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Abstract. This paper proposes a methodology and describes the implementation of a graph-
based curriculum recommender system for flexible, personalized, challenge-based learning. The
central element of the proposed recommendation process is an algorithm that uses mixed
integer programming to optimize curriculums based on multiple constraints, including logical
sequencing and credit accumulation requirements. A procedure for assessing grades based on
preliminary clustering of students using the k-nearest neighbors method is proposed. The key to
implementing the proposed approach is generating performance vectors and estimating grades
for tasks that have not yet been completed by students, which is necessary for personalizing
learning recommendations. The architecture of a recommender system based on a vector
database, the features of the algorithm for generating recommendations, and the results of
assessing the degree of accuracy of estimates are described; generated synthetic data were used
to conduct computational experiments.

1. Introduction
Within the continuously evolving domain of higher education, there is an imperative demand for
pedagogical innovations that facilitate academic excellence and equip students to navigate the
complexities of today’s global and professional landscapes. Challenge-based learning (CBL)
is an educational approach that engages students in real-world problem-solving, promoting
learning and developing critical thinking, creativity, and collaboration skills. Unlike traditional
learning models, CBL is student-centered pedagogical conception and focused on real-world
problems, requiring students to go through research, solution development, and implementation
stages, often working in teams. Through this process, students not only acquire subject matter
knowledge, but also develop essential soft skills such as communication, teamwork, and problem-
solving. CBL’s hands-on approach also increases student motivation and retention, as students
see the direct impact of their efforts on solving real-world problems. By preparing students
to tackle the challenges of future with confidence and competence, challenge-based learning
represents a forward-thinking shift in education that meets the needs of a rapidly changing
world [1].

CBL is conceptualized as an innovative pedagogical strategy based on immersing students in
real-world, practical problems that require collaborative, creative teamwork and critical thinking
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to find solutions. Innovation in CBL encompasses both a mercantile aspect, focusing on creating
new products, and a social innovation aspect aimed at generating social and cultural values. CBL
is becoming one of the key methods for developing competencies and self-learning abilities in
students of knowledge-intensive university specialties. Student-oriented learning is growing in
the following areas: the formation of new pedagogical approaches, technological integration, and
interaction with industry and development support [2—4].

The effectiveness of the implementation and improvement of CBL systems is largely due to
the use of modern educational information technologies, among which, in this context, a special
place is occupied by recommender systems for supporting academic choice in the learning process.
As society increasingly demands specialized skills, education must adapt to each individual’s
unique interests and abilities. Therefore, user-centered curricula are becoming paramount in
today’s educational environment to provide a personalized learning experience that promotes
growth and mastery. Curriculum recommendation systems are emerging as a valuable tool in
the educational landscape, offering personalized guidance to students in their learning journey.
These systems, leveraging data-driven techniques, are designed to analyze individual learning
progress and preferences, enabling the creation of tailored curriculum and helping students
optimize their course selection to achieve their learning goals, providing support for the choice
of an individual educational trajectory based on the combination of the interests of the student
with the general requirements for the construction of the curriculum, taking into account current
and predicted assessments of educational achievement [5].

The introduction of artificial intelligence (AI) into educational recommendation systems
represents a transformative approach to personalizing the learning experience. Al algorithms
can analyze vast amounts of data on student behavior, preferences, and performance to create
highly personalized content recommendations. Using vector databases that excel at processing
complex, multidimensional data, these systems can efficiently process and store embeddings
generated by Al models containing data on students’ current competencies, find learning paths,
and provide suggestions to shape each student’s unique learning path. This approach not only
increases the relevance of recommended resources but also adapts to changing student needs,
thereby contributing to a more effective educational experience.

This paper proposes a methodology and describes the implementation of a graph-based
curriculum recommender system for personalized CBL. The central element of the proposed
recommendation process is an algorithm that uses mixed integer programming (MIP) to optimize
curriculums based on multiple constraints, including logical sequencing and credit accumulation
requirements. A procedure for assessing grades based on preliminary clustering of students using
the k-nearest neighbors (kNN) method is proposed. The key to implementing the proposed
approach is generating performance vectors and estimating grades for tasks that have not yet
been completed by students, which is necessary for personalizing learning recommendations. The
architecture of a recommender system based on a vector database, the features of the algorithm
for generating recommendations, and the results of assessing the degree of accuracy of estimates
are described; generated synthetic data were used to conduct computational experiments.

2. State of the art

There is extensive literature devoted to the issues of development, implementation and evaluation
of the effectiveness of recommender systems in education; a detailed review is given in [5].
Li and Ye [6] presents a personalized online education platform based on a collaborative
filtering algorithm, developed using cross-platform compatible HTML5 and high-performance
hybrid programming framework approach. A methodology for automated development of
individualized curricula is presented in [7], the proposed system combines ideas from graph
theory, performance modeling, machine learning, explainable recommendations, and an intuitive
user interface. The application of supervised machine learning methods such as decision tree,
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random forests and support vector machine to predict learning success is discussed in [8].
Furthermore, the study focused on the importance of input features, which had a great impact
on simplifying the overall classification process by reducing the number of input features, which
consequently led to a better result. To develop methods for improving the efficiency of learning,
a hierarchical model of progressive improvement (CHPI) is developed in [9], which is based
on the methods of cluster analysis and context-sensitive data envelopment analysis (DEA).
CHPI clusters the ontological features of students, uses the context-sensitive DEA method to
stratify students of different classes, and calculates measures such as obstacles to determine
the control path for individuals with ineffective learning processes. Learning strategies are
determined according to the gap between the ineffective individual to be improved and the
individuals on the control path. Hlazunova and Ponzel [10] analyzes the main problems in
the implementation of a recommendation system for building an individual study plan for a
higher education student identifies the main ways to implement such a system, and builds a
basic algorithm for recommendation system that can provide top disciplines for a student to
study based on his or her previous learning outcomes, the learning outcomes of students of
the same specialty for a certain period, and the factor of similarity of subjects and the choice
of his or her specialization. Delahoz-Dominguez and Hijén-Neira [11] presents the results of
developing a system for providing personalized and contextually relevant recommendations for
choosing a university degree. The system aims to optimize the match between student profiles
and potential academic programs using advanced machine learning models, including XGBoost,
Random Forest, GLMNET, and kNN. Roepke et al. [12] presents the AIStudyBuddy project,
with a focus on using rule-based Al and process analytics to support learning planning and
cohort monitoring. The concept of a reference architecture and data model for learning path
analytics is presented, as well as details on developing custom applications, to ensure quality in
learning planning and monitoring of student cohorts.

Of particular interest are works devoted to the use of machine learning methods in the
problems of building educational recommendation systems. Abyaa et al. [13] investigates the
feasibility of predicting a learner’s personality based on educational data through supervised
learning algorithms. The study underscores the potential of educational data in enhancing
adaptive learning systems by tailoring learning paths and resources according to learners’
personality traits, thereby mitigating negative learning outcomes associated with certain
personality aspects. The “RSU-ML-PL” algorithm [14] was developed to improve individual
learning outcomes in an e-learning environment by identifying at-risk learners and providing
personalized self-guided learning programs. Five algorithms, logistic regression, k-nearest
neighbors, decision trees, random forest classifier, and support vector machine, are implemented
to build a classification model that identifies learners who need additional support. Riad et
al. [15] proposes a new adaptive e-learning system that enhances recommendation precision and
quality by incorporating learners’ motivation levels alongside content-based filtering techniques.
An important component of educational recommendation systems is information technologies for
assessing and predicting student grades. Badal and Sungkur [16] provide a predictive model to
forecast students’ performance (grade/engagement) and to analyze the effect of online learning
platform’s features. The model created in this study made use of machine learning techniques
to predict the final grade and engagement level of a learner. Nachouki et al. [17] proposed a
model based on random forest methodology to predict students’ course performance using seven
input predictors and find their relative importance in determining the course grade.

3. Graph course model

The construction of recommendation systems that support students’ choice of individual
educational trajectories first requires the building of mathematical models of educational
programs and courses that describe the composition and sequence of educational tasks and
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work. A course is described by two main components: branches and tasks. In this context,
a “branch” is analogous to one thematically dedicated part of a course and includes several
“tasks” representing an assignment that must be completed either by an individual student or
by a group. The tasks within a branch are arranged in a certain sequence, with the completion
of the branch depending on the successful completion of the last task in the prescribed order.
An example of a branch with some related tasks is shown in figure 1(a). Individual branches
in a course system can be conceptualized as “aggregated” nodes that together form a larger
“branch graph”. The key principle in this framework is the precondition requirement: a branch
can only be chosen if all its previous branches have been completed. The graph defined by these
branches is a directed acyclic graph, describing a one-way progression without cycles, providing
a linear path of academic progress for students.

In the context of designing a course system, it is important to establish a mapping between
individual tasks and broader academic subjects. To ensure compliance with these rules, a
system is needed to track students’ progress across the broad subjects. In practice, this involves
assigning each task to one or more subjects, together with an assessment of the extent to which
completing the task contributes to the requirements of the subject. For example, as illustrated
in figure 1(b), the topic “Program the Stack” task can be associated with multiple educational
items, each with a different percentage contribution.

N/

Introduction to Programming
Program a Linked List
Branch
\
Program a Stack
\
Program Merge Sort Challenge
v Program a Stack
| —>| Program a DFS
v 9% 8% 4%
Challenge Program a Calculator
. Data Operating
/\ Programming Structures Systems
Subjects
(a) Branch and associated challenges. (b) Subject mapping to challenges.

Figure 1. Examples for challenge-based approach.

Within the graph-based course model, a recommendation is conceptualized as a selection
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of challenges. The recommendation framework operates under a set of specific constraints to
ensure that the recommendations are both practical and effective:

1. Graph constraints: Recommendations must adhere to the pre-established graph
structure, respecting both the hierarchical order of branches and the sequential arrangement
of challenges within each branch.

2. Target subjects: The recommendation must encompass a predetermined set of
educational subjects that are required for completion, in line with educational objectives.

3. Total credit count: There is a minimum credit count that the recommendation should
fulfill, ensuring that the student meets academic credit requirements.

4. Weights for challenges: Every challenge is assigned a weight, indicative of its anticipated
difficulty level for the student.

An objective of the recommendation process is to minimize the total weight of the selected
challenges, aiming to balance the academic load effectively.

4. Recommendation system architecture

The recommendation system was designed as a REST API, prioritizing ease of integration with
other services. This API serves as the interface for generating personalized recommendations
for individual users. We chose Flask (https://flask.palletsprojects.com/en/3.0.x/)
for implementing the REST API and PostgreSQL (https://www.postgresql.org) for the
database, based on their robustness and compatibility with our requirements.

Additionally, to enhance user experience and provide a tangible demonstration of the system’s
capabilities, we developed a simple frontend using React. This not only serves as an interface
for the recommendation system but also visually represents the branch graph.

For database interactions, we opted for an Object-Relational Mapping (ORM) approach,
using SQL Alchemy (https://www.sqlalchemy.org). This decision was driven by the desire
for a streamlined and efficient process for handling database operations. A significant aspect
of the development was the splitting of the recommendation algorithm into two distinct parts:
firstly, the calculation of weights for each challenge, and secondly, the optimization problem
solution. One of the most notable was the decision against implementing an explicit caching
mechanism. Instead, we leveraged a vector database extension Pgvector (https://github.
com/pgvector/pgvector) of PostgreSQL to store user embeddings. These embeddings, used
to query similar users, significantly reduce database traffic as they do not require re-calculation
with every recommendation process. Initially, a caching solution might have been considered for
this purpose; however, integrating this data directly into the database presents advantages in
terms of querying efficiency and reduces the complexity associated with maintaining a separate
cache. Figure 2 offers the recommendation system architecture.

5. Recommendation algorithm
In tackling the task of recommending challenges within the graph model, an algorithmic approach
was employed works according to a two-part procedure:

1. Data preprocessing and grade estimation: Initially, we estimate grades for all
challenges that the user has not yet completed, setting the foundation for personalized
challenge recommendations. We focus on the task of assigning an estimated value to each
challenge, serving as a metric that predicts a user’s performance on that specific challenge.

2. Recommendation computing via MIP: The optimal set of tasks is determined using
MIP, enabling to identification of the most suitable challenges to recommend to student
based on their unique learning path and performance. The objective of MIP is to determine
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Figure 2. Final architecture of recommendation system.

the optimal subset within the challenge graph while adhering to a defined set of constraints.
We defined that optimal selection coincides with an overall optimal average grade on the
predicted set of challenges.

The grade evaluation stage of the recommendation algorithm is the part that inputs
personalized information from users in the recommendation generation process. The students
are pre-clustered using kNN, and the averaged grades of the k-nearest neighbors are then used
as the evaluation score for the task. In the final step, we derive a specific estimation for the
target by computing the average of the values along the target dimension within the selected
k-nearest objects. The historical performance data of students is used as individual records in
the vector embedding to generate the grades. For performance improvement, we implemented
a technique known as vector imputation. The objective of this method is to populate empty
dimensions with meaningful values. We considered four distinct imputation strategies: Mean,
Median, kNN, and Iterative Imputation. The mean and median imputation strategy involves
filling empty values with the mean or median of the entire dataset within that dimension.

The rating scores for each task are used to assign a difficulty factor to the task. Specifically,
a lower rating prediction (indicating a higher level of difficulty) is mapped to a higher difficulty
factor in the MIP model, and conversely, a higher rating prediction (indicating ease of execution)
is associated with a lower difficulty factor. The goal of the MIP algorithm is to select a set of
tasks that, when combined, minimize the total sum of the difficulty factors. The selection process
is carried out subject to a set of constraints:

1. Graph constraints: For a task selection to be considered valid, it must satisfy the
constraints of the graph model structure, namely, the next task can only be selected if
all tasks that precede it, either directly or indirectly (i.e., in the previous branch), have also
been completed.

2. Minimum total credits: The curriculum recommendation must meet the requirement
that the total credits associated with the chosen tasks exceed the established threshold.

3. Target subjects: Within the algorithm, we have incorporated the concept of configurable
target subjects as another key feature. These can be likened to obligatory courses that
a student is required to take. This design affords us the versatility to provide user-
centric recommendations while introducing a level of rigidity, ensuring essential subjects
are included based on specific requirements.
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In terms of technical aspects, it’s noteworthy that we used a solver-independent language for
MIP realization. The library facilitating this functionality is pyomo [18], offering the advantage
of decoupling the solver implementation in the background, allowing for flexibility in selecting
different solvers; currently, our implementation utilizes an open-source CBC solver COIN-OR
CBC Optimization Suite (https://zenodo.org/records/13347261).

6. Vector database

A vector database is designed to efficiently store and retrieve vectorized data. Due to the
distinctive data format supported by a vector database, it enables highly efficient querying of
vectors, especially in the context of similarity search. Using a vector database to implement a
recommendation system provides the following benefits:

1. The need for a separate kNN implementation is eliminated by leveraging the highly efficient
internal similarity search capability of the vector database. This allows searching for similar
vectors quantified by metrics such as L2 distance or cosine similarity. In essence, this built-
in functionality serves as an equivalent of KNN.

2. Storing data in a highly aggregated form encapsulated by a performance vector allows
implementation of a compact embedding characterizing a student’s academic profile. This
approach saves network resources and minimizes the number of database queries.

7. Grade prediction assessment

We have implemented a concept aimed at consolidating a student’s performance into a unified
vector. The performance vector is designed to encapsulate a numeric value for each subject, with
a higher value indicative of superior performance. To ensure a standardized representation, we
have normalized the performance values, scaling them between zero and one.

A significant hurdle is the scarcity of real-world data. Consequently, there was a pressing
need to generate synthetic data that closely mimics real-world scenarios, for testing and refining
the recommendation algorithm. To address this, we crafted an example branch graph, the design
of the challenges and branches in this graph drew inspiration from various existing study plans,
ensuring semantic coherence and relevance. The constructed graph, representing the course
structure, includes 200 challenges across 38 branches and covers 39 subjects. The more intricate
aspect of our data generation process involved creating student histories. The overarching
objective here was to ensure that a student’s grades are reflective of a diverse range of students
at different stages of their academic journey. This process was divided into two stages:

1. Generation of expected performance: For each student, we generate an expected
performance level across all subjects. The generation of expected performance for each
student hinges on ensuring correlated performance across subjects while allowing for the
customization of means and standard deviations for different subjects.

2. Generation of student histories: Building on the expected performance levels, we then
generated user histories for each student. This stage involved assigning grades for challenges
based on the expected subject performance, thereby creating a realistic and varied set of
academic records. Two variables are introduced to enhance the realism of the grading
process: Challenge Difficulty and Student Performance Variability.

We crafted a tailored framework (figure 3) to assess the quality of grade estimation. The
assessment framework comprises three pivotal stages:

1. Performance vector calculation.
2. Search for similar users and estimation of performance.

3. Evaluation of the estimation.
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Figure 3. Assessment framework for grade estimation.

At initial stage, we calculate performance vectors for the entire dataset, encompassing all
users. This computation is parameterized by the imputation strategies. Using the performance
vectors obtained in the initial stage, we proceed to identify a set of users closely situated to
the target user. The objective is to determine a balance that avoids underfitting, which occurs
when k is too low. Conversely, opting for a higher k£ may result in overfitting, where the model
becomes excessively tailored to users who are inherently distant from the target. We iterate
through the process of grade estimation for each challenge previously undertaken by the user,
generating outcomes that serve as input for the final stage. To assess the similarity between the
real and predicted performance, we have chosen to employ two distinct metrics, namely, MSE
and MAE.

Figure 4 depicts the outcomes of the grade estimation utilizing both MSE and MAE.

In the process of computational experiments, the influence of clustering parameters on the
accuracy of grade prediction was investigated. The impact of imputation strategies, Mean,
Median, kNN, and Iterative Imputation, was also analyzed. Upon examining the results, it is
evident that predictions obtained are quite accurate.

8. Conclusions

Considering the outcomes presented in the paper, it is evident that we have successfully achieved
our objectives. In future work, we recommend revisiting the grade estimation framework to refine
the computation process. While averaging serves as a good starting point, it may fall short of
fully incorporating additional knowledge, leaving room for further enhancements. Replacing the
mean computation with a weighted kNN approach might already improve the whole system.



1Con-MaSTEd-2025 IOP Publishing

Journal of Physics: Conference Series 3105 (2025) 012023 doi:10.1088/1742-6596/3105/1/012023

MAE

5,0
48
46
44
42
40
38
3,6
34
32
3,0

MSE

5 10 25 50 100

(b)

Figure 4. Results of the grade estimation assessment for MAE (a) and MSE (b) for n = 512.

We also recognize opportunities for improvements in the non-functional performance of the
system. While the grade estimation process, taking approximately 600 ms, is not considered
slow for a recommendation algorithm, real-time usage may benefit from additional optimizations.
Implementing caching mechanisms or refining the database querying process could potentially
enhance the system’s responsiveness, making it more efficient for real-time utilization. Moreover,
integrating timing constraints could make the system more realistic for practical applications.
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