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Abstract

This paper introduces DK-PRACTICE, an intelligent educational platform that combines Knowledge
Tracing (KT) and recommendation systems to support personalized learning in higher education. The
platform utilizes a novel Paired-Bipolar Bag-of-Words (PB-BoW) model to assess students’ knowledge
states, forecast performance, and offer targeted recommendations. To test its effectiveness in real-
world settings, DK-PRACTICE was implemented in the “Computer Organization and Architecture”
undergraduate course, involving 138 students in Pre-Test and 106 in Post-Test. Empirical analysis of
benchmark datasets and a newly created course dataset showed that the PB-BoW model outperformed
an RNN-based KT model in predictive accuracy. Student surveys indicated high levels of satisfaction
with usability, relevance of recommendations, and overall learning support, with most participants
expressing willingness to reuse the platform in other courses. These results demonstrate the potential
of DK-PRACTICE as a scalable and adaptable tool for improving personalized learning and bridging
the gap between AI-driven KT research and classroom implementation.

Keywords: knowledge tracing; educational recommendations; machine learning; intelligent educa-
tional platform; education

1. Introduction
Addressing the educational challenges, such as accurately assessing student knowledge, predict-

ing performance, and providing tailored educational content, is essential for effective personalized
learning. This study introduces DK-PRACTICE, a Knowledge Tracing (KT)-based platform developed
by utilizing machine learning (ML) methods to recommend the appropriate educational content to
cover students’ knowledge gaps.

Machine Learning, as a cornerstone for Artificial Intelligence (AI) is rapidly reshaping educational
practices by enabling personalized, adaptive, and interactive learning experiences. In online educa-
tional systems, tools based on machine learning methods and, by extension, on artificial intelligence
have shown particular progress. As noted in [1], the integration of tools such as PhET [2], Labster [3],
ChatGPT [4], Squirrel AI [5], and IBM Watson [6] in the educational process led to a 28% improvement
in student performance in many institutions. The study also found increased student motivation,
conceptual clarity, and satisfaction, particularly when using simulation-based environments. These
results demonstrate that AI can enhance student performance. Learning effectiveness is enhanced,
especially when implemented through tools designed to personalize teaching and respond to students’
individual needs.

Knowledge Tracing (KT), a modeling technique that assesses students’ knowledge evaluation in
educational contexts, like skills and concepts, is positioned at the core of many educational intelligent
systems. KT allows systems to monitor students’ progress and suggest tailored content based on
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predicted knowledge gaps. Early KT models, such as Bayesian Knowledge Tracing (BKT) [7]and
Item Response Theory (IRT) [8], laid the groundwork for individualized teaching with a possible
assessment of learning skills performance. More recent developments, including Deep Knowledge
Tracing (DKT) [9] and Graph-based Knowledge Tracing (GIKT) [10], use repetitive neural networks and
neural graph networks to better model learning time patterns and relational dependencies between
skills and questions.

Despite these technical advances, many AI-powered KT systems remain in a laboratory testing
stage and have not been tested to work in real educational environments. Although platforms such as
Knewton Alta [11], Carnegie Learning’s MATHia [12], and Squirrel AI [5] have demonstrated efficacy
in controlled or proprietary environments, there is a lack of research examining how KT systems
function when deployed in real-world classrooms with diverse student populations. In addition,
advanced models such as AdvKT [13], TrueLearn [14], TutorLLM [15], and ACKT [16] have focused
on simulation fidelity or probabilistic feedback, but most lack classroom validation or accessible
application frameworks for educators.

To address this gap, our study implements a Case Study using the DK-PRACTICE platform
and evaluates the results of applying this knowledge assessment platform in a real educational
environment. DK-PRACTICE monitors student knowledge levels and, taking into account student
knowledge representation and a recommendation algorithm, recommends personalized educational
content. In our case study, DK-PRACTICE was tested with 98 2nd-year university students in the
“Computer Organization and Architecture” course.

The present study investigates the following research questions:

RQ1:How can a fast and efficient Knowledge Tracing model, based on BoW-inspired representation of
student knowledge, be developed to effectively identify learning gaps through pre- and Post- test
assessments?

RQ2:What is the impact of personalized content recommendations generated by the DK-PRACTICE
platform, and how do they improve learning outcomes?

RQ3:How could the DK-PRACTICE platform enhance the educational process, and how could its use
be extended to other educational topics?

Key contributions of this work include: (1) the introduction of a new lightweight ML method for
Knowledge Tracing based on a Paired-Bipolar Bag-of-Words representation of student’s knowledge
(2) the design and actual implementation of the DK-PRACTICE platform as a case study in a real-
world learning environment, (3) an empirical assessment of the impact of the test operation, and (4) a
comprehensive comparison of DK-PRACTICE with existing AI-based KT systems, demonstrating its
potential as a scalable and effective tool for adaptive learning.

Section 2 presents the current scientific picture of the evolution of Knowledge Tracing and
educational recommendation models. The following Section 3 describes the technologies used for the
development of the DK-PRACTICE educational platform and the realization of this study. In Section 4,
the platform and its functions are presented. Section 5 describes the case study, with the analysis of the
results commented on in Section 6. Section 7 concludes the study and presents the future extensions
and improvements of the DK-PRACTICE platform.

2. Related Works
Artificial intelligence (AI) is emerging as a pillar of transformation in education, offering new

ways to personalize learning and improve learning outcomes. Examples include AI-powered platforms
such as PhET [2] and Labster [3], providing learning experiences based on simulating lessons such as
physics or mathematics, while interlocutors such as the ChatGPT [4] support on-demand clarification
and problem solving. The integration of AI tools into structured 60-minute virtual physics lessons led
to a 28% increase in student performance, along with improvements in engagement, conceptual clarity,
and motivation [1], validating the potential of AI-enhanced systems to address pedagogical challenges,
including limited interactivity in the classroom.
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The common benchmark in many of these AI systems is Knowledge Tracing (KT) – the task
of assessing a student’s evolving knowledge of skills or concepts over time based on the results
of interaction with educational platforms and observed behavior [7]. Early KT models, such as
Bayesian Knowledge Tracing (BKT) [17] and The Item Response Theory (IRT) [8], applied probabilistic
frameworks to infer students’ knowledge states. The evolution in KT’s field of research was brought
about by the introduction of deep learning, specifically the Deep Knowledge Tracing (DKT) model by
[9], which utilized recurrent neural networks (RNNs) to capture time dependencies and non-linear
learning patterns. Subsequent improvements were presented in the Dynamic Key-Value Memory
Networks (DKVMN) [18], which separated the representation of concepts from the mastery level to
enhance interpretability, and Self-Attentive Knowledge Tracing (SAKT) [19], which utilizes transformer-
based attention mechanisms to prioritize critical learning events. These innovations allowed for more
accurate prediction and knowledge gaps identification.

Further extensions to KT have improved both accuracy and personalization. Exercise-Enhanced
Sequential Modeling (EKT) introduced exercise-level features such as difficulty and subject to improve
the accuracy of recommendations [20], while the Bidirectional GRU Knowledge Tracing (Bi-GRU)
model [21] introduced forward and regressive diagnosis for both predicting performance and esti-
mating students’ knowledge states from previous interactions, combined with a feedback network to
predict the answer correctness in upcoming questions.

Online educational systems, along with practical applications on platforms such as ALEKS
[22], Knewton [11], and Duolingo [23], highlight the role of KT in providing personalized learning
experiences in real-time.

In recent research, [24] introduced two advanced KT models – Knowledge Structure-aware
GraphAttention Network (KSGAN) and Knowledge Concept-based Memory Network (KCMN) – that
model the complex relationships between exercises and knowledge concepts. By combining graph
attention networks and memory mechanisms, their approach enhances interpretability and detail in
predicting student performance. In simulation research, the authors of [25] addressed the problem of
bias accumulation in KT-based simulators by proposing DSim. This conditional diffusion model best
approximates the actual behavior of the students. This innovation improves the quality of synthetic
data used to train recommendation engines, overcoming the limitations of traditional KT models in
production tasks. On the student engagement side, [26] conducted a large-scale randomized trial
evaluating Squirrel AI, showing significant improvements in student motivation and engagement. The
study highlighted that AI-based adaptive systems not only enhance cognitive performance but also
support non-cognitive factors vital for learning success.

Within this landscape of increasingly sophisticated models, most remain either research prototypes
or validated in synthetic or comparative datasets. This study introduces DK-PRACTICE, a KT-based
platform specifically designed for classroom deployment in the real world. DK-PRACTICE assesses
students’ knowledge levels and recommends personalized pre-test diagnostic-based content. DK-
PRACTICE offers the ability to monitor changes in students’ knowledge state across learning objects
or concepts, individually or in groups. Although many advanced models such as AdvKT [13], GIKT
[10] or TutorLLM [15], contribute valuable architectural innovations such as multi-step simulation,
graph-based integrations, and language model integration, they often lack deployment scenarios that
evaluate educational impact, student feedback, and scalability under real-world constraints and have
not yet been tested in classroom environments. DK-PRACTICE addresses these gaps by prioritizing
functionality aligned with classroom practices, including diagnostic assessments, actionable feedback,
and content alignment.

In summary, the literature illustrates a rich and rapidly evolving area of research in knowledge
discovery and AI-assisted individualized training with models that have laid the technical foundations,
such as DKT, DKVMN, SAKT, etc. However, few systems effectively bridge the gap between research
and practical application. DK-PRACTICE contributes to this space by combining a robust machine
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learning model with real educational development, proving that adaptive KT platforms can be not
only technically innovative but also pedagogically effective.

3. Background Technologies
The DK-PRACTICE online education platform was built using machine learning methods. Ma-

chine Learning (ML), a prominent subfield of Artificial Intelligence (AI), has been extensively applied
in educational contexts. As previously discussed, ML algorithms have played a substantial role in the
analysis of student behavior [27], the prediction of academic performance [28], and the provision of
personalized learning recommendations [29].

From a theoretical point of view, neural networks constitute a core framework for modeling
complex nonlinear mappings in high-dimensional spaces [30,31]. Neural networks have emerged
as a foundational paradigm in the advancement of machine learning techniques [32]. Empirical
evidence demonstrates that neural networks, in particular, multilayer feedforward architectures,
consistently improve performance in domains requiring the extraction of complex feature hierarchies
from raw, unstructured data [33]. Their capacity for end-to-end learning demonstrate the ability to
autonomously identify and encode hierarchical feature representations from unstructured input data,
thereby enabling improved performance across a wide range of complex pattern recognition tasks [34].
These technological advances form the foundation for modern adaptive learning platforms such as
DK-PRACTICE.

Educational recommendation systems are smart technologies designed to personalize learning
by suggesting relevant content, activities, or learning paths based on a student’s level of knowledge
and performance history. Their primary role is to support adaptive learning by filling knowledge
gaps with educational proposals tailored to individual needs [35]. Unlike traditional static curricula,
these systems dynamically adapt in real time, helping students engage with the right content at the
right time to maximize efficiency and learning motivation. The advantages of education systems
include their contribution to stronger academic outcomes [36]. Leveraging data-driven models,
often powered by machine learning or knowledge tracing (KT) techniques. In classroom settings,
recommendation systems also help teachers by automating feedback, identifying student weaknesses
early, and facilitating data-driven teaching.

As education becomes increasingly digitalized, these systems play a crucial role in scaling up
personalized learning experiences. Educational recommendation systems can be broadly categorized
into various types based on the algorithms and data sources they use. The most common approaches
include content-based filtering, which suggests elements similar to what a student has previously
interacted with, and collaborative filtering, which leverages patterns of behavior among like-minded
users [37,38]. In the field of education, more advanced categories have emerged. Knowledge-based
systems use predefined concept hierarchies or knowledge graphs to align learning content with
curriculum structures [39]. In contrast, context-aware systems adjust recommendations based on
external variables such as time, location, student goals, or engagement history [40,41] or hybrid
systems, which combine multiple techniques to improve accuracy and personalization [42]. These
advanced systems are often enhanced with machine learning models and KT algorithms to monitor
learning progress and ensure that recommendations evolve along with student development.

4. The DK-PRACTICE Platform
In this study, we introduce DK-PRACTICE (Figure 1), an intelligent online platform designed to

conduct adaptive knowledge assessments through a question–answer method, wherein each question
is dynamically tailored based on students’ prior responses. The intelligent DK-PRACTICE functions as
an integrated knowledge tracing and recommendation system and aims to:

• Accurately estimate students’ current knowledge states,
• Predict their future performance on subsequent personalized questions,
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• Recommend targeted instructional content to address specific learning objectives, concepts, and
skills where deficiencies have been identified,

• Support users’ roles.

Figure 1. The DK-PRACTICE platform functionalities.

The knowledge tracing component, called PB-BoW (Paired-Bipolare Bag of Words), is inspired
by the Bag of Words approach [43] and is implemented using a feedforward neural network, which
allows modeling of the dynamic and sequential nature of interactions between students and the
platform. Our approach facilitates robust and accurate predictions of students’ evolving knowledge
states. Educational recommendations are generated based on the predicted probability of correctness
for the next unattempted question, thereby guiding the selection of instructional resources aimed at
remediating identified knowledge gaps.

DK-PRACTICE supports three distinct user roles: “administrator", “student”, and “tutor”. Students
engage with adaptive assessments, tutors construct and manage test content, and administrators
oversee system operations. A comprehensive description of the platform’s architecture, functionalities,
and implementation details is provided in the following sections.

4.1. The DK-PRACTICE Platform Architecture and Functionalities

The architecture of the DK-PRACTICE platform (Figure 2) includes two main components based
on machine learning methods :

• The Knowledge Tracing component to predict student’s performance and to estimate the student’s
knowledge state.

• The Recommendation component to produce educational content recommendations.

The architectural structure of the DK-PRACTICE Platform not only enhances the fidelity of the
knowledge state assessment but also makes the model suitable for auxiliary tasks, such as personalized
recommendations. Both Knowledge Tracing and Recommendation components constitute core parts
of the DK-PRACTICE platform, and their implementations reside within the back-end architecture.
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Figure 2. The DK-PRACTICE platform architecture.

4.2. Data Model

Data is one of the most fundamental components of the DK-PRACTICE platform. It is essential
for the operation of any application that uses machine learning.

The data model of the platform is shown in Figure 3. The database schema is organized around
three primary entities: “Concepts”, “Questions”, and “Exams”. Within the “Questions” entity, the
“Chapter” attribute denotes the specific segment of the educational material associated with the question.

The compiled database consists of:

• Examination questions,
• The corresponding underlying concepts,
• The chapters containing the educational content of the course,
• Students’ submitted answers across different examination periods.

The concepts are systematically mapped to both the exam questions and the educational content
chapters, thereby establishing a structured linkage between learning materials and the questions. This
attribute serves as a key parameter in the recommendation algorithm, enabling the identification and
prioritization of relevant educational content when generating personalized recommendation lists.

The dataset derives from the database and consists of interaction records, specifically ques-
tion–answer pairs (q, r), recorded within the “Exams” entity. The responses are binary: r = 0 for an
incorrect answer and r = 1 for a correct answer. All personally identifiable information was removed
through an anonymization process to ensure compliance with ethical and privacy standards. The
constructed dataset was subsequently utilized to train the machine learning model designed to infer
the Knowledge Tracing component, described below, was conducted by leveraging students’ historical
interaction data.
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Figure 3. The Data model.

4.3. Knowledge Tracing Component

The idea of [21], in terms of handling question-response interactions, inspires the knowledge
tracing model that we introduce and utilize in the DK-PRACTICE platform. Unlike previous deep
learning knowledge tracing models [1,7,9,18,19], our model explicitly disconnects the current question
from the current representation of knowledge. This leads to the production of the knowledge state
representation vector in which the student’s learning is incorporated up but not including the current
time step τ, based exclusively on the sequence of previous question-answer pairs (qk, rk), k = 1, . . . , τ−
1.

For our Knowledge Tracing model we propose an extension of BoW using paired-bipolar repre-
sentation of answered questions (Figure 4). The representation vector x has dimension 2 · Nq, where
Nq is the total number of questions. All elements of x are zero except that for each question i with an
existing response r, the following values are assigned:

• If r = 0 (incorrect answer), then x2i−1 = 1 and x2i = −1.
• If r = 1, (correct answer) then x2i−1 = −1 and x2i = 1.

The corresponding representation scheme will be called Paired-Bipolar Bag-of-Words (PB-BoW).

Figure 4. The Paired-Bipolar Bag-of-Words (PB-BoW) Knowledge Tracing model.

A total of M = 200 samples are generated for each student through the following procedure:
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• A subset of 10 questions is randomly selected to form the query set for training. The remaining
questions are designated as the evaluation set.

• The PB-BoW vector representation, x, is generated for the query set. This vector has a length of
2× Nq and serves as the input to the classification module.

• The target vector, t, for the classification module is constructed using the responses from the
evaluation set. All elements of t are equal to −1 except for each evaluation question qj with
response rj, where we set tj = rj. Therefore, unanswered questions have target value t = −1,
allowing us to exclude them when calculating the loss of the classifier.

Algorithm 1 Generate Training Samples for PB-BoW KT

1: procedure GENERATESAMPLES(X)
2: Input: Questions and responses data X = {(q1, r1), (q2, r2), . . . , (qNqs, rNqs)} for student s. The

values qi are the indices of the questions answered by the student and ri are the corresponding
responses (0 or 1); Nqs is the number of questions answered by this student.

3: Output: Dataset Ds = {(xi, ti)}200
i=1

4: Let Nq be the total number of unique questions in the question bank.
5: Set Ds ← ∅
6: for i = 1 to 200 do
7: Randomly select a subset of 10 questions to form the query set Q ⊂ X.
8: The remaining questions form the evaluation set E = X \Q.
9: Initialize input vector x of size 2× Nq with zeros.

10: for each question-response pair (qj, rj) ∈ Q do
11: Generate Paired-Bipolar representation:
12: if rj = 0 then ▷ Incorrect response
13: x[2qj]← 1
14: x[2qj + 1]← −1
15: else ▷ Correct response
16: x[2qj]← −1
17: x[2qj + 1]← 1
18: end if
19: end for
20: Initialize target vector t of size Nq with −1.
21: for each question-response pair (qk, rk) ∈ E do
22: t[qk]← rk
23: end for
24: Add the pair (x, t) to Ds.
25: end for
26: return D
27: end procedure

4.3.1. The Classification Module

The task of the classification module is for every student to predict the responses to all questions,
given a history of 10 prior interactions (question/response pairs). The classifier is a feedforward neural
network with the following layer specifications:

• Input Layer: 2× Nq neurons
• Hidden Layers: Three fully-connected hidden layers.

– Layer 1: 15 neurons.
– Layer 2: 10 neurons.
– Layer 3: 5 neurons.

• Output Layer: Nq neurons. Each neuron corresponds to a question, and its value between 0 and
1, predicts the probability of a correct response.

The input to the classifier is the PB-BoW vector representation x of the student’s interactions in the
query questions. The target of the classifier is the vector t corresponding to the evaluation questions.
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The set of students is split into training and test subsets. For each training student s, we generate
the corresponding dataset Dtrain

s according to Algorithm 1. The overall training set results from the
concatenation of all Dtrain

s datasets. In a similar fashion, we generate the test set from the datasets Dtest
s

of the test students.
The classifier loss L, is the mean squared error computed only on the questions with a valid target

value, i.e., with ti ̸= −1:

L =
1
N

Nq

∑
i=1

(ti − r̂i)
2 I(ti ̸= −1)

where r̂ is the classifier output, I(·) is the indicator function1 and N = ∑i I(ti ̸= −1).

4.4. Recommendation Component

The platform implements two types of recommendation mechanisms: (a) next-question recommen-
dation during a knowledge assessment and (b) post-assessment recommendation of educational materials.

4.4.1. Next Question Recommendation

Let the query question set for a student be denoted by

Q = {q1, q2, . . . , qL}.

where L = 10. Questions are asked sequentially in an order that depends on the students’ previous
answers. Therefore, questions are not asked in the same order for every student. The function m(τ)

returns the index of the question to be asked at time step τ. Due to lack of prior information, in the
beginning of the sequence, all participants start with the same initial question qm(1), referred to as the
cold-start question.

Subsequent questions are personalized for each student and adapted according to their prior
responses. The recommendation model utilizes the knowledge state estimated vector of the student to
compute the probability of a correct response for each remaining question in the question bank. At
time τ, the question set is split into two subsets:

1. the set of Potential questions, Qτ
pot, which remain eligible to be asked as the next question;

2. the set of Answered questions Qτ
ans that are ineligible to be asked again.

Initially, all questions, except for the cold-start question, are classified as Potential while the cold
start question is classified as Answered.

At each time step τ ≥ 2:

1. The asked question qτ is moved from Qτ−1
pot to Qτ

ans:

Qτ
ans = Qτ−1

ans ∪ {qτ}, Qτ
pot = Qτ−1

pot \ {qτ}.

2. For each q ∈ Qτ
pot, the recommendation model computes the predicted probability of a correct

response based on the student’s estimated knowledge state vector xτ :

pτ(q) = Pr(r̂τ(q) = 1 | xτ).

3. The next question is selected as the one whose probability of correct response is closest to 0.5:

qτ+1 = arg min
q∈Qτ

pot

|pτ(q)− 0.5|,

thereby targeting questions for which the model is maximally uncertain.

1 I(cond) = 1 if cond = true, and 0 otherwise.
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Within the framework of the DK-PRACTICE platform, we have established the personalized
question quota at L = 10. This means that we can only use 10 questions and responses to determine the
knowledge state of the student. The remaining questions are used for evaluating the performance of
our prediction model. This quota constitutes a hyperparameter and is subject to occasional adjustments
following preferences, experimental findings, course requirements, etc.

4.4.2. Educational Content Recommendation

Following the completion of the test, and based on the predicted knowledge state of the student
derived from the test results, the probability of correctly answering each question in the question bank
is recalculated. Each question q is associated with a learning object or concept c(q).

The knowledge level for a given learning concept c is computed as:

Kc =
1
|Qc| ∑

q∈Qc

pq

where Qc is the set of questions linked to c and |Qc| is its cardinality. The value Kc represents the
average estimated probability of correct responses for questions concerning learning object c, and is
interpreted as the student’s mastery level for that object.

The recommendation engine selects educational materials corresponding to learning concepts
with the lowest Kc values, thereby prioritizing areas in which the student demonstrates the weakest
mastery.

All this process is supported by a data model which is organized into a database, a training
dataset, and a database of educational content.

4.5. Knowledge Tracing Experiments and Results

In this work, we introduce a new real-world dataset named “COaA course”, which was collected
from nine examination periods in the undergraduate Computer Organization and Architecture course
at the [Department] of [University] via the Moodle electronic learning management system. These
data encompassed both the period of the COVID-19 pandemic, during which courses and assessments
were conducted under quarantine restrictions and the subsequent post-pandemic period. The database
constructed for the case study adheres to the platform’s underlying data model.

The “COaA course” dataset comprises a total of 19,339 interactions, encompassing question–answer
pairs generated by 1,115 students on 120 multiple-choice questions, 31 concepts, and 20 chapters of
educational content. For experimental purposes, the data set was split into training and testing subsets.
Consequently, the training set contains 15,555 interactions from 891 unique students, while the testing
set consists of 3,784 interactions from 224 unique students. Each student contributes a minimum of 11
interactions (i.e., question–answer pairs), thereby ensuring adequate data density for reliable model
evaluation.

In addition to the newly constructed “COaA Course” dataset, developed for evaluating the PB-BoW
KT model, we employed two widely used ASSISTments benchmark datasets2: “ASSISTment 2009”
and “ASSISTment 2017”. The “ASSISTment 2009” dataset comprises 101 concepts, with model inputs
represented as corresponding questions. It contains data from 4,151 students, including 1,196 in the
training set and 511 in the test set, yielding a total of 274,590 student–question interactions. Similarly,
the “ASSISTment 2017” dataset includes 101 concepts with model inputs likewise represented by
questions. This dataset encompasses 1,707 students (1,196 in the training set and 511 in the test set),
resulting in 864,703 recorded interactions. Both datasets include multiple student responses to identical
questions, as well as records with fewer than 11 question–answer interactions per student.

For the implementation of the PB-BoW KT model, during the data preprocessing procedure, we
excluded records containing fewer than 11 interactions and retained only the first response to each

2 https://sites.google.com/site/assistmentsdata/
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repeated question per student. The resulting dataset statistics, including the number of students and
interactions in both the training and test splits, are summarized in Table 1.

The experiments were conducted on two knowledge tracing models: the proposed PB-BoW KT
model and the KT-BiGRU [21] model.

Table 1. Dataset statistics after preprocessing. For each dataset, the number of students and total interactions are
reported, along with their distribution across training and test sets.

Dataset Questions Students Interactions
Total Train Test Total Train Test

ASSISTment 2009 101 818 556 262 23,722 16,511 7,211
ASSISTment 2017 101 1,641 1,144 497 69,712 47,856 21,856
COaA Course 120 1,115 891 224 19,339 15,555 3,784

The results reported in Table 2 demonstrate that the PB-BoW KT model consistently outperforms
the KT-BiGRU model across all three datasets in terms of both AUC and Accuracy. On the “ASSISTment
2009” dataset, the PB-BoW KT model achieves an AUC of 0.765 and an Accuracy of 0.760, exceeding
the KT-BiGRU scores of 0.753 and 0.713, respectively. A similar trend is observed on the “ASSISTment
2017” dataset, where the PB-BoW KT model attains an AUC of 0.733 and an Accuracy of 0.700, slightly
higher than the corresponding values of 0.716 and 0.686 obtained by KT-BiGRU. The most pronounced
performance gap appears in the “COaA Course” dataset, where PB-BoW KT achieves the highest results
overall with an AUC of 0.805 and an Accuracy of 0.787, compared to 0.736 and 0.706 for KT-BiGRU.

Table 2. The best results of AUC and Accuracy metrics per dataset and per Knowledge Tracing model.

Dataset PB-BoW KT model KT-BiGRU model
AUC Accuracy AUC Accuracy

ASSISTment 2009 0.765 0.760 0.753 0.713
ASSISTment 2017 0.733 0.700 0.716 0.686
COaA Course 0.805 0.787 0.736 0.706

These findings indicate that the PB-BoW KT model provides more robust predictive performance
and generalizes more effectively across different datasets, suggesting its suitability for knowledge
tracing tasks. In certain cases, relatively simple machine learning approaches can outperform deep
learning methods, while also providing the advantage of substantially reduced training time and
eliminating the need for GPU resources.

The PB-BoW KT model was trained on a system equipped with an 11th Generation CPU operating
at 2.40 GHz and 16 GB of RAM. For all the datasets, training was conducted for 20 epochs, with an
average runtime of approximately 5 seconds per epoch.

4.6. The DK-PRACTICE Platform Implementation

The DK-PRACTICE platform employs a client–server architecture, with the front-end developed
in PHP and JavaScript. Data is stored and managed through a MySQL database schema. In the
back-end of the platform, a security-enabled Flask3,4-based API (Application Programming Interface)
supports bidirectional communication with the machine learning models, providing outputs such
as “Next Question” recommendation and the final “Educational Recommendations”, which support the
delivery of personalized educational content. In addition, to ensure full functionality, the platform
provides user registration and password recovery services in compliance with security policies.

As mentioned above, the DK-PRACTICE platform supports three types of users: “administrator”,
“tutor” and “student". Thus users:

3 Welcome to Flask - Flask documentation, https://flask.palletsprojects.com/en/3.0.x/
4 Welcome to Flask - Sequrity documentation, https://flask-security-too.readthedocs.io/en/stable/
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• with the “administrator” role (Figure 5). Beyond the general oversight of the platform, the
administrator is tasked with the: (a) establishment of courses, (b) the registration of tutors, and (c)
the allocation of course management responsibilities to the corresponding tutors.

Figure 5. Administrator screen.

• with the “tutor” role have the permissions to create a test (Figure 6) by entering all the relevant
information and to set parameters such as starting and ending date and time (Figure 7), and
monitor the students’ performance individually and in groups per Test (Figure 8). The ability
to monitor test results enables the teacher to have an overview of the class’s knowledge state
regarding the specific course, and indeed for each educational object or concept.

Figure 6. Tutor screen: The Allocated Courses.

Figure 7. Tutor screen: The Test Settings.
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Figure 8. Tutor screen: Overview of the Class’s Knowledge State.

• with the “student” role can choose the course (Figure 9) and perform the tests set by corresponding
“tutor” (Figure 10). Additionally, each “student” has access to previous test performances to view
the results. In Figure 11, the results of the user Student 1 are shown after running a Test (for
example, the Test on 01-05-2025):

Figure 9. Student screen: Selection of Course Test.

Figure 10. Student screen: Answering the Test Questions.

– The success rate in the test, and whether the questions were answered correctly or incorrectly
(green color - correct answer, red color - incorrect answer)

– Personalized recommendations are generated by incorporating educational content and
estimating the rate of knowledge mastering through the knowledge tracing component. A
lower percentage associated with a given educational content item corresponds to a larger
proportion of red in the visual bar representation, indicating knowledge gaps in the concepts
associated with this educational content.

– The knowledge state, represented as the percentage of mastery for each concept, is derived
from the knowledge tracing component following the completion of the test. The green
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segment of the bar chart visualizes the proportion of knowledge acquired in the concepts
taught within the specific course.

Figure 11. Student screen: Test Results, Personalized Educational Content Recommendations, Personalized
Knowledge State According to the Learning Objects or Concepts of the Course.

5. The Case Study
The objective of this case study is to examine and assess the DK-PRACTICE platform and its

functionalities within a real learning environment in higher education. To this end, the platform
was implemented in the undergraduate course “Computer Organization and Architecture”, offered in
the second year of study within the Department of Information and Electronic Engineering at the
International Hellenic University in Greece.

As part of the case study design, two diagnostic assessments were implemented, targeting pri-
marily second-year students enrolled in the course and scheduled to participate in the subsequent
official examination period. The first assessment, hereafter referred to as the “Pre-test”, was adminis-
tered approximately one month before the official examination. Its purpose was to evaluate students’
knowledge readiness and to generate personalized recommendations for targeted study based on
identified areas of need. Following a two-week interval, a second assessment, hereafter referred to as
the “Post-test”, was conducted. This assessment was based on the assumption that the students had
engaged in the recommended learning resources and had studied the instructional material proposed
through the DK-PRACTICE platform.

In both experimental tests, students responded to 10 questions among the set of 120 questions,
the outcomes of which were used to assess their knowledge state concerning the 31 concepts covered
in the 20 course chapters (Table 3).

Based on this assessment, personalized content recommendations were generated to facilitate
further study and enhance knowledge acquisition. Apart from the initial question, each subsequent
question asked to a student was adaptively determined by the history of previous question responses.
This process was supported by the PB-BoW Knowledge Tracing model, which operates in the backend
of the platform.

Student participation in both assessments was strictly voluntary and based on informed consent.
Moreover, participation did not influence students’ grading outcomes, nor did it interfere with the
formal assessment procedures of the official examination period.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 December 2025 doi:10.20944/preprints202512.2641.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.2641.v1
http://creativecommons.org/licenses/by/4.0/


15 of 26

Table 3. Concepts and the Corresponding Chapters.

Concept_name Chapter Concept_name Chapter

CPU structure, 1.1 Interrupts, 3.2
Organization & Architecture. Instruction cycles,
Microelectronics, 1.2 Instruction phases.
Moore’s Law. QPI. 3.5
History. 1.3 PCI. 3.6
Embedded systems, 1.5 Cache mapping. 4.3
Microcontrollers. Semiconductor memory, 5.1
ARM architecture. 1.6 ROM.
Cloud computing. 1.7 Error correction. 5.2
Design for performance, 2.1 DDR Memory, 5.3
Performance balance. SDRAM.
Performance laws. 2.3 Flash memory. 5.4
Execution rate, 2.4 Magnetic disk organization. 6.1
Processor performance, RAID. 6.2
Performance measures, Programmed I/O. 7.3
Order execution rate.

5.1. Pre-Test Description

The first, “Pre-Test”, knowledge tracing test was to examine the knowledge state of the participat-
ing students. A total of 138 students participated, all of whom had previously registered and activated
their accounts. The test was administered in groups, a procedure determined by the availability of
laboratory facilities and computing resources. Two laboratories were used, which contained 25 and 27
internet-enabled workstations, respectively. Throughout testing sessions, the DK-PRACTICE platform
demonstrated reliable performance, supporting up to 50 simultaneous users without malfunctions in
its services. The tutor monitored the progress of the students in real time through the user interface of
the “tutor” of the platform (Figure 12).

Figure 12. A part of the tutor’s user interface during the “Pre-Test” process on the DK-PRACTICE platform,
showing student outcome monitoring.

In addition, the participants were asked to complete a questionnaire to record the user experience
regarding the functionality, usability, and environment of the platform. 31 of the 138 participants
completed and submitted the questionnaire shared online. Their responses provide valuable insight
into the user experience and are further analyzed below in Chapter 5.3.

The questions of the 1st questionnaire, along with demographic data such as year of study and
experience using e-learning platforms (where 65% of students responded positively), were divided
into the following categories:
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1. Pre-Test User Experience

(a) Navigation on the platform was smooth and seamless
(b) The platform’s features met my expectations
(c) Using the platform was easy and intuitive
(d) The design of the platform is pleasant and user-friendly
(e) The layout of the environment was logical and clear.

2. Knowledge Assessment and Impact on Learning

(a) The test accurately captured my knowledge in the course
(b) The platform was able to identify my strengths and weaknesses
(c) I trust the knowledge assessment process followed by the platform
(d) This experience helped me understand where I needed improvement
(e) I felt that the platform was adapted to my needs

3. Willingness to Use the Platform in the Future

(a) I would continue to use the platform in other courses
(b) I would recommend the platform to other students

5.2. Post-Test Description

The second test, “Post-Test”, conducted two weeks after the “Pre-Test”, aimed to evaluate
the quality of the personalized educational recommendations. A total of 106 students participated,
including 98 who also took part in the initial test.

Repeating the “Pre-Test” setup, two computer labs with 25 and 27 workstations connected to
the internet were used. The platform supported at least 50 simultaneous users without performance
issues, and allowed the tutor to monitor the knowledge progress of the participants both individually
and in group (Figure 13).

Figure 13. A part of the tutor’s user interface during the “Post-Test” process on the DK-PRACTICE platform,
showing student outcome monitoring.

After the test, participants were asked to complete a questionnaire on the test’s effectiveness.
Valid responses were received from 68 students who had participated in both assessments, with the
results presented below.

The questions of the 2nd questionnaire, apart from demographic data, are listed by category:

1. Post-Test User Experience

(a) The presentation of the material was organized and understandable
(b) I would use the platform again to test my knowledge
(c) My overall experience with the platform has been positive
(d) Use of the platform was pleasant
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(e) I felt that the platform understood my learning needs
(f) I feel that the platform has contributed to my progress
(g) I have a better picture of my weaknesses after this experience
(h) The personalization of the proposals was evident and useful
(i) I feel that I am better prepared for the exam

2. Effectiveness of Recommendations

(a) The content was relevant to the points I was lacking
(b) The suggested material helped me to better understand the subject matter
(c) The test of the second experiment recorded my progress
(d) The proposals met my real needs
(e) My progress from the first to the second test was evident
(f) I would use the platform again to test my knowledge

3. Willingness to use the platform by students

(a) I would continue to use the platform in other courses
(b) I would recommend the platform to other students

Both questionnaires were created to encompass a wide range of factors influencing student
experience, system reliability, quality of personalized recommendations, and perceived learning
progress. This multi-layered approach ensures valid and reliable evaluation outcomes, providing
evidence-based insights for improving the platform and integrating it effectively into educational
practices.

5.3. Evaluation

The evaluation of the platform is conducted according to two primary axes: User Experience and
Platform Effectiveness.

1. User Experience: In terms of user experience, the evaluation was conducted in two phases. The
first phase was implemented during the final stage of system development, during which the
platform was subjected to testing to identify usability-related improvements. The evaluation
highlighted issues concerning the visual presentation of questions, the display of results upon
test completion, and the functionality of the password recovery mechanism. Following the
incorporation of the necessary modifications, these issues were resolved, thereby ensuring the
platform’s readiness for deployment in the “Computer Organization and Architecture” course.
The second phase of the usability evaluation was carried out by the students who engaged with
the platform during the two testing sessions. In both evaluations, students reported a positive
user experience with the DK-PRACTICE platform.
The survey results of the “Pre-Test”, presented in the chart (Figure 14) demonstrate an overall
positive evaluation of the intelligent knowledge tracing platform by higher education students.
The highest levels of agreement were recorded for the statement “Using the platform was easy and
intuitive”, with 48.39% agreeing and 38.71% strongly agreeing, indicating that the platform’s
usability is one of its strongest features. Similarly, the layout of the environment was well received,
with 41.94% agreeing and 38.71% strongly agreeing that it was logical and clear.
The design of the platform was also evaluated positively, with 29.03% agreement and 38.71%
strong agreement, though this item received the highest proportion of neutral responses (29.03%).
Regarding functionality, 35.48% of students agreed and another 35.48% strongly agreed that the
platform’s features met their expectations, although 9.68% disagreed, suggesting some room for
improvement. Navigation was perceived as smooth and seamless by most respondents (32.26%
agreed, 38.71% strongly agreed), although 25.81% remained neutral. In summary, the findings
show that the DK-PRACTICE platform is largely intuitive, user-friendly, and effective, with only
a small minority reporting dissatisfaction. These results highlight strengths in ease of use and
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logical design, while pointing to opportunities for further refinement of features and overall
design appeal.

Figure 14. Pre-Test: User Experience Evaluation of using DK-PRACTICE platform by students.

Based on questionnaire answers after the “Post-Test” (Figure 15, most respondents expressed
satisfaction, with notable percentages agreeing or strongly agreeing with key statements about
platform usefulness. Specifically, 72.06% felt the material was well-organized, understandable, and
enjoyable to use. Additionally, students overwhelmingly believed the platform was beneficial for
their learning; a combined 73.53% of users agreed or strongly agreed that it contributed to their
progress and helped them identify their weaknesses more effectively. The most positive feedback
centered on the intention to reuse the platform, as 70.59% of respondents would use it again to test
their knowledge, demonstrating strong support for its effectiveness as a learning tool.

Figure 15. Post-Test: User Experience Evaluation of using DK-PRACTICE platform by students.
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2. Platform Effectiveness: This axis relates to the effectiveness of the services offered, specifically
the assessment of knowledge state and the educational recommendations during Pre-/Post- tests
performed by students.
The findings of the quality assurance questionnaire after “Pre-Test” indicate that students mostly
viewed the intelligent knowledge tracing platform DK-PRACTICE primarily positively (Fig-
ure 16). Most respondents chose “Agree” on all five items, with especially high agreement for
the statements “This experience helped me understand where I needed improvement” and “I trust the
knowledge assessment process followed by the platform”, both surpassing 60%. A significant number
of students also strongly agreed, especially regarding the platform’s ability to identify individ-
ual strengths and weaknesses and accurately assess their knowledge. Neutral responses were
moderate, while reports of disagreement or strong disagreement were minimal. These results
show that students generally see the platform as effective, reliable, and helpful for their learning,
highlighting its potential value in higher education.

Figure 16. Pre-Test: Knowledge Assessment and Impact on Learning through the DK-PRACTICE platform.

The “Post-Test” quality assurance questionnaire, given to higher education students, highlights
both the high use and perceived effectiveness of the DK-PRACTICE platform’s recommendation
system. As shown in Figure 17, most respondents actively engaged with the recommendations.
Specifically, 36.76% reported a moderate level of use (score of 3 on a 5-point scale), while a
significant number of students indicated a high degree of use, with 30.88% selecting a score
of 4 and 16.18% choosing the highest score of 5. These results suggest that the platform’s
recommendations were considered valuable enough to encourage active engagement, supporting
the platform’s role as a tool for personalized learning.
Further analysis of the survey data, as shown in Figure 18, confirms the high effectiveness of these
recommendations from the students’ point of view. Most students agreed or strongly agreed with
the statements, indicating a positive user experience. Notably, over 50% of respondents agreed
that “The content was relevant to the points I was lacking” and that “The proposals met my real needs”.
Additionally, a large percentage of students felt that the “suggested material helped me to understand
the subject matter better” and that “The test of the second experiment recorded my progress”.
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Figure 17. Post-Test: The Degree of utilization of recommendations.

Figure 18. Post-Test: Effectiveness of Recommendations.

These results collectively highlight the platform’s success in providing targeted and useful content
that genuinely helps students improve academically.

The findings of the quality assurance questionnaire after both tests show a strong willingness
among students to continue using the DK-PRACTICE] platform and to recommend it to others.

As illustrated in the Figure 19, most respondents chose higher ratings (4 and 5 on a five-point
scale), with 40% indicating that they would continue using the platform in other courses and 36%
stating that they would recommend it to fellow students. Furthermore, 22.58% of students reported
the highest level of willingness (5) to continue using the platform, while 27.1% showed the highest
intention to recommend it. Lower ratings (1 and 2) were minimal, indicating very little resistance to
future adoption or endorsement of the system. In general, the students valued its usability, design,
and potential as a learning tool.

Despite positive feedback, students identified areas for improvement. In “Pre-Test”, technical
issues such as system crashes were noted, but local network problems caused these. In “Post-Test”,
participants recommended features such as a timer, question navigation, a skip option, and semester
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access for continuing practice. Overall, the findings indicate that the platform effectively fulfills student
learning needs and is seen as a valuable and efficient educational resource.

Figure 19. Willingness to use the platform DK-PRACTICE platform by students.

6. Results and Discussion
The deployment of DK-PRACTICE illustrates the practical potential of integrating machine learn-

ing–based knowledge tracing with personalized recommendation mechanisms in higher education.
By accurately identifying individual learning gaps and providing tailored instructional content, the
platform supports both academic achievement and self-regulated learning. Its lightweight yet ef-
fective PB-BoW model not only outperforms deeper architectures in predictive accuracy but also
offers efficiency in training and scalability for large classrooms. The evaluation of DK-PRACTICE
focused on two interrelated dimensions: the technical performance of its knowledge tracing model
and the platform’s educational effectiveness in a real classroom environment. The predictive capacity
of the proposed PB-BoW model was benchmarked against the KT-BiGRU model using three datasets:

“ASSISTment 2009”, “ASSISTment 2017”, and the newly constructed “COaA Course”dataset. In all cases,
the PB-BoW approach consistently outperformed KT-BiGRU across both AUC and accuracy metrics.
The greatest performance gap appeared in the COaA dataset, where PB-BoW recorded an AUC of
0.805 and an accuracy of 0.787, outperforming KT-BiGRU’s 0.736 and 0.706. These results suggest that
the PB-BoW model provides more robust predictions, generalizes effectively across datasets of varying
size and complexity, and does so with considerably lower computational requirements. Training
was conducted efficiently on a standard CPU without the need for GPUs, requiring only around five
seconds per epoch, which underscores the model’s suitability for practical classroom applications
where resources may be limited.

The case study in the “Computer Organization and Architecture” course provided an opportunity to
evaluate how effectively the platform identifies knowledge gaps and supports learning progress A
total of 138 students participated in the “Pre-Test” phase, which aimed to establish baseline knowledge
levels across 31 concepts. The results of the “Pre-Test” confirmed that the system could identify
strengths and weaknesses with a high degree of accuracy. Survey responses indicated that more than
sixty percent of students trusted the system’s ability to reflect their actual knowledge state, and a
majority also reported that the assessment helped them to recognize areas in which improvement was
necessary. These findings highlight the role of the platform not only as a diagnostic tool but also as a
means of raising students’ awareness of their own learning needs.

As shown in Figure 20, the results of the post-test are consistently higher than those of the pre-
test across most course concepts. Gains are particularly pronounced in topics such as “QPI’’, “DDR
Memory”, “Interrupts’’, and “Magnetic disk organization”, where the post-test results clearly exceeded the
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pre-test baselines. This improvement demonstrates that the system’s recommendations were not only
relevant but also effective in guiding students toward addressing their weaker areas. Some concepts,
such as “Execution rate” and “Instruction phases”, showed relatively smaller improvements, suggesting
areas where further refinement of the recommendation mechanism or expansion of content resources
may be required. Overall, the comparative analysis indicates that students benefited significantly from
the adaptive learning process, validating the platform’s ability to translate diagnostic assessments into
tangible learning outcomes.

Figure 20. Comparison of “Pre-Test” (blue line) and “Post-Test” (orange line) performance across 31 course
concepts. The results illustrate consistent improvement in student knowledge following engagement with the
personalized recommendations provided by DK-PRACTICE.

The results from student questionnaires further support the effectiveness of the platform. During
the “Pre-Test”, more than 60% of respondents expressed trust in the system’s ability to accurately assess
their knowledge and identify strengths and weaknesses. Many students reported that the test helped
them gain a clearer understanding of where improvement was needed. In the “Post-Test” survey,
approximately three-quarters of the participants stated that the platform contributed positively to their
progress, with most agreeing that the recommendations were both relevant and useful. Additionally, a
large majority expressed willingness to continue using the platform in other courses and to recommend
it to peers.

Taken together, these findings highlight the dual strengths of DK-PRACTICE: its robust predictive
accuracy and its capacity to generate meaningful educational improvements. The chart comparing
Pre- and Post- tests results provides direct evidence that the system not only diagnoses knowledge
gaps but also helps students to address them, leading to measurable learning gains within a short
timeframe. Importantly, the PB-BoW model’s simplicity and computational efficiency show that
advanced deep learning architectures are not always necessary to achieve strong results in knowledge
tracing, especially when the goal is practical deployment in educational contexts.

The students’ positive evaluations further reinforce the value of integrating knowledge tracing
with personalized recommendations. The willingness of students to continue using the platform in
future courses indicates both satisfaction with its current design and confidence in its potential for
broader application. At the same time, the limited improvements in certain topics reveal opportunities
for refining the recommendation algorithms and enriching the content base to ensure consistent
benefits across all course areas.

In summary, the results demonstrate that DK-PRACTICE successfully bridges the gap between AI-
based research and classroom practice. By providing accurate assessments, effective recommendations,
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and measurable learning gains, the platform emerges as a scalable and practical tool for advancing
personalized learning in higher education.

7. Conclusions and Future Works
This study presented DK-PRACTICE, an intelligent platform that integrates knowledge tracing

with personalized recommendations to enhance learning in higher education. The proposed PB-BoW
model consistently outperformed a recurrent neural network baseline, achieving higher AUC and accu-
racy across benchmark datasets and the newly developed “COaA Course” dataset. Its efficiency and low
computational requirements demonstrate that robust predictive performance can be achieved without
complex deep learning architectures, making the model practical for real classroom deployment.

The case study in the “Computer Organization and Architecture” course confirmed the platform’s
educational impact. Pre- and Post- tests comparisons revealed measurable improvements in student
knowledge in most of the concepts evaluated, while surveys showed that students trusted the assess-
ments of the system, valued the relevance of its recommendations, and expressed a strong willingness
to reuse them in future courses. These findings validate DK-PRACTICE as both technically reliable
and pedagogically effective, successfully bridging the gap between AI-based research and classroom
practice.

The findings of this study also provide clear answers to the research questions posed. The PB-BoW
model demonstrated higher predictive accuracy and superior efficiency in detecting and predicting
student knowledge gaps compared to existing KT models. The personalized recommendations of the
platform had a direct impact on student performance, as evidenced by measurable learning gains
between the pre- and post-tests, and were reinforced by student reports of improved preparedness.
Finally, positive reception, coupled with low computational demands and stable performance in prac-
tice, suggests that DK-PRACTICE can be adapted across disciplines and scaled to broader institutional
use. Although smaller gains in certain concepts indicate areas for refinement, the results confirm that
the platform is accurate, impactful, and scalable in addressing the challenges of personalized learning.

Future work will focus on three directions. First, enhancing the recommendation engine and
expanding the content database will ensure more consistent improvements across all concepts. Second,
the integration of advanced models, such as attention-based or hybrid approaches, may further
improve predictive accuracy while preserving efficiency. Third, scaling the platform across multiple
disciplines and institutions, complemented by longitudinal studies, will provide evidence of its
broader applicability and long-term educational benefits. Student feedback also points to practical
improvements, such as timers, navigation features, and extended access, that could improve usability
and engagement.

In summary, DK-PRACTICE demonstrates the potential of combining knowledge tracing with
recommendation systems to deliver adaptive, personalized learning. With further refinement and
broader implementation, it represents a scalable tool capable of transforming higher education into a
more data-driven, student-centered environment.
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The following abbreviations are used in this manuscript:
KT Knowledge Tracing
PB-BoW Paired-Bipolar Bag-of-Words
BoW Bag of Words
RNN Recurrent Neural Network
ML Machine Learning
AI Artificial Intelligence
BKT Bayesian Knowledge Tracing
IRT Item Response Theory
DKT Deep Knowledge Tracing
DKVMN Key-Value Memory Networks
SAKT Self-Attentive Knowledge Tracing
GIKT Graph-based Knowledge Tracing
KSGAN Knowledge Structure-aware Graph Attention Network
EKT Exercise-Enhanced Sequential Modeling
KT-BiGRU Knowledge Tracing Bidirectional Gated Recurrent Unit
GPU Graphics Processing Unit
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