, the absence of a memory gate may 
prevent the model from recognizing the forgotten state of 𝑘1, missing the opportunity for timely review. By introducing the memory 
gate, the model can assign greater weight to 𝑘1 in the historical state, reflecting it in the prediction results and supporting timely 
review.

In this study, inspired by the LSTM gate mechanism, a memory gate was constructed for the GNN model, with its structure 
shown in Fig.  5. The forgetting vectors of knowledge concept 𝑘𝑖 are first combined with the embedding vectors at times 𝑡 − 1 and 
𝑡, producing the embedded hidden vectors 𝐳𝑘𝑖𝑡−1 and 𝜆𝑘𝑖𝑡−1 after applying forgetting processing at these times. Then, 𝐳𝑘𝑖𝑡 and 𝜆𝑘𝑖𝑡
are input into the memory gate to generate the embedding of the forgetting vectors 𝐦𝑡′

𝑘𝑖
 for 𝑘𝑖, as shown in Eq. (8): 

𝐦𝑡′
𝑘𝑖

= tanh(𝐖2(𝐳𝑡−1𝑘𝑖
+ 𝜆𝑡−1𝑘𝑖

)⊗ (𝐳𝑡𝑘𝑖 + 𝜆𝑡𝑘𝑖 ) + 𝐛2), (8)

where 𝐖2 is the weight matrix and 𝐛2 is the bias term.
4.3.3.2. Design of the information propagation function. The information propagation function updates the representation of each 
node based on the aggregated features of its neighbors. In this study, two propagation functions are defined: 𝑓𝑠𝑒𝑙𝑓  and 𝑓𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟. 
The function 𝑓𝑠𝑒𝑙𝑓  handles information propagation for a knowledge concept 𝑘𝑖 that belongs to 𝑡, considering only the forgetting 
feature of 𝑘𝑖 and ignoring its knowledge graph features. The function 𝑓𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟 propagates information from a knowledge concept 
𝑘𝑖 to its neighbor nodes 𝑘𝑗 , incorporating both the forgetting vector 𝜆𝑡𝑘𝑖  and the adjacency matrix AB to update the embeddings of neighboring nodes. Eq. (9) defines these information propagation functions: 

⎧

⎪

⎨

⎪

𝑓𝑠𝑒𝑙𝑓 (𝐦𝑡′
𝑘𝑖
) = 𝐖2𝐦𝑡′

𝑘𝑖
+ 𝐛2, 𝑘𝑖 ∈ 𝑡

𝑓𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟(𝐳𝑡
′

𝑘𝑖
, 𝐳𝑡′𝑘𝑗 ) = 𝐀𝐁𝑘𝑖 ,𝑘𝑗𝑓1([𝐳

𝑡′
𝑘𝑖
, 𝐳𝑡′𝑘𝑗 ]) + 𝐀𝐁𝑘𝑗 ,𝑘𝑖𝑓2([𝐳

𝑡′
𝑘𝑖
, 𝐳𝑡′𝑘𝑗 ]) + 𝑓3(𝜆𝑡𝑘𝑖 ), 𝑘𝑖 ∉ 𝑡 , (9)
⎩
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Fig. 6. Internal architecture of the reinforcement learning module.

where 𝑓𝑠𝑒𝑙𝑓 , 𝑓1, 𝑓2 and 𝑓3 are MLP.
The embedding vector of a learner’s knowledge concept at moment 𝑡 + 1 is computed as shown in Eq. (10): 

𝐳𝑡+1𝑘𝑖
=

⎧

⎪

⎨

⎪

⎩

𝑓𝑠𝑒𝑙𝑓 (𝐦𝑡′
𝑘𝑖
) 𝑘𝑖 ∈ 𝑡

𝑓𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟(𝐳𝑡
′

𝑘𝑖
, 𝐳𝑡′𝑘𝑗 ) 𝑘𝑖 ∉ 𝑡.

(10)

4.3.4. Prediction layer
The prediction layer takes the knowledge concept embedding vector 𝐳𝑡+1𝑘𝑖

 as input to the MLP and produces the probability of 
each knowledge concept occurring at moment 𝑡 + 1. This output is represented by the knowledge concept coverage vector 𝐩𝑡+1, 
calculated using Eq. (11): 

𝐩𝑡+1 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝐖𝑜𝑢𝑡𝐳𝑡+1𝑘𝑖
+ 𝐛𝑜𝑢𝑡). (11)

Since knowledge concept prediction is formulated as a binary classification task, the loss function is calculated using the negative 
log-likelihood, as defined in Eq. (12): 

 = 𝑁𝐿𝐿𝐿𝑜𝑠𝑠(([1 − 𝐩𝑡+1,𝐩𝑡+1]),𝐩𝑡), (12)

where 𝐩𝑡+1 represents the probability of a knowledge concept occurring, and [1 − 𝐩𝑡+1,𝐩𝑡+1] provides a binary categorical 
representation indicating the presence or absence of the knowledge concept, where 0 denotes absence and 1 denotes presence.

4.4. Decision-making module

Since learning paths include both new and previously learned knowledge concepts that require a coherent learning sequence, a 
decision-making module is incorporated, and RL is employed to recommend learning paths. Fig.  6 presents the internal structure of 
the RL framework. The learner’s cognitive state and learning goals are treated as the ‘‘environment state’’, while relevant learning 
objects are filtered from the LOB to form the ‘‘action space’’ based on predicted knowledge concepts. A reward function is defined 
for both the learning process and the completion phase, enabling the policy network to be trained to recommend optimal learning 
paths.

4.4.1. Environmental state
The learning environment evolves as learners interact with learning objects. In this study, the environmental state is defined as 

𝐬𝐭𝐚𝐭𝐞𝑡 = [𝑠𝑡𝑖, 𝑙𝑜
𝑡
𝑗 , 𝑡𝑎𝑟𝑔𝑒𝑡, 𝐜

𝑡], where 𝑠𝑡𝑖 and 𝑙𝑜𝑡𝑗 represent the learner and the learning object at time 𝑡, respectively. The feature values of 
these variables are directly obtained from the learning environment. The term 𝑡𝑎𝑟𝑔𝑒𝑡 denotes the learning goal set by each learner 
before starting the learning process, which may differ among learners. 𝐜𝑡 indicates the learner’s mastery of knowledge concepts at 
time 𝑡, calculated according to the method outlined in Section 4.2.
10 
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Fig. 7. Process of generating the action space based on predicted knowledge concepts.

4.4.2. Action space
Fig.  7 illustrates the process of generating the action space. Using the knowledge concept prediction results, the specific 

knowledge concepts that the learning object should include at the next step are computed via Eq. (13) and stored in the set 𝑡+1. 
For example, in Fig.  7, 𝑡+1 = 𝑘1, 𝑘6. 

𝑡+1 = {𝑘𝑖 ∣ 𝑝𝑡+1𝑘𝑖
≥ 0.7}, (13)

Based on the knowledge concepts contained in the set 𝑡+1, the corresponding learning objects are selected from the learning 
resource library  to construct the candidate set of learning objects, denoted as 𝑡+1. The computation is expressed in Eq. (14): 

𝑡+1 = {𝑙𝑜𝑡+1𝑗 ∣ 𝑙𝑜𝑡+1𝑗 ∈ , 𝑘𝑖 ∈ 𝑡+1, 𝛺𝑙𝑜𝑗 ≤ 𝛺TOPN}, (14)

where 𝑙𝑜𝑡+1𝑗  represents the candidate learning objects at time 𝑡 + 1, and 𝛺TOPN  denotes the top 𝑁 eligible learning objects in the 
set 𝑡+1. The candidate set of learning objects generated at each step serves as the action space for the RL process, supporting the 
execution of subsequent recommendation tasks.

4.4.3. Reward function
The reward function is a central component for optimizing the agent’s policy. It enables the agent to quantify task achievement 

and guides action selection through goal-directed feedback. During exploration, the reward provides positive or negative feedback 
for the agent’s decisions, allowing its policy to be progressively adjusted and optimized. Additionally, the reward helps the agent 
balance exploration and exploitation, thereby promoting the formation of a long-term optimal policy.

Conventional RL-based adaptive learning path recommendation frameworks assign rewards only at the end of exploration. This 
delayed and sparse reward structure can lead to arbitrary choices during early exploration and result in unstable performance. 
Drawing on the concept of reward shaping (Zhang, Weng, Zhou, Zhang, & Huang, 2022), this study enhances the reward function 
by assigning rewards both at each step and at the end of the learning process. This approach ensures the effectiveness of the adaptive 
learning path and improves the agent’s stability during exploration. The return function is defined in Eq. (15): 

𝑅𝑡 = 𝛼∗𝑅𝑡
𝑠𝑡𝑒𝑝 + 𝛽∗𝑅𝑡

𝑓 𝑖𝑛𝑎𝑙 , (15)

where 𝑅𝑡
𝑓 𝑖𝑛𝑎𝑙 denotes the reward obtained at the end of the learning process, and 𝑅𝑡

𝑠𝑡𝑒𝑝 denotes the reward received at each step 
during the agent’s exploration. During exploration, setting 𝛼 = 1, 𝛽 = 0, and 𝑅𝑡 = 𝑅𝑡

𝑠𝑡𝑒𝑝, representing the reward obtained at each 
exploration step. Upon completion of the exploration, setting 𝛼 = 0 and 𝛽 = 1 results in 𝑅𝑡 = 𝑅𝑡

𝑓 𝑖𝑛𝑎𝑙, representing the reward for 
achieving the target knowledge concept.
4.4.3.1. End-of-learning process rewards. In industrial and gaming contexts, researchers often assign fixed values (e.g., 0 or 1) to 
guide agents in developing an optimal policy. However, such an approach is unsuitable for complex educational scenarios, where 
online learning environments must account for the alignment between learners and learning resources. Following the approach 
in Liu et al. (2019), the reward for learning outcomes is defined based on the improvement in learners’ performance throughout 
the learning process, calculated as shown in Eq. (16): 

𝑅𝑡
𝑓 𝑖𝑛𝑎𝑙 =

|N|
∑

𝑡
𝛾 𝑡
(

𝐸𝑒 − 𝐸𝑠
𝐸𝑠𝑢𝑝 − 𝐸𝑠

)𝑡
, (16)

where 𝐸𝑠 denotes the learner’s initial score, 𝐸𝑒 represents the score at the end of the learning process, 𝐸𝑠𝑢𝑝 is the total possible score 
of all learning objects, and 𝛾 is the discount factor, typically set to 0.99.
11 
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4.4.3.2. Rewards during the learning process. Rewards for the agent are defined based on the difficulty of each learning object during 
the exploration phase. Since a learning object’s difficulty reflects the cognitive load and challenge experienced by learners, the 
reward signal captures the underlying effort and educational value, rather than merely indicating task completion. When the agent 
selects a learning object whose difficulty closely matches the learner’s expected level, a high reward is assigned, calculated as shown 
in Eq. (17): 

𝑅𝑡
𝑠𝑡𝑒𝑝 = 1− ∣ 𝛿 − 𝑑𝑖𝑓 𝑡

𝑙𝑜𝑗
∣, (17)

where 𝛿 denotes the learner’s expected difficulty level, and 𝑑𝑖𝑓 𝑡
𝑙𝑜𝑗

 denotes the difficulty of the learning object 𝑙𝑜𝑗 at time step 𝑡.

4.4.4. Policy network
The Actor–Critic algorithm in RL is employed to generate adaptive learning path recommendations. The algorithm comprises two 

neural networks: the policy network (Actor) and the value network (Critic). The policy network is responsible for selecting learning 
objects from the candidate set based on the learner’s current state, while the value network evaluates the quality of the selected 
items. Through their dynamic interaction, the policy network is trained. Once trained, the policy network retains the learning objects 
that yield the highest expected cumulative reward 𝑅𝑡 for each learning state, as detailed in Algorithm 1.

In summary, the environment state continuously monitors changes in the learner’s cognitive state, the action space generates 
candidate learning objects based on this state, and the reward function measures the match between the learner’s cognitive state 
and the difficulty of the recommended items. By receiving feedback from the environment and updating its parameters via a policy 
optimization algorithm, the policy network iteratively refines the recommendation strategy, ultimately establishing a mechanism 
for learning path recommendations that optimizes long-term learning outcomes. 

Algorithm 1: Actor–Critic training algorithm.
Input : Obtain the subject knowledge graph

1 Initialize policy network 𝜋, Critic network 𝑉 , total number of training episodes 𝑇 , experience replay buffer 𝐃;
2 for episode ← 1 to 𝑇  do
3 𝐬𝐭𝐚𝐭𝐞𝑡, 𝑑𝑜𝑛𝑒𝑡 ← 𝑟𝑒𝑠𝑒𝑡();
4 while 𝑑𝑜𝑛𝑒𝑡 is 𝑓𝑎𝑙𝑠𝑒 do
5 Calculate 𝑡+1 // by Equation (14);
6 𝑟 randomly;
7 if 𝑟 < 𝜖 then
8 𝑎𝑡 ← random action from 𝑡+1;
9 else
10 𝑎𝑡 ← 𝜋(𝐬𝐭𝐚𝐭𝐞𝑡, 𝜃,𝑡+1);
11 end
12 𝐬𝐭𝐚𝐭𝐞𝑡+1, 𝑅𝑡+1, 𝑑𝑜𝑛𝑒𝑡+1 ← 𝑠𝑡𝑒𝑝(𝑎𝑡)// 𝑅𝑡+1 Calculate by Equation (16);
13 Put {𝐬𝐭𝐚𝐭𝐞𝑡, 𝑎𝑡, 𝐬𝐭𝐚𝐭𝐞𝑡+1, 𝑅𝑡+1} into 𝐃;
14 Sample batch {𝐬𝐭𝐚𝐭𝐞𝑡, 𝑎𝑡, 𝐬𝐭𝐚𝐭𝐞𝑡+1, 𝑅𝑡+1} from 𝐃;
15 for each sample in batch do
16 𝑡 ← 𝑅𝑡+1 + 𝛾

(

𝐬𝐭𝐚𝐭𝐞𝑡+1, 𝑤
)

− 
(

𝐬𝐭𝐚𝐭𝐞𝑡, 𝑤
)

// The TD-ERROR loss ;
17 Update Critic network: 𝑤 ← 𝑤 + 𝜇𝑤∇𝑤𝑉 (𝐬𝐭𝐚𝐭𝐞𝑡, 𝑤);
18 Update policy network: 𝜃 ← 𝜃 + 𝜇𝜃∇𝜃 ln𝜋(𝑎𝑡|𝐬𝐭𝐚𝐭𝐞𝑡, 𝜃);
19 end 
20 𝑡 ← 𝑡 + 1;
21 end 
22 end 
Output: Trained policy network 𝜋

5. Experiments

The evaluation of the FKGRec framework was conducted in four stages. First, validation experiments were performed using both 
a public dataset and a real-world dataset. Second, the framework was compared against state-of-the-art baseline methods. Third, 
the outcomes of these comparison experiments were analyzed in detail. Finally, case studies were conducted to further illustrate 
and support the experimental results.

5.1. Experimental settings

5.1.1. Datasets and data processing
The ASSISTments0910 dataset is a publicly available dataset from the ASSISTments 2010 system. It contains information such 

as learner ID, learning object ID, knowledge concept ID, the mapping between learning objects and knowledge concepts, and 
12 



Y. Fan et al. Information Processing and Management 63 (2026) 104393 
Table 2
Summary of detailed information for the three datasets.
 Dataset Concepts Students Exercises Records  
 ASSISTments0910 43 2259 8020 198,979  
 Adaptive learning system 132 266 470 42,401  
 Junyi 184 50,732 240 4,198,115 

Table 3
Computation of feature values.
 Feature dimension ASSISTments0910 dataset Adaptive learning system dataset Junyi  
 Knowledge concepts 𝑠𝑘𝑖𝑙𝑙_𝑛𝑎𝑚𝑒 𝑘𝑛_𝑖𝑑 𝑒𝑥𝑒𝑟𝑐𝑖𝑠𝑒  
 Knowledge 
graph features

Relationships 
between knowledge 
concepts

Manually construct the subject 
knowledge graph; map learning 
objects to the graph; identify 
relationships; normalize

Load graph from the system; map 
learning objects to the graph; 
identify relationships; normalize

Load graph from the system; 
map learning objects to the 
graph; identify relationships; 
normalize

 

 Time intervals for 
the same knowledge 
concept

Compute time difference between 
the 𝑝𝑟𝑜𝑏𝑙𝑒𝑚_𝑠𝑡𝑎𝑟𝑡_𝑡𝑖𝑚𝑒 of the same 
concept; normalize.

Compute time difference between 
𝑠𝑡𝑎𝑟𝑡_𝑎𝑛𝑠_𝑡𝑖𝑚𝑒 of the same 
knowledge concept; normalize

Compute the time difference 
between 𝑡𝑖𝑚𝑒_𝑑𝑜𝑛𝑒 of the same 
concept; normalize

 

 Forgetting 
features

Sequential time 
intervals

Compute the difference between 
𝑝𝑟𝑜𝑏𝑙𝑒𝑚_𝑠𝑡𝑎𝑟𝑡_𝑡𝑖𝑚𝑒 of the current 
knowledge concept and the 
𝑝𝑟𝑜𝑏𝑙𝑒𝑚_𝑒𝑛𝑑_𝑡𝑖𝑚𝑒 of the previous 
knowledge concept; normalize

Compute difference between 
𝑠𝑡𝑎𝑟𝑡_𝑎𝑛𝑠_𝑡𝑖𝑚𝑒 of the current 
knowledge concept and 𝑐𝑟𝑒𝑎𝑡𝑒𝑑_𝑎𝑡
of the previous knowledge 
concept; normalize

Compute difference between 
𝑠𝑡𝑎𝑟𝑡_𝑎𝑛𝑠_𝑡𝑖𝑚𝑒 of the current 
knowledge concept and 
𝑡𝑖𝑚𝑒_𝑡𝑎𝑘𝑒𝑛 of the previous 
knowledge concept; normalize

 

 Number of times 
learned

Count learning objects 
corresponding to the same 
knowledge concept for each 
learner; normalize

Count learning objects 
corresponding to the same concept 
for each learner; normalize

Count learning objects 
corresponding to the same 
concept for each learner; 
normalize

 

 Difficulty features Computed according to Eq. (18)

timestamps. For this study, the dataset was preprocessed to focus on mathematics, removing records lacking knowledge concepts 
or those with fewer than 10 learner interactions. As the ASSISTments system does not provide a built-in knowledge graph, two 
experienced mathematics teachers manually constructed one for this experiment. Following data cleaning and alignment to reflect 
the logical relationships among knowledge concepts, the final dataset comprised 43 knowledge concepts, 2259 learners, 198,979 
interaction records, and 8020 learning objects.

The adaptive learning system dataset is sourced from our team’s self-developed adaptive learning system,1 which integrates a 
subject-specific knowledge graph during its development. For this study, data from the first three chapters of the C programming 
course were selected. The dataset was processed using the same cleaning procedure applied to the ASSISTments0910 dataset, yielding 
132 knowledge concepts, 266 learners, 42,401 interaction records, and 470 learning objects.

The Junyi dataset is publicly available2and includes logs from around 250,000 students with more than 25 million interactions. 
For this study, only algebra-related data were extracted. The dataset was processed using the same cleaning procedure applied to the 
ASSISTments0910 dataset, resulting in 184 knowledge concepts, 50,732 learners, 4,198,115 interaction records, and 240 learning 
objects. Table  2 presents a summary of the cleaned data across the three datasets. 

The extraction of knowledge graph features, forgetting features, and difficulty features is a necessary step for implementing the 
FKGRec framework. These features can be obtained by preprocessing the corresponding fields within the datasets, as summarized in 
Table  3. While knowledge graph and forgetting features can be computed through relatively straightforward procedures, estimating 
difficulty features is more challenging, since neither dataset provides explicit difficulty labels. Following the method proposed in 
the literature (Ren et al., 2023), difficulty values are therefore approximated using a calculation outlined in Eq. (18). 

𝑑𝑖𝑓 𝑡
𝑙𝑜𝑗

=

∑

|K|

𝑖=1(𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑖 ∣ 𝑙𝑜
𝑘𝑖
𝑗 == 1)

∑

|K|

𝑗=1 𝑙𝑜
𝑘𝑖
𝑗

, (18)

where |K| represents the total number of knowledge concepts in a course, 𝑙𝑜𝑘𝑖𝑗  refers to the 𝑖th knowledge concept associated with 
the learning object 𝑙𝑜𝑗 , and 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑖 indicates the accuracy of the 𝑖th knowledge concept.

5.1.2. Baseline frameworks
The proposed FKGRec framework is evaluated against the following baseline approaches:

1 http://120.53.238.22.
2 https://www.junyiacademy.org.
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• KU-CF (Mu & Yuan, 2024): This framework integrates collaborative filtering with a knowledge graph. It utilizes semantic 
information from the learner–item interaction matrix in conjunction with knowledge concepts to calculate similarities between 
learning objects, thereby facilitating learning path recommendations.

• LSTMPR (Zhou et al., 2018): This method first clusters learners based on their characteristics and then applies an LSTM model 
to predict their learning paths. Personalized learning paths are subsequently derived from these predictions.

• SASRec (Kang & McAuley, 2018): SASRec leverages a stacked multi-head self-attention mechanism combined with feedforward 
neural networks to model student exercise sequences. A single-layer Transformer is then employed to generate learning path 
recommendations.

• KCP-ER (Ma et al., 2022): KCP-ER uses deep knowledge tracing to infer learners’ cognitive states from historical learning 
records. A recurrent neural network then predicts the knowledge concepts each learner should study at each step, and exercises 
corresponding to these concepts are selected for recommendation.

• MulOER-SAN (Ren et al., 2023): This two-layer, multi-objective recommendation framework employs an attention mechanism 
to track learners’ cognitive states and generates sets of exercises with moderate difficulty for each recommendation step. The 
chaotic sparrow search algorithm is subsequently applied to refine the exercise set and produce personalized learning paths.

•  CSEAL (Liu et al., 2019): CSEAL combines RL with LSTM-based cognitive diagnosis and a knowledge graph for knowledge 
concept navigation. RL algorithms are then used to recommend tailored learning paths.

5.1.3. Parameter settings
The parameter configurations for the baseline frameworks follow the specifications reported in their original studies. For the 

FKGRec framework, the LSTM model uses a feature dimension equal to the number of knowledge concepts, with a hidden layer size 
of 32. In the MemGNN method, both the hidden layer and the embedding layer sizes are set to 32. The training process is conducted 
over 32 epochs with a batch size of 32. In the Actor–Critic model, each session concludes when the learner either completes the 
learning objective or reaches the maximum allowable learning duration. The Adam optimizer is applied across all models, with an 
initial learning rate of 0.01 and a decay factor of 0.5 every 200 steps. Dropout is set to 0.5 to mitigate overfitting, and the negative 
log-likelihood loss function is employed. All DL models are trained using 80% of the dataset for training, 10% for validation, and 
10% for testing, with experiments conducted using random data selection.

5.1.4. Evaluation metrics
The performance of the FKGRec framework is evaluated using four metrics: accuracy (Ma et al., 2024), effectiveness (Liu et al., 

2019), adaptivity (Ren et al., 2023), and diversity.

(1) Accuracy
Accuracy is employed to assess the correctness of node ordering within the recommended learning path sequence. In this 
study, precision, recall, and the F1 score are adopted to comprehensively evaluate this metric. The corresponding formulas 
are defined as follows: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛() =
|𝐿𝐶𝑆(𝑝𝑟𝑒𝑑 ,𝑎𝑐𝑡𝑢𝑎𝑙)|

|𝑝𝑟𝑒𝑑 |
, (19)

𝑅𝑒𝑐𝑎𝑙𝑙() =
|𝐿𝐶𝑆(𝑝𝑟𝑒𝑑 ,𝑎𝑐𝑡𝑢𝑎𝑙)|

|𝑎𝑐𝑡𝑢𝑎𝑙|
, (20)

𝐹1() = 2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

. (21)

where 𝐿𝐶𝑆 denotes the length of the Longest Common Subsequence between two sequences. 𝑝𝑟𝑒𝑑 refers to the predicted 
learning path sequence, 𝑎𝑐𝑡𝑢𝑎𝑙 indicates the actual learning path sequence, and | ⋅ | represents the sequence length.

(2) Effectiveness
Effectiveness serves as a key metric for evaluating the outcomes of a learner’s learning process. Its purpose is to measure the 
degree of improvement in the learner’s performance over the course of the learning process. It is expressed by Eq. (22): 

𝐸𝑝() =
𝐸𝑒 − 𝐸𝑠
𝐸sup − 𝐸𝑠

, (22)

where 𝐸𝑠 represents the learner’s initial score, 𝐸𝑒 denotes the final score, and 𝐸sup indicates the total attainable score across 
all learning objects. 𝐸𝑝() reflects the magnitude of performance improvement throughout the learning process.

(3) Adaptivity
Adaptivity evaluates the extent to which the recommended learning objects correspond to the learner’s current cognitive 
level. Its purpose is to determine how effectively the difficulty of each learning object aligns with the learner’s cognitive 
state. The metric is formulated in Eq. (23): 

𝐴𝑑𝑎𝑝𝑡𝑖𝑣𝑖𝑡𝑦() =

∑

|M|

𝑖=1(1− ∣ 𝛿 − 𝑑𝑖𝑓 𝑡
𝑙𝑜𝑗

∣)

∣ M ∣
, (23)

where 𝛿 denotes the learner’s target difficulty level, 𝑑𝑖𝑓 𝑡
𝑙𝑜𝑗

 represents the actual difficulty of the learning object 𝑙𝑜𝑗 at time 𝑡, 
and M is the total length of the learning path.
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Fig. 8. Results of the knowledge concept prediction methods.

(4) Diversity
Diversity evaluates the degree of repetitiveness among learning objects recommended within a learning path. Frequent 
recurrence of identical learning objects may result in learner disengagement and diminished interest. The metric is formulated 
as shown in Eq. (24): 

𝐷𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦() =

∑

𝑙𝑜𝑖∈
∑

𝑙𝑜𝑗∈ (1 − sim(𝑙𝑜𝑖, 𝑙𝑜𝑗 ))

∣ M ∣∣ M − 1 ∣
, (24)

𝑙𝑜𝑖 and 𝑙𝑜𝑗 denote the learning objects within a learning path, sim(𝑙𝑜𝑖, 𝑙𝑜𝑗 ) represents the cosine similarity between them, and 
M indicates the length of the learning path list.

5.2. Experimental results

5.2.1. Experimental results of the knowledge concept prediction methods
To evaluate the accuracy of MemGNN predictions and examine whether the predicted knowledge concepts at each recommenda-

tion step encompass both new and previously learned concepts, we first compare the performance of MemGNN with other knowledge 
concept prediction methods. Subsequently, the counts of new and previously learned knowledge concepts included in the predictions 
at each step are analyzed. Finally, ablation experiments are conducted to investigate the influence of forgetting factors.
5.2.1.1. MemGNN performance comparison. Fig.  8 presents the experimental results of the MemGNN method in comparison with 
three baseline approaches – LSTM (Wu, Li, Tang, & Liang, 2020), Transformer (Ren et al., 2023), and GNN – across three datasets. 
Two widely used evaluation metrics are employed: Accuracy (ACC) and the area under the ROC curve (AUC), which quantify the 
proportion of correctly predicted samples and aid in assessing model performance. In the figure, 𝛥 denotes the performance gap 
between the best and the second-best results for each dataset on both evaluation metrics. Based on Fig.  8, the following conclusions 
can be drawn:

(1) The MemGNN method surpasses all other approaches across all evaluation metrics. Specifically, on the ASSISTments0910 
dataset, the average improvements in ACC and AUC are 1.31% and 3.75%, respectively. On the adaptive learning system 
dataset, the corresponding improvements are 3.28% and 3.63%, while on the Junyi dataset, they are 3.23% and 2.40%. 
These findings confirm that MemGNN enhances the accuracy of knowledge concept prediction.

(2) A comparison of the LSTM and Transformer methods shows that the Transformer consistently outperforms the LSTM across 
all three datasets in both ACC and AUC metrics, indicating its superior capability in predicting knowledge concept coverage.

(3) A comparison between the GNN and MemGNN methods indicates that integrating forgetting features enhances algorithmic 
performance, suggesting that such incorporation improves the accuracy of knowledge concept prediction.

(4) A comparison of the GNN, LSTM, and Transformer models shows that the GNN consistently underperforms relative to the 
other two across all three datasets. This outcome may be attributed to the fact that the LSTM and Transformer models predict 
both new and previously learned knowledge concepts, whereas the GNN model predicts only new concepts.

(5) The ACC achieved with the adaptive learning system and Junyi datasets is higher than that of the ASSISTments0910 
dataset. This disparity arises because the ASSISTments0910 dataset originally lacked a knowledge graph, relying instead on a 
conventional ‘‘topic–knowledge concept’’ mapping. Although two experienced teachers later constructed a knowledge graph 
for this dataset, its initial structure was not fully aligned with graph representation, constraining the model’s ability to capture 
inter-concept relationships and reducing prediction accuracy. By contrast, the adaptive learning system and Junyi datasets 
were developed with embedded knowledge graphs, ensuring that their interaction data were inherently graph-based. This 
design enabled the MemGNN model to more effectively extract graph-structured information, integrate learners’ forgetting 
features, and thereby enhance prediction performance.
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Fig. 9. Counts of predicted knowledge concepts.

Table 4
Ablation experiment results.
 Model Acc

 ASSISTments0910 Adaptive learning system Junyi  
 MemGNN w/o MG 0.7292 0.7987 0.7856  
 MemGNN w/o IPF 0.7305 0.8171 0.8114  
 MemGNN w/o 𝛥𝑡 0.7348 0.8355 0.8466  
 MemGNN w/o 𝛥𝑠 0.7319 0.8325 0.8258  
 MemGNN w/o 𝛥𝑟 0.7353 0.8334 0.8352  
 MemGNN 0.7443 0.8568 0.8497 

5.2.1.2. Knowledge concept prediction analysis. Fig.  9 presents the average number of new and previously learned knowledge concepts 
predicted by FKGRec at each step across both datasets. The results demonstrate that FKGRec effectively captures forgotten concepts. 
Consequently, its predictions expand the coverage of knowledge concepts within the action space, enabling more comprehensive 
recommendations that encompass both newly introduced and previously acquired concepts.
5.2.1.3. Ablation experiments. To examine the influence of the core components of MemGNN and each forgetting factor on average 
ACC, a series of ablation experiments were conducted across three datasets to identify the key contributors to the model’s overall 
performance. Since MemGNN extends the GNN model by incorporating a memory gate structure and redesigning the information 
propagation function, the results in Fig.  8 indicate that MemGNN outperforms GNN in knowledge concept prediction. This highlights 
the importance of both the memory gate and the information propagation function. Accordingly, this study evaluates their individual 
contributions to average ACC. In Table  4, ‘‘MemGNN w/o MG’’ denotes the variant without the memory gate, and ‘‘MemGNN w/o 
IPF’’ represents the variant without the information propagation function. With respect to forgetting factors, ‘‘MemGNN w/o 𝛥𝑡’’ 
indicates the model variant without 𝛥𝑡, while ‘‘MemGNN w/o 𝛥𝑠’’ and ‘‘MemGNN w/o 𝛥𝑟’’ refer to variants excluding 𝛥𝑠 and 𝛥𝑟, 
respectively. The results in Table  4 form the basis for the following conclusions.

(1) Within the core components of the MemGNN model, both MemGNN w/o MG and MemGNN w/o IPF exhibit substantial 
performance degradation compared to the original MemGNN. These results demonstrate that the incorporation of the memory 
gate structure and the information propagation function contributes positively to improving ACC. Specifically, the memory 
gate enables the model to capture learners’ forgetting characteristics during the learning process, while the information 
propagation function facilitates the effective integration of forgetting features with knowledge graph features. Collectively, 
these components strengthen the model’s capability to accurately identify the knowledge concepts that learners should study 
at each step.

(2) Regarding the forgetting factors, the MemGNN model consistently outperforms its variants with any single factor removed 
across all three datasets. These findings indicate that each of the three forgetting factors contributes positively to the model’s 
performance, and eliminating any one of them leads to a decline in accuracy. Among the variants, MemGNN w/o 𝛥𝑠 exhibits 
the greatest performance loss, highlighting the substantial influence of 𝛥𝑠 (the time interval between knowledge concept 
sequences) on ACC. In contrast, MemGNN w/o 𝛥𝑡 and MemGNN w/o 𝛥𝑟 show comparatively smaller performance declines, 
suggesting that 𝛥𝑡 (the time interval of the same knowledge concept) and 𝛥𝑟 (the frequency of the same knowledge concept) 
also affect ACC, but to a lesser extent than 𝛥𝑠.

5.2.2. Comparative experimental results of the FKGRec framework
To assess whether constructing the action space from predicted knowledge concepts enhances the quality of learning path 

recommendations, the FKGRec framework was evaluated against baseline models. Furthermore, a case study was conducted on the 
learning paths generated by FKGRec to examine the sequencing of newly introduced and previously learned knowledge concepts.
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Table 5
Comparison of experimental accuracy results.
 Frameworks ASSISTments0910 Adaptive learning system Junyi

 Precision Recall F1 Precision Recall F1 Precision Recall F1  
 KG-CF 0.152 0.227 0.182 0.336 0.391 0.361 0.271 0.320 0.293  
 LSTMPR 0.211 0.189 0.199 0.383 0.365 0.374 0.322 0.284 0.302  
 SASRec 0.125 0.256 0.168 0.460 0.414 0.436 0.239 0.358 0.287  
 KCP-ER 0.189 0.166 0.177 0.436 0.397 0.416 0.253 0.357 0.296  
 MulOER-SAN 0.230 0.206 0.217 0.453 0.451 0.452 0.454 0.446 0.450  
 CSEAL 0.226 0.274 0.248 0.428 0.413 0.420 0.457 0.415 0.435  
 FKGRec (ours) 0.316 0.345 0.330 0.572 0.562 0.567 0.575 0.550 0.562  
 𝛥% 8.6% 7.1% 8.2% 11.9% 11.1% 11.5% 11.8% 10.4% 11.2% 

Table 6
Comparison of experimental results for effectiveness, adaptivity, and diversity.
 Frameworks ASSISTments0910 Adaptive learning system Junyi

 Effectiveness Adaptivity Diversity Effectiveness Adaptivity Diversity Effectiveness Adaptivity Diversity 
 KG-CF 0.305 0.582 0.684 0.327 0.611 0.679 0.349 0.604 0.604  
 LSTMPR 0.382 0.604 0.597 0.399 0.631 0.643 0.395 0.647 0.647  
 SASRec 0.428 0.695 0.699 0.418 0.753 0.792 0.432 0.749 0.749  
 KCP-ER 0.457 0.757 0.741 0.461 0.796 0.848 0.446 0.778 0.778  
 MulOER-SAN 0.471 0.769 0.746 0.494 0.809 0.851 0.501 0.813 0.854  
 CSEAL 0.432 0.731 0.757 0.456 0.763 0.867 0.454 0.767 0.859  
 FKGRec (ours) 0.518 0.796 0.768 0.533 0.832 0.872 0.530 0.847 0.868  
 𝛥% 4.7% 2.7% 1.1% 3.9% 3.3% 0.5% 2.9% 3.4% 0.9%  

Table 7
Comparison of the internal structures of the FKGRec and CSEAL frameworks.
 Frameworks Learning environment 

characterization
Action space RL algorithm 

 CSEAL Learning goal,
Cognitive state

Forming an action space using the set of successor knowledge 
concepts to the current knowledge concept in the knowledge graph 

Actor–Critic  

 FKGRec Learning goal,
Cognitive state

Forming an action space using knowledge concept prediction Actor–Critic  

5.2.2.1. Overall comparison. This section presents the comparison results of seven learning path recommendation frameworks 
evaluated on four metrics: accuracy, effectiveness, adaptivity, and diversity. The accuracy results are shown in Table  5, while Table 
6 reports the results for effectiveness, adaptivity, and diversity. The best results are highlighted in bold, and the second-best are 
underlined.

Several key findings are outlined below:

(1) The FKGRec framework achieves the highest performance in accuracy across all datasets. It also demonstrates substantial 
improvements over the best-performing baselines in effectiveness and adaptivity, although its advantage in diversity is 
less pronounced. Specifically, in terms of effectiveness, FKGRec surpasses the best baseline (MulOER-SAN) by 3.9%–4.7%, 
indicating a stronger ability to enhance learning outcomes. In terms of adaptivity, it outperforms MulOER-SAN by 2.7%–3.3%, 
suggesting that the recommended learning paths are more aligned with learners’ cognitive states. However, for diversity, 
FKGRec shows only marginal improvements (0.5%–1.1%) over the best baseline (CSEAL). This suggests that while RL–based 
approaches such as FKGRec and CSEAL are effective in improving diversity by expanding the range of recommended learning 
materials, FKGRec’s diversity advantage is relatively modest.
An additional observation concerns the diversity metric of the MulOER-SAN framework on the ASSISTments0910 dataset, 
which differs significantly from results reported in Ref. Ren et al. (2023). This discrepancy may arise from differences in 
data preprocessing. Earlier work removed only incomplete records and students with fewer than three interactions, while the 
present study applied stricter cleaning by excluding students with fewer than ten interactions and constructing a knowledge 
graph to refine relationships among concepts. These changes likely influenced the diversity outcomes.

(2) A comparison between the FKGRec and CSEAL frameworks shows that FKGRec performs better in terms of both effectiveness 
and adaptability. To interpret these findings, the study examines the internal structures of both frameworks (Table  7). While 
CSEAL and FKGRec share similarities in characterizing the learning environment and applying RL algorithms, they differ in 
how the action space is designed. CSEAL constructs its action space from successor knowledge concepts within the knowledge 
graph, which does not account for forgotten concepts. By contrast, FKGRec generates its action space through knowledge 
concept prediction, enabling the inclusion of forgotten knowledge in the recommendations. Revisiting forgotten concepts not 
only strengthens learners’ performance but also provides exercises of appropriate difficulty tailored to their cognitive state.
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Fig. 10. Comparison of the balance among evaluation metrics.

Table 8
Ablation study of the FKGRec framework.
 Framework ASSISTments0910 Adaptive learning system Junyi

 Precision Recall F1 Precision Recall F1 Precision Recall F1  
 FKGRec w/o CD 0.194 0.209 0.201 0.368 0.377 0.372 0.386 0.369 0.377 
 FKGRec w/o KCP 0.216 0.266 0.238 0.419 0.401 0.410 0.434 0.411 0.422 
 FKGRec w/o DM 0.201 0.257 0.226 0.389 0.395 0.392 0.416 0.398 0.407 
 FKGRec 0.316 0.345 0.330 0.572 0.562 0.567 0.575 0.550 0.562 

5.2.2.2. Balance comparison. High effectiveness in learning paths does not necessarily imply high adaptivity or diversity. To evaluate 
the trade-off among these three dimensions, 100 learning paths were randomly sampled from the test sets of each framework, 
and their metric values were visualized. Fig.  10 presents the scatter plots, where the X-, Y-, and Z-axes denote adaptivity, 
effectiveness, and diversity, respectively. The results show that, across the three datasets, the FKGRec framework yields more 
balanced performance, with learning paths distributed in more optimal regions than those of the baseline models.

5.2.3. Ablation experiments of the FKGRec framework
To examine the contribution of each core module in the FKGRec framework to average precision, recall, and F1 score, a series of 

ablation studies were performed across three datasets. As outlined in Section 4.2, FKGRec consists of four main modules: the data 
preparation module, the cognitive diagnosis module, the knowledge concept prediction module, and the decision-making module. 
The data preparation module was excluded from ablation since its role is to process raw learning logs and generate input data 
that satisfy the framework’s requirements. This function provides the foundation for all subsequent modules, and its removal would 
render the framework inoperable. Therefore, it was deemed unsuitable for ablation, as its focus is on data construction rather than 
algorithmic design.

For the remaining three modules, the following ablation settings were implemented:  (1) Without the cognitive diagnosis module 
(FKGRec w/o CD). The cognitive diagnosis mechanism is replaced with a simple historical interaction frequency as the learner model. 
This setting evaluates the value of incorporating fine-grained cognitive diagnosis. (2) Without the knowledge concept prediction 
module (FKGRec w/o KCP). In this variant, the model does not predict the next knowledge concept the learner should study. Instead, 
it generates a candidate set using the knowledge graph and randomly selects a concept. This setting examines the influence of the 
knowledge concept prediction module on recommendation performance.  (3) Without the decision-making module (FKGRec w/o 
DM). The RL strategy is substituted with a heuristic-based recommendation strategy. This experiment assesses the contribution of 
the adaptive decision-making mechanism.

As shown in Table  8, the complete FKGRec framework consistently outperforms all ablated variants across the three datasets, 
demonstrating that each core module plays a critical role in overall performance. Excluding any module leads to notable reductions 
in precision, recall, and F1 score. Collectively, the results validate the effectiveness of the three modules. The cognitive diagnosis 
module enhances recommendation quality through personalized cognitive modeling. The knowledge concept prediction module 
combines forgetting features and knowledge graph features to forecast both new and previously encountered knowledge concepts 
relevant to the learner’s current state, thereby improving focus and accuracy. The decision-making module applies an RL-based 
optimization strategy to generate pedagogically appropriate learning paths that balance new and prior knowledge. By optimizing 
recommendations across multiple rounds, it maximizes long-term learning gains and enhances overall outcomes. Together, these 
three modules operate synergistically to improve the adaptive recommendation capabilities of the FKGRec framework.
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Fig. 11. Impact of the number of new and previously learned knowledge concepts on FKGRec framework performance.  (For interpretation of 
the references to color in this figure legend, the reader is referred to the web version of this article.)

5.2.4. Analysis of the number of new and old knowledge concepts
A series of experiments was conducted on the Junyi dataset to examine how the number of new and previously learned knowledge 

concepts in the action space influences the performance of the FKGRec framework. The performance was evaluated using precision, 
recall, F1 score, effectiveness, and adaptivity.

The results were illustrated in Fig.  11. The blue bars indicate performance when 100% of new knowledge concepts are included, 
combined with 25%, 50%, 75%, and 100% of old knowledge concepts. The purple bars show performance when 100% of old 
knowledge concepts are included, combined with 25%, 50%, and 75% of new knowledge concepts. The red bars represent the 
baseline, where 100% of both new and old knowledge concepts are included. Based on these results, two main conclusions can be 
drawn: 

(1) Reducing the proportion of either new or old knowledge concepts leads to a decline in accuracy (precision, recall, F1) 
and adaptivity. The larger the reduction, the greater the performance degradation. This can be attributed to the fact that 
limiting the action space excludes potentially optimal knowledge concepts, with higher reductions increasing the likelihood 
of exclusion and, consequently, lowering accuracy and adaptivity.

(2) When the number of old knowledge concepts is reduced, effectiveness decreases, whereas reducing new knowledge concepts 
has little to no impact. This may be because a smaller set of old knowledge concepts hinders learners’ ability to review and 
reinforce forgotten material, thereby lowering academic performance. In contrast, new knowledge concepts are generated 
from the knowledge graph and follow the logical progression of knowledge. Therefore, selecting any new knowledge concept 
supports knowledge construction and contributes positively to learning outcomes.

5.2.5. Parameter analysis
To examine the influence of model parameters on training performance, this study conducted parameter analysis from three 

aspects: embedded dimension, hidden dimension, and reward function hyperparameter settings.
5.2.5.1. Embedding dimension and hidden dimension. In this study, the embedding and hidden dimensions of the RL model were 
varied within the range 16, 32, 64, 128, 256 to assess their impact on recommendation performance. As shown in Fig.  12, the 
model achieved optimal results at an embedding dimension of 32. Performance improved when the dimension increased from 16 
to 32, but declined at higher values. Similarly, Fig.  13 illustrates the effect of hidden layer dimensions. Performance improved 
as the hidden dimension increased from 16 to 32; however, further increases to 64, 128, and 256 led to consistent performance 
degradation, with a particularly sharp decline at 256.

This trend occurs because at low embedding and hidden dimensions, the RL model struggles to capture complex feature 
relationships within the data. Moderate increases enable the model to learn richer feature representations, thereby enhancing 
accuracy. However, excessively high dimensions cause overfitting, where the model captures noise and local patterns rather than 
generalizable features. In addition, larger dimensions increase the number of model parameters, raising training complexity and 
computational costs, which may result in instability and reduced performance.
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Fig. 12. Performance across different embedding dimensions on three datasets.

Fig. 13. Performance across different hidden dimensions on three datasets.

Fig. 14. Results under different hyperparameters across three datasets.  (For interpretation of the references to color in this figure legend, the 
reader is referred to the web version of this article.)

5.2.5.2. Reward function hyperparameter setting. As defined in Eq. (15), the reward function consists of two stages: the learning 
process and the end of learning. Two hyperparameters, 𝛼 and 𝛽, represent the weights of these stages. Fig.  14 shows the convergence 
behavior of the RL model under different 𝛼 and 𝛽 settings. The horizontal axis represents the total number of interactions between 
the recommender and the environment, while the vertical axis shows the average cumulative reward obtained when completing a 
learning path. Different colored curves correspond to different combinations of 𝛼 and 𝛽.

Across all three datasets, the convergence speed follows the order: gray curve (𝛼 = 0.75, 𝛽 = 0.25), purple curve (𝛼 = 0.50, 𝛽 =
0.50), blue curve (𝛼 = 0.25, 𝛽 = 0.75), red curve (𝛼 = 0.00, 𝛽 = 1.00), and yellow curve (𝛼 = 1.00, 𝛽 = 0.00), with convergence speed 
increasing gradually. This finding indicates that assigning rewards to both the learning process and the final outcome accelerates 
convergence more effectively than rewarding only one stage. The fastest convergence occurs when 𝛼 = 0.75, 𝛽 = 0.25, likely because 
frequent process-based rewards alleviate the sparse reward problem in RL, thereby speeding up convergence.

5.2.6. Running time analysis
To evaluate the computational efficiency in real-time recommendation tasks, the average time required to recommend each 

learning object during training was recorded. As shown in Fig.  15, the horizontal axis represents the number of interactions between 
the recommender and the environment, while the vertical axis shows the average time per recommendation (in ms). Results indicate 
that once training stabilizes, FKGRec requires approximately 10 ms more per recommendation than other frameworks. This overhead 
arises from incorporating both an RL learning mechanism and a memory gate structure within the graph neural network, which 
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Fig. 15. Runtime analysis of different algorithms.

Fig. 16. Knowledge graph constructed from a subset of knowledge concepts.

necessitates more complex state computations and action selection. Despite this modest increase in runtime, FKGRec demonstrates 
superior performance in learning effectiveness, path rationality, and long-term outcomes. These strengths suggest that the framework 
remains both feasible and practical for real-time recommendation tasks in educational contexts. 

5.2.7. Case study
To examine the learning order of new and previously forgotten knowledge concepts within the learning paths recommended 

by the FKGRec framework, a learner was randomly selected from the adaptive learning system dataset. Analysis of this learner’s 
learning behavior pattern provides further insight into how the framework balances the recommendation of new knowledge with the 
review of forgotten concepts, thereby illustrating the principles that guide its learning path generation. This approach also allows 
an assessment of whether the FKGRec framework effectively adapts to the learners’ needs for both exploration and revision.

This study selected a subset of knowledge concepts from the adaptive learning system dataset to construct the knowledge graph 
shown in Fig.  16. This graph was used to analyze the sequence of new and previously forgotten knowledge concepts recommended 
by the FKGRec framework for a specific learner. Since the learning objects recommended by the adaptive learning system often 
involve multiple concepts, displaying all of them would make it difficult to clearly track the learner’s behavior patterns. To address 
this, the core concept of each learning object was extracted and visualized. As illustrated in Fig.  17, the learning path recommended 
for this learner is presented. Green arrows represent the order in which new knowledge concepts are recommended by the FKGRec 
framework; yellow arrows denote the order of forgotten concepts; purple arrows indicate repeated recommendations of the same 
concepts; and blue arrows mark cases where certain concepts are skipped. The thickness of the arrows reflects the frequency of each 
type of learning behavior.

From Fig.  17, several conclusions can be drawn:
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Fig. 17. Learning behavior pattern of a learner.  (For interpretation of the references to color in this figure legend, the reader is referred to the 
web version of this article.)

Conclusion 1: The new concepts recommended by the FKGRec framework follow the logical relationships among knowledge 
concepts, ensuring that the learning path progresses in a coherent and structured manner.

Conclusion 2: The framework reinforces retention by repeatedly recommending previously forgotten concepts, allowing learners to 
strengthen memory through review.

Conclusion 3: When learners show high mastery of certain concepts, the framework skips them and instead prioritizes unmastered 
content, tailoring recommendations to learners’ cognitive states and current learning needs. These results highlight 
the adaptability of the framework in optimizing the learning process based on both new and reviewed content.

Building on this case analysis, this study further explores the applicability of the FKGRec framework across different review 
scenarios. In practice, review is often divided into daily review and exam preparation. Daily review emphasizes systematic mastery 
of knowledge, while also seeking timely support when learners encounter difficult concepts. Conclusions 1 and 2 indicate that the 
FKGRec framework can recommend content according to logical relationships and encourage both review of related concepts and 
repeated practice, making it well suited for daily review. In exam preparation scenarios, however, limited time leads learners to 
prioritize core and error-prone concepts. According to Conclusion 3, the framework can skip concepts that are already mastered 
and focus on identifying and addressing gaps. However, it is not yet capable of concentrating specifically on core concepts. Further 
refinements are therefore needed to improve its ability to support targeted review in exam-focused contexts. 

6. Discussion

6.1. Results analysis

The FKGRec framework integrates a MemGNN method to predict knowledge concepts at each step of the learning process, 
followed by the application of an RL algorithm to recommend learning paths. Both MemGNN and FKGRec were evaluated 
against their respective baselines, and the experimental results demonstrate their superiority. Specifically, the prediction results 
for knowledge concept coverage show that MemGNN can simultaneously capture both newly acquired and forgotten knowledge 
concepts, achieving higher prediction accuracy than competing methods. Ablation studies further confirm that the information 
propagation function contributes significantly to performance improvements.

With respect to learning path recommendation, FKGRec substantially outperforms baseline frameworks in prediction accuracy, 
learner score improvement, difficulty alignment of learning objects, and maintaining learning interest. The ablation study results 
highlight that the cognitive diagnosis module, knowledge concept prediction module, and decision-making module each play a 
critical role in overall performance. Moreover, through hyperparameter optimization, the framework demonstrates strong perfor-
mance across multiple datasets. Although its runtime does not present a clear advantage, comprehensive performance indicators 
suggest that this limitation does not reduce its practical applicability. Case analysis further shows that the sequencing of new and 
prior knowledge concepts in the learning paths recommended by FKGRec is consistent with knowledge logic, thereby supporting 
improved learning outcomes.

The comparative analysis underscores three primary advantages of FKGRec over baseline frameworks: (1) By integrating 
forgetting features with knowledge graph information, the proposed MemGNN method predicts learners’ knowledge concepts at each 
step, enabling the simultaneous capture of both newly acquired and forgotten knowledge, overcoming the limitations of traditional 
approaches that focus only on new knowledge. (2) Through the incorporation of an RL algorithm, the framework recommends 
knowledge concepts tailored to learners’ cognitive states, ensuring that the generated learning paths maintain logical sequencing 
between new and reviewed content, while enhancing reviewability, an aspect often overlooked by conventional methods. (3) The 
framework provides a clear illustration of the collaborative mechanism among its core modules, offering an intuitive explanation 
of why FKGRec outperforms other baseline frameworks.
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6.2. Theoretical and practical implications

From a theoretical standpoint, the FKGRec framework proposed in this study contributes a novel perspective and methodological 
approach to learning path recommendation, particularly for dynamic path optimization in online education. First, it integrates 
cognitive diagnosis, knowledge concept prediction, and RL–based decision-making to construct a dynamic recommendation model 
that accounts for both knowledge mastery and forgetting, thereby strengthening the theoretical foundation of personalized learning 
path recommendations. Second, by incorporating forgetting features alongside knowledge graph information, the framework expands 
the scope of knowledge concept prediction and offers a more cognitively interpretable approach to modeling learning paths. Finally, 
by supporting the joint recommendation of new and previously learned knowledge, FKGRec fosters a theoretical shift in learning 
path research from focusing solely on ‘‘knowledge expansion’’ to emphasizing both knowledge consolidation and acquisition.

From a practical standpoint, the FKGRec framework addresses the limitations of current online education platforms, which largely 
prioritize recommending new knowledge. By preserving the logical sequencing of concepts, it intelligently recommends both new 
content and previously learned material requiring review, enabling learners to optimize outcomes within limited study time. This 
collaborative ‘‘learning–review’’ recommendation approach is particularly suited to varied scenarios, such as daily study routines and 
exam preparation, thereby enhancing learning efficiency and knowledge retention. Moreover, it offers a viable technical solution 
and practical reference for the design of innovative educational platforms, the organization of online course resources, and the 
delivery of personalized instructional services.

7. Conclusions

This study presents the FKGRec framework, which combines forgetting-related features with knowledge graphs to recommend 
learning paths that address learners’ needs for both review and exploration. The framework introduces a MemGNN method to capture 
new and forgotten knowledge concepts during the learning process, and employs RL algorithms to recommend them in sequences 
consistent with the logical structure of knowledge. The experimental results confirm the effectiveness of the proposed framework.

This study also has some limitations. First, the modeling of learners’ cognitive states relies only on two core features, knowledge 
concept mastery and learning goals, while neglecting behavioral and emotional factors that influence learning. Future work will 
incorporate behavioral and emotional data to enhance the modeling of learners’ cognitive states, enabling a deeper understanding 
of their needs and supporting higher-quality learning path recommendations. Second, due to the limited availability of public 
datasets for generating historical learning records based on knowledge graphs, new real datasets will be developed to further 
verify the performance of FKGRec prior to broader application. Future research will also explore more advanced knowledge graph 
modeling approaches (Li et al., 2024, 2023; Shi, Li, Wang, Li, & Wu, 2025) to strengthen the model’s capabilities. In addition, the 
reward weights of core knowledge concepts and the thresholds of forgetting factors will be adjusted to simulate different learning 
environments (e.g., exam preparation, daily review), thereby enhancing the model’s adaptability to real-world educational scenarios.
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