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Editorial

The expansion of digital transformation, advanced scientific methods, and innovative pedagogical
strategies continues to reshape diverse fields of knowledge and practice. From education and
artificial intelligence to atmospheric science, electrical engineering, and instructional reform,
research efforts are converging to address pressing challenges while creating pathways for
improvement and innovation. The following studies highlight significant contributions across these
domains, illustrating how technology, models, and frameworks can enhance performance,
accuracy, and adaptability in both academic and industrial contexts.

The quality of higher education in Brazil faces significant challenges arising from digital
distractions, weak academic foundations, and high dropout risks. To address these issues, a
machine learning-based assessment tool called AILA has been developed to predict academic
performance and recommend personalized study resources. Using psychometric profiles of more
than 41,000 students, the system provides tailored support in fundamental areas such as
Portuguese and Mathematics. With CatBoost achieving an accuracy of 0.74 in predicting
proficiency, the findings demonstrate how artificial intelligence can optimize individual learning
trajectories, strengthen academic engagement, and support institutional strategies for improving
student outcomes [1].

In regions with limited ground-based ionospheric monitoring infrastructure, satellite-based
approaches are offering new opportunities for atmospheric science. Using radio occultation data
from the COSMIC-2 mission, this study provides the first analysis of ionospheric peak parameters
over equatorial Africa. Results show distinct diurnal and seasonal variations, with NmF2 values
peaking after sunrise and reaching higher levels during equinoxes compared to solstices. A
comparative analysis with the IRI-2016 model revealed significant overestimations, particularly
during declining phases, with discrepancies reaching up to 60 percent. By highlighting these
differences, the research underscores the value of satellite-based observations for improving
ionospheric modeling in regions where data has been historically scarce [2].

In the study of electrical machines, the influence of MMF space harmonics on squirrel-cage
induction motors has long been recognized, yet often fragmented in analysis. This work integrates
the origin, behavior, and interaction of harmonics into a unified system that explains parasitic
torques, magnetic force waves, and their physical relationships. A comprehensive equivalent
circuit diagram and tabulated representation of magnetic forces provide clarity on synchronous
and asynchronous phenomena, reducing the need to consider an infinite range of harmonics. By
identifying the harmonics most relevant to design and performance, the study offers both
theoretical and practical contributions, enabling more precise calculations and more efficient
motor design methodologies [3].

Engineering education requires adaptive pedagogical models that align academic learning with
the demands of rapidly changing industries. This research proposes a blended instructional
framework based on micro-topic pedagogy under the New Engineering Education paradigm. In a
quasi-experimental study involving 132 learners, the experimental group using the micro-topic
approach demonstrated significant improvements in applied skills, participation, and problem-
solving abilities compared to traditional methods. Real-time simulation tools and adaptive
feedback mechanisms amplified these outcomes, with a 23 percent increase in troubleshooting
proficiency. The results position this model as a scalable and effective strategy to strengthen
interdisciplinary expertise and bridge the gap between academic training and professional
application [4].

Together these studies underscore the transformative power of advanced technologies,
systematic analysis, and pedagogical innovation across different fields. Whether enhancing
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learning outcomes in higher education, improving ionospheric modeling, optimizing electrical
machine design, or reforming engineering education, these contributions provide practical
solutions and theoretical advancements. They collectively highlight how interdisciplinary
approaches and technological integration can drive progress in both scientific research and
societal development.
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Ensuring the quality of higher education in Brazil presents a complex challenge, intensified by
factors that directly affect students’ academic performance. The pervasive influence of social
media and the overconsumption of superficial digital content undermine students’ ability to
engage in deep comprehension, critical thinking, and the practical application of knowledge.
Furthermore, inadequate preparation during the preceding educational years hinders students’
ability to adapt to the academic demands of higher education, leading to difficulties in academic
progression and increased dropout rates. In view of the above, this paper explores the potential
of Machine Learning models (ML) in predicting the academic performance of higher education
students within the Anima Educacdo ecosystem, Brazil. The contribution of this work is the
development of an artificial intelligence-based assessment tool called AILA that recommends
personalized study content for fundamental skills such as Portuguese and Mathematics, based
on the psychometric profile of each student. This approach aims to optimize the learning
process by addressing individual needs, enhancing academic performance, and overcoming the
challenges faced by students in the contemporary educational landscape. Psychometric profile
data were collected from approximately 41,296 incoming students of the Anima Educacdo
universities on the following dimensions: learning, social intelligence, emotional management,
socio-emotional skills, teaching method, and knowledge area of the students. The AILA ML
models presented good results in predicting students’ basic skills performance in the binary
and regression approaches. Specifically, the CatBoost model showed an accuracy of 0.74 in
predicting scores on the Portuguese and Mathematics and Logical Reasoning proficiency tests.

1. Introduction

enter university lacking essential competencies may struggle to
maintain academic progress, ultimately leading some to withdraw.

This paper is an extension of the paper originally presented at
the 2024 IEEE 12th International Conference on Intelligent Systems
[1]. The 2024 Map of Higher Education in Brazil, published by the
Semesp Institute, reveals that more than a half of university students
(57.2%) drop out before completing their courses [2]. A potential
contributor to the high student dropout rate in Brazil’s higher ed-
ucation system is the deficient quality of public basic education,
largely due to insufficient government investment in the sector. Fur-
thermore, the growing influence of social media and the excessive
consumption of superficial digital content have contributed to a
reduced capacity for deep comprehension, critical analysis, and the
practical application of knowledge. In [3], the authors argued that
excessive daily internet use can lead to family conflicts, impaired
communication, superficial relationships, learning difficulties, anx-
iety disorders, and attention deficits. Consequently, students who

A practical illustration of the substandard quality of education
in Brazil is provided by the nation’s performance in the Program
for International Student Assessment (PISA), a study administered
by the OECD (Organization for Economic Cooperation and Devel-
opment). PISA evaluates the knowledge of 15-year-old students
in the domains of reading, mathematics, and science. In the PISA
2022 study, which assessed 81 countries, Brazil ranked among the
20 lowest-performing nations in two of the three evaluated subjects
[4]. Moreover, the country scored below the OECD average across
all domains. The results indicate that approximately 50% of Brazil-
ian students failed to reach the minimum proficiency level in the
assessed areas.

Insufficiency in basic skills represents one of the main challenges
faced by university students, directly impacting their academic per-
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formance. According to [5], difficulties in academic writing and text
interpretation compromise the ability of students to organize ideas,
write coherent texts, and adequately express their knowledge, thus
hindering their performance in assessments and academic assign-
ments. Similarly, the study of [6] reveals that gaps in fundamental
mathematical skills, such as fractions and problem-solving, can hin-
der academic progress, especially in courses that require quantitative
reasoning. These limitations often necessitate remedial coursework,
which extends the duration of studies and contributes to higher
dropout rates.

Furthermore, the basic skills play a critical role in the develop-
ment of higher-order cognitive abilities, such as analytical thinking
and problem-solving [7]. The absence of these fundamental skills
can significantly impair a student’s ability to engage with more
complex academic content and tasks. Without a solid foundation in
essential areas like literacy and numeracy, students often struggle
to make connections between different concepts, analyze problems
critically, and apply learned knowledge to real-world situations. As
a result, their ability to develop academic autonomy is severely hin-
dered. This lack of autonomy in turn affects their capacity to manage
learning independently, which is vital for success in higher educa-
tion. Students who are unable to independently navigate through
academic challenges often rely heavily on external support, such as
remedial courses or additional tutoring, which further extends their
time in the education system.

In this way, the lack of basic skills not only directly impacts
academic performance but also prevents students from developing
the necessary self-regulation and problem-solving strategies that are
essential for lifelong learning and success in the professional world.
Consequently, addressing these deficiencies early in a student’s aca-
demic career is essential for fostering both academic independence
and long-term educational success [8].

Given this, a number of studies have explored the application of
machine learning (ML) as a strategy to address the aforementioned
issues. Some of the studies involve the use of data analysis and
prediction techniques to assess students’ academic performance and
psychometric profiles. Psychometric profiling is a way to under-
stand an individual’s psychological and behavioral characteristics.
This is done through psychometric tests that measure the cognitive
abilities, personality traits, motivation, interests, and attitudes and
can be used to understand how a person thinks, learns, and behaves
in different situations [8].

Contemporary psychometrics has shown a significant potential
in enhancing psychological assessments, particularly through the
integration of ML algorithms [9]. These algorithms possess the
ability to improve their performance over time, learning from new
data and experiences. This capability allows the inclusion of prob-
abilistic relationships within computer programs, enabling more
nuanced and accurate predictions of individual behavior and charac-
teristics. Unlike traditional educational technology tools that rely on
predefined, rigidly programmed rules to process inputs and generate
outputs, ML models offer a dynamic and adaptive approach. They
can continuously evolve based on incoming data, providing greater
flexibility and responsiveness in the analysis. This adaptability is
a key advantage, as it enables psychometric tools to stay relevant
and effective as new patterns and insights emerge, making them far
more powerful in real-world applications where data and conditions
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are constantly changing.

In [10], for instance, a hybrid regression model was proposed
to enhance the accuracy of predicting student grades in various
subjects. Additionally, an optimized multi-label classifier was de-
veloped to qualitatively predict the factors that influence student
performance. The model employs three dynamic weighting tech-
niques: collaborative filtering, fuzzy set rules, and Lasso linear
regression. This integration of techniques enables a more flexible
and adaptable analysis of the variables that impact learning.

Despite significant advances in recent literature on student per-
formance prediction, several limitations persist, including chal-
lenges related to imbalanced datasets, unreliable data sources, and
concerns regarding the transparency and quality of artificial intel-
ligence (AI) models [11, 12]. These limitations pose substantial
challenges in the practical application of predictive tools within
real-world educational environments. Specifically, they hinder the
ability to generate accurate and reliable insights into student perfor-
mance, which are essential for formulating evidence-based learning
strategies. In the absence of high-quality data and robust model
transparency, the reliability of predictions is compromised, making
it difficult for educators to make informed decisions. Consequently,
this undermines the effectiveness of personalized learning interven-
tions and hampers the creation of adaptive educational strategies
that can cater to the diverse needs of students. Overcoming these
challenges is crucial for ensuring that predictive analytics can be
used to meaningfully enhance educational outcomes and improve
the overall learning experience.

In view of the above, this paper presents the AILA (Artificial
Intelligence for Learning Assistance) project, that aims to study
and implement an Al-based algorithm that utilizes multiple ML
models to evaluate students’ performances and suggest appropriate
academic content to assist the students of Anima Educacio. This
tool enhances the accuracy of student performance predictions by
integrating diverse data sources, enabling more effective manage-
ment of unbalanced data sets and improving the transparency of its
recommendations.

AILA was developed to enable a more accurate diagnosis of
learning gaps, thereby supporting personalized interventions aimed
at improving student performance. Leveraging machine learning
models, AILA generates individualized learning plans, ensuring
targeted support aligned with each student’s specific needs. This
innovative tool aligns with the institutional and academic objectives
of higher education institutions by enhancing retention rates, min-
imizing the need for remedial instruction, and promoting a more
efficient academic trajectory. Ultimately, the algorithm offers a data-
driven approach to learning, fostering continuous improvement in
student outcomes and advancing educational quality.

The case study of AILA was implemented among incoming
students at Anima Educacio Group, with the objective of providing
personalized recommendations based on each student’s psychome-
tric profile. The Anima Educacdo Group is a prominent private
educational organization in Brazil, operating 25 educational brands
and managing over 500 educational centers nationwide, with a stu-
dent population of approximately 400, 000.

The data collection process for the mapping phase of this study
occurred in two distinct methods. First, a series of questionnaires
were answered by university students who have recently entered
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their courses at one of Anima’s higher education institutions. The
Likert scale [13], a prevalent instrument in questionnaire design, was
used to employ a five-point scale ranging from “never” to “always.”
This scale is commonly utilized in the examination of attitudes,
beliefs, and behaviors. The questionnaires are organized into three
dimensions of knowledge: socio-demographic, socio-cognitive, and
socio-emotional. In addition, the students completed Portuguese
and Logical Reasoning tests.

These data were pre-processed and, based on the quantitative
average of the scores obtained in the questionnaires/tests, the stu-
dents are mapped as Naive, Beginner, Apprentice or Advanced and
receive a recommendation based on this taxonomy. After this map-
ping, the ML models are then used to predict the students’ scores in
the Portuguese Language and Logical Reasoning diagnostic tests.
This prediction is done considering three approaches:

e Binary Classification: The prediction is whether the students
achieved high performance (1) or low performance (0) in
these tests, based on the average scores of the population and;

e Multi-class Classification: The target variable is the classes
of the taxonomy.

e Regression: The models predict the students’ scores;

The case study demonstrates the effectiveness of AILA’s ma-
chine learning models in predicting academic performance by in-
tegrating students’ psychometric variables, thereby enhancing pre-
dictive accuracy. This approach underscores the importance of
incorporating Al into teaching methodologies to support both stu-
dents and educators. By identifying students’ strengths, weaknesses,
and potential academic difficulties in advance, AILA enables the
provision of targeted resources to mitigate challenges and foster
academic success

A total of 41,296 students completed the aforementioned ques-
tionnaires between September 2023 and October 2024 via a custom-
developed web application. In addition to data collection, this
application features a user-friendly interface that presents the learn-
ing content recommended by the models in a clear and accessible
manner. The following ML models were employed: CatBoost, De-
cision Tree (DT), Random Forest (RF), XGBoost, Support Vector
Classifier (SVC), and Support Vector Regressor (SVR), all of which
demonstrated strong performance across regression, binary, and
multi-class classification tasks. For example, the CatBoost model
achieved an accuracy of 0.74 in predicting proficiency scores in
Portuguese and logical-mathematical assessments using a binary
classification approach. In contrast, under a multi-class configu-
ration, the XGBoost and Decision Tree Classifier yielded better
results. A comprehensive analysis and discussion of these findings
are presented in Section 5.

The rest of this paper is organized as follows: Section 2 presents
a summary of the literature, containing works that explore the use
of ML models to assess student performance. In Section 3 con-
cepts and methods relevant to this research are discussed. Section 4
explains the processes carried out to test the models and provides
a comparative analysis of their performance. Finally, Section 6
presents our conclusions about the study.

www.astesj.com

2. Related Works

According to [14], predicting students’ academic performance
has become an increasingly complex task due to the growing vol-
ume and variety of data within educational systems. The authors
argue that prevailing predictive methods remain insufficient for accu-
rately identifying the most appropriate techniques to assess student
performance in higher education institutions. Additionally, the iden-
tification of factors influencing student performance remains an
underexplored area requiring further investigation, highlighting the
need to determine which variables exert the most significant impact
on academic outcomes.

Given this, a number of studies have been conducted in the liter-
ature to explore the use of ML models as a strategy to assess student
performance in various domains. Among these studies, some are
particularly noteworthy due to their relevance to the current research
and the significant contributions they have made. In [14], the au-
thors conducted a comprehensive review of 162 studies that utilized
ML techniques to predict student performance between 2010 and
2022. The study of [15] proposes an intelligent system based on
ML to predict students’ academic performance, taking into account
factors such as attendance, grades, and participation in activities.
Algorithms such as Random Forest and Support Vector Machines
(SVM), which have been shown to be effective in analyzing aca-
demic data, were used. The model developed showed an accuracy of
85%, standing out for its ability to accurately predict performance,
with great potential for personalizing pedagogical interventions and
optimizing educational outcomes. A key point observed in that
research is that the appropriate choice of variables (features) can
significantly influence the quality of the predictions.

The use of deep neural networks (DNN) to assess the quality
of English language teaching is explored in [16], offering a more
effective alternative to traditional methods. With an accuracy rate of
97%, the model is able to process large amounts of data and capture
the semantic nuances present in texts, facilitating evaluation in a
scalable and less subjective way. The research demonstrates how
automating the feature extraction process can reduce cost and time,
while improving the accuracy and consistency of scores, bringing
an innovative solution to the field of language teaching.

The study of [17] utilizes ML algorithms to identify low-
engagement students in a social science course at the Open Univer-
sity (OU) and assess how engagement affects performance. The anal-
ysis included variables such as education level, assessment scores,
and interactions with virtual learning environment (VLE) activities.
Several ML models, including decision trees and gradient-boosted
classifiers, were tested, with the best performance in accuracy and
recall. A dashboard was developed to help instructors monitor stu-
dent engagement and provide timely interventions, further exploring
the relationship between engagement and course assessment scores.

In [18], the use of ML models is proposed to predict the de-
velopment of university students’ skills over the course of their
studies. By analyzing performance data in assessments and ex-
tracurricular activities, the authors were able to identify patterns
that allow them to predict the evolution of students’ cognitive and
socio-emotional skills. The results show that deep learning models
are effective, achieving 90% accuracy, and provide an agile way to
tailor pedagogical approaches to students’ individual needs.
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The application of ML in the development of flexible learning
environments is examined in [19], highlighting its potential to en-
able new forms of personalized instruction. The study shows how
ML models can be used to adapt the content and pace of teaching
to the needs of each student, resulting in greater engagement and
better academic outcomes. In addition, automating the assessment
process helps eliminate human bias, promoting a fairer and more
accurate way of assessing students. Based on data collected in real
time, the study suggests how curricula and pedagogical strategies
can be continuously adjusted to promote more inclusive learning.
[20] presents a comprehensive analysis of the literature on how
ML has been applied to identify characteristics that affect students’
academic performance. The review of 84 publications found that
academic and demographic variables, such as grade history and
attendance, are the most commonly studied. The study indicates
that, although existing models yield satisfactory performance, incor-
porating additional factors—such as family dynamics and students’
psychological characteristics—could enhance predictive accuracy.
Moreover, it emphasizes that expanding educational databases is
essential to optimizing personalized interventions.

A detailed review of the use of ML in online education is pre-
sented in [21], with a particular focus on enhancing student skill
acquisition. The study shows that techniques such as content person-
alization, automatic correction, and progress prediction have been
effective in optimizing learning. However, the authors also highlight
important challenges, such as privacy issues and model accuracy,
and suggest that more research should be done to overcome these
limitations. Collaboration between educators, researchers and plat-
form developers is also seen as essential to maximize the positive
impact of ML in education. In [22], the authors reviews the main
applications of Al and ML in digital education, covering topics
such as intelligent tutors, dropout prediction, adaptive learning and
process automation. The work shows that artificial neural networks
and SVM are the most widely used algorithms, with an emphasis
on predictive models aimed at preventing dropout and improving
student performance.

The study [23] explores ML application to predict the devel-
opment of university students’ basic skills throughout their course.
Using algorithms such as RF and SVM, the research analyzed aca-
demic performance data and practical activities to identify the stu-
dents most likely to succeed or struggle. The ML model proved
effective in identifying patterns, allowing for faster and more person-
alized interventions, which could be crucial in optimizing students’
learning and academic development.

In [24], the author focus is on predicting which students are at
risk of dropping out of courses on online learning platforms such
as MOOC:s and Learning Management Systems (LMS). Using ma-
chine learning and deep learning algorithms, the study analyzed
variables such as performance in assessments, engagement, and
online behavior to identify students at risk at an early stage. The
model, based on the RF algorithm, achieved excellent results in
terms of precision and recall, demonstrating how engagement data
can significantly improve the effectiveness of predictions. This al-
lows for timely intervention to prevent students from dropping out
and improve their academic performance.

The work of [25] investigates the use of deep neural networks
(DNN) to predict the academic performance of students in a data
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structures course. The model achieved 89% accuracy when using
the SMOTE oversampling technique based on students’ grades from
previous courses. In addition, DNN outperformed other ML al-
gorithms, such as SVM and RFs, on several performance metrics.
The research suggests that the model could be a valuable tool for
identifying at-risk students early in the semester, enabling early
intervention to improve academic outcomes.

Thus, several studies have been proposed to use ML models to
improve the design of educational systems and create a more per-
sonalized and effective learning experience. However, challenges
persist regarding feature selection, dataset size and balance, and
the explanatory power and reliability of these models. Furthermore,
there is a lack of studies that have applied the results of these models
in real-world settings and presented the models’ predictions and
recommendations through a user-friendly interface.

3. Main Concepts

This section provides an overview of the main concepts and
methods used in this study, aiming to make the reading smoother
and the understanding more accessible. The goal is to clarify how
ML techniques can be applied to assess academic performance,
contributing to promoting student success. Section 3.1 outlines
the fundamental concepts underlying student performance analysis
and their application within the scope of this study. Section 3.2,
in turn, presents and defines the ML models employed to predict
deficiencies in essential academic skills.

3.1. Elements for Student Performance Analysis

As defined by [26], performance can be understood as the way
someone or something acts or behaves, measured by its output. In
the educational context, student performance refers to the assess-
ment of students based on criteria that consider essential compe-
tencies for the current scenario [27]. In this study, performance
analysis is conducted through three main approaches: the Likert
Scale [13], the Item Response Theory (IRT) [28], and the principles
of Psychometrics [8].

The Likert Scale is a widely used instrument for assessing per-
ceptions and preferences, and it is classified as a summative as-
sessment method [13]. It offers response options arranged in a
progressive order, typically ranging from strong disagreement to
strong agreement. In the context of this study, the Likert Scale is
employed to measure an individual’s self-perceived proficiency in a
given skill, using a five-point scale with the following categories:
“never,” “rarely,” “sometimes,” ”often,” and “always”.

The concept of psychometrics can be approached in various
ways, one of which is its application in assessing an individual’s
psychological traits [29]. In this sense, psychometrics involves
the development of measurement tools, such as tests, scales, and
questionnaires, to perform a precise and valid analysis of different
aspects of human behavior [8]. Moreover, psychometrics extends
beyond simple measurement by emphasizing the quality and accu-
racy of assessment instruments. Its primary aim is to ensure that
these instruments yield consistent results while effectively capturing
the constructs they are intended to measure [30]. Guided by these
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principles, this study applied psychometric concepts to construct
the profile of the analyzed students, as detailed in Section 4.

3.2. Machine Learning (ML)

The field of machine learning focuses on developing algorithms
capable of learning directly from data rather than following prede-
fined commands [31]. The primary goal is to build computational
systems that, when fed with a dataset, can generate models to make
predictions, classifications, or identifications based on the acquired
knowledge. Within this context, we applied various ML approaches
to address the proposed problem, including Decision Tree, Random
Forest, Neural Network, and Support Vector Machine. The ML
techniques used in this study were:

e Decision Tree (DT): According to [32], a Decision Tree [33]
is a hierarchical, branched structure composed of nodes and
branches. At each internal node, a decision is made based
on a test applied to input variables, guiding the flow along
specific branches. The terminal nodes, or leaf nodes, provide
the predicted values of the target variable or the associated
probability distributions. According to [34], the Decision
Tree, known for its quick understanding and ease of imple-
mentation, is often adopted in decision support systems in
the healthcare field. Its versatility makes it applicable in
various domains, offering benefits in terms of efficiency and
simplified operation. With the ability to generate clear and
easy-to-understand analyses, DT establishes itself as a valu-
able tool to optimize decision-making processes in different
contexts, standing out for its accessibility and effectiveness in
various areas of knowledge.

¢ Random Forest (RF): The Random Forest method, as de-
scribed by [33], consists of a set of classifications based on
decision trees, where each tree is influenced by a random
vector. This vector is generated independently and follows a
uniform distribution among the trees in the forest. Various ap-
proaches can be applied to construct these vectors, including
bagging, estimated selection of splits, output randomization,
and estimated attribute selection. The fundamental principle
of this model lies in the independence of the generated vec-
tors for each tree individually. By gathering a large number
of trees and combining their decisions, the technique aims
to increase accuracy in data classification for ML problems.
This is achieved because, after building the trees, the final
prediction is determined based on the most voted class by the
ensemble [35].

e Support Vector Machine (SVM): Introduced by [36], SVM
is a ML technique for binary classification problems. Its
approach involves transforming input vectors through a non-
linear mapping into a high-dimensional space, where a linear
decision boundary is constructed with specific characteristics
that ensure good generalization capability. Originally, this
model was developed to handle perfectly separable datasets
but was later improved to accommodate scenarios where data
exhibits overlap and is not completely separable.
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e XGBoost: As detailed by [37], XGBoost is a ML model
based on decision trees, designed to maximize computational
efficiency and predictive accuracy. This method is distin-
guished by using ”boosting,” an approach where each sub-
sequent tree seeks to correct the errors of the previous ones.
XGBoost differs from conventional methods by integrating
regularization mechanisms that minimize the risk of overfit-
ting, applying, among other strategies, data partitioning and
parallelism in tree construction. Its ability to scale processing
of large data volumes makes it a popular choice for a wide
range of predictive problems. Additionally, the model en-
hances classification accuracy by coordinating the integration
of multiple trees, focusing on reducing bias and variance. Ac-
cording to [37], XGBoost was developed to be an effective,
versatile, and easy-to-implement tool, making it a predomi-
nant choice in competitions and practical applications.

o CatBoost: It is an ML algorithm that stands out for its ability
to optimize performance in decision tree-based models, es-
pecially when dealing with categorical data. The algorithm’s
main innovation is the use of Ordered Target Statistics, a
method that improves the encoding of categorical variables
and thus reduces the risk of overfitting by preventing informa-
tion from leaking improperly during training [38]. Addition-
ally, CatBoost implements a symmetric boosting approach,
which ensures greater training efficiency and enhances the
model’s ability to generalize to new data. These advance-
ments make CatBoost an effective solution for classification
and regression problems, particularly useful in contexts with
large data volumes and challenging tasks, such as those in
finance and marketing sectors [39].

4. Proposed Modeling

In this section, we present the models implemented for under-
standing the relationship between the psychometric profiles of the
students and their performance in basic skills. The primary objec-
tive of this study is to develop the ML models, which aim to assess
both the knowledge of the Portuguese Language and Mathematical
Reasoning. The implementation of these methods will facilitate
the determination of the relationship between different psychome-
tric domains and the teaching and learning of these fundamental
subjects, which can support the students with the recommendation
of relevant content to improve their abilities. The information was
modeled based on three output configurations:

¢ Binary Classification: categorizes students into two groups:
“high performance” (1) or “low performance” (0).

e Multi-class classification: classifies students based on the
four classes or taxonomies: Naive, Beginner, Apprentice, and
Advanced, with Naive having the lowest scores and Advanced
the highest.

o Regression: the regression analysis, in turn, is used to predict
the scores in the assessments, showing the improvement of
the students. In addition, logistic regression, based on the idea
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of “propensity scores’, is used to identify the correlation be-
tween student grades and other factors, helping to understand
the elements that influence their grades [40].

The development of the predictive models was guided by the
Cross-Industry Standard Process for Data Mining (CRISP-DM)
methodology [41], ensuring a structured, systematic, and replicable
approach. The use of CRISP-DM enabled a logical progression
from data understanding to model implementation, ensuring that
each step effectively contributed to the quality and accuracy of the
predictions. Figure 1 shows the process of this methodology.

Data
Understanding

Y

Data
Preparation

<3\ 7l
|

n Modeling

Business ¢
Understanding

Deployment

Evaluation

Figure 1: Phases of CRISP-DM applied to this study.

The application of CRISP-DM began with business and data
understanding, during which the project objectives were defined
and the characteristics of the data collected from student question-
naires were analyzed. These questionnaires — comprising emo-
tional states, cognitive behaviors, and academic routines — under-
went a rigorous preparation process conducted by educators from
Anima, which was essential to ensuring data quality and reliability.

During the data preparation phase, standardization and en-
coding techniques were applied to ensure data consistency and
compatibility, optimizing it for subsequent modeling. This careful
preparation was essential for generating a robust dataset that served
as the foundation for building effective predictive models.

Following the data preparation stage, the process advanced to
the modeling and evaluation phases, during the ML models were
trained, fine-tuned, and rigorously assessed for performance. Fi-
nally, in the deployment phase, AILA’s models and their artifacts
were structured to ensure reusability and seamless integration into
production environments. A web-based application was developed
to make the models’ personalized learning recommendations acces-
sible to students in a user-friendly and practical manner, thereby
completing the CRISP-DM cycle and establishing this study as a
practical contribution to real-world educational contexts.
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4.1. Data Understanding and Preparation

As previously mentioned, the data used to train and test the
ML models were collected through psychometric questionnaires
designed to assess students’ emotional states, cognitive behaviors,
and academic routines, along with diagnostic tests measuring profi-
ciency in fundamental skills (Portuguese and Logical Reasoning).
These instruments were administered to incoming students at Anima
Educacao institutions, as illustrated in Figure 2.

Questionnaires

1
v v

(Psychometric

—

Questionnaires) (Diagnostic Tests)

—»] Social Intelligence M»|Portuguese Language

Social Responsibility Mathematical Logical

> and Diversity g Reasoning
—»| Life and Career
Ly Self-Regulation of

Learning

Figure 2: Questionnaire Flowchart

It is important to note that the aforementioned data were pro-
cessed in accordance with Brazil’s General Data Protection Law (Lei
Geral de Protecdo de Dados Pessoais — LGPD), which safeguards
privacy and ensures information security. Participation in the study
was limited to students who provided full consent, reinforcing ethi-
cal research practices and legal compliance established by Anima
Educacio institutions. Although participation was voluntary, several
measures were taken to mitigate self-report bias and preserve the di-
versity and representativeness of the sample. These included the use
of validated psychometric instruments with clear, neutrally worded
items; the assurance of anonymity and confidentiality to reduce
social desirability effects; the incorporation of consistency checks
across similar items; and the inclusion of control questions to iden-
tify inattentive responses. Moreover, behavioral frequency-based
questions were prioritized over abstract self-assessments. Prior to
responding, students were clearly informed about the purpose of the
study and were encouraged to answer honestly

All data collected in this study were securely stored on AWS
infrastructure, through an account managed by Anima. Access
to both the source code and the MongoDB database was strictly
limited to the project team, in compliance with privacy and data
protection requirements. The application and database are hosted
on an EC2 instance, ensuring controlled and secure access aligned
with industry-standard data security practices.

The psychometric questionnaires were constructed using the
Likert Scale, discussed in Section 3.1, and subjected to a statistical
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Figure 3: ML Workflow

analysis to aim to validate their effectiveness in mapping the correct
profiles based on population analysis. The diagnostics were devel-
oped by the specialized professionals in pedagogical intervention.

4.2. Modeling

Figure 3 provides an overview of the ML workflow designed
for this study. This modeling framework encapsulates the main
stages of the process, from the collection of psychometric and di-
agnostic data to the training and evaluation of predictive models.
This representation provides a clear and systematic overview of the
process, enhancing methodological transparency and supporting the
reproducibility of the study.

4.2.1. Data Pre-processing

The preliminary processing of data is of the utmost importance
for the construction of predictive models, as it ensures the quality
of the information. To this end, we employed data derived from
questionnaires described in Section 4.1. To ensure data standardiza-
tion and compatibility, we implemented variable normalization and
coding techniques.

We applied the numerical data to undergo MinMaxScaler nor-
malization, which scales the values between 0 and 1. This normal-
ization enhances model stability by mitigating distortions caused
by features with varying scales and units, such as the number of
clicks on VLE activities compared to assessment scores [42]. By
standardizing the numerical data, the model can more effectively
learn relevant patterns without being disproportionately influenced
by any single feature.

For categorical variables, the OneHotEncoder method was used,
converting each category into binary representations. This approach
ensures that the model does not assign any hierarchical or ordinal
relationships between categories, treating each one independently
and without bias [42]. By encoding variables such as different VLE
activities (e.g., forums, resources) separately, the model can better
capture the impact of each activity on student engagement. These
preprocessing techniques enhance the quality of the data and im-
prove the ability of the ML models to accurately predict student
engagement.

4.2.2. Used Models

A comparative analysis was conducted to evaluate the efficacy
of several models to predict student’s performance in this study.
The analysis revealed that XGBoost exhibited superior performance
in terms of efficiency in decision trees and the capacity to process
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substantial volumes of data. CatBoost also demonstrated satisfac-
tory results, particularly in scenarios involving disorganized data.
Additionally, simple decision trees were utilized for comparative
purposes, along with Random Forest, which was noteworthy for its
stability and predictive capacity. For complex data, SVM was used,
as it performs well on many variables [43].

4.2.3. Parameter Adjustment and Validation

The models were adjusted using the method GridSearchCV, an
exhaustive search of various combinations of adjustments, with the
aim of identifying the best option for prediction. To prevent the
model from learning too much from the training data alone, k-fold
cross-validation was used, ensuring a good forecast on new data.
Studies demonstrate that this practice improves the prediction of
academic performance by reducing statistical errors [44].

4.2.4. Evaluation Metrics

Accuracy is a widely used metric for evaluating the performance
of a specific model, reflecting the ratio of correct predictions to total
observations [45]. This metric can be used to further evaluate a
model by measuring the ratio of correctly predicted positive cases
to total predicted positive cases. This metric is advantageous in
situations with high costs of false positive results [46].

The classification and regression methods were assessed using
various methodologies, enabling a more comprehensive analysis
[47]. Accuracy, which represents "hits,” performs optimally with
balanced data, while the area under the ROC curve (AUC) is more
suitable for unbalanced data [45]. Additionally, the accuracy of
positive predictions and the hit rate on positives were evaluated,
which are fundamental in academic settings [46]. In the context of
regression models, the mean squared error (MSE) was employed as
a simplification, prioritizing significant errors while making predic-
tions in a linear fashion [48]. The root mean squared error (RMSE)
is the average error of the model expressed in the variable.

5. Case Study

This section details the case study developed to test the validity
of the proposed methodologies, contextualizing the study and its
results. The study involved 41,296 incoming students from various
Anima Educacio institutions. The primary objective was to assist
students in overcoming their challenges from the very beginning of
their higher education journey, thereby optimizing their academic
trajectory right from the outset. To achieve this, the selection of the
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student sample for the algorithms was based on the availability of
complete individual data. Specifically, only students with compre-
hensive information from all the applied tests were included in the
sample.

The distribution of binary classes reveals a significant imbalance
in both Portuguese and Math scores. In both subjects, the vast ma-
jority of students scored below the classification threshold, while a
considerably smaller fraction achieved or exceeded this mark. This
class imbalance demands attention in the development of predic-
tive models, as it can negatively impact model performance and
generalization capabilities (Figure 4).

Portuguese Binary Class Distribution
3999 students

Math Binary Class Distribution

4000 2740 students.
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3000 2000
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Number of Students

1500 1000
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Performance Level

High Performance Low Performance
Performance Level

Figure 4: Class distribution Binary Classification

Furthermore, the distribution of learning taxonomies presents in-
teresting patterns. In Portuguese, the "Beginner” category shows the
highest concentration of students, while the ”Advanced” category is
the least represented. In Math, a similar pattern is observed, with
the "Beginner” category predominating and ”Advanced” being the
least common. This uneven distribution among learning categories
suggests a need for differentiated pedagogical approaches to address
the specific needs of each group (Figure 5).

Distribution of Portuguese Taxonomies

3075 stgonts

1935 susonts

‘‘‘‘‘‘‘‘‘‘

Figure 5: Class distribution Multi-class Classification

This approach was essential, as the supervised learning algo-
rithms used in the study require a full set of labeled data to effec-
tively learn and make accurate predictions. Incomplete data could
lead to biased models or reduced prediction accuracy, making it
crucial to ensure that only students with complete data were consid-
ered. By focusing on students with full datasets, the study aimed to
maximize the reliability and validity of the predictions generated by
the ML algorithms.
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5.1. Experiments

To carry out the experiments, a process was structured that in-
volved analyzing the students’ answers to a series of questions, with
the aim of measuring different aspects of learning. From these
answers, a consolidated data set was generated in a CSV file, con-
taining the features shown in Table 1. The implementation of the
AILA algorithm was carried out in the Visual Studio Code envi-
ronment, using the Jupyter extension to facilitate interactive code
execution. The language chosen was Python, due to its wide range
of specialized ML libraries.

Table 1: Features and Outputs

Feature Output
Modality Logical/Math Reasoning Tax.
Knowledge Area Portuguese Lang. Tax.

Tax. Learning Score Logical/Math Reasoning
Tax. Soc. Intell. Score Portuguese Lang.

Tax. Life/Career -

Tax. Emot. Mgmt. -
Tax. Soc. Resp. -
Score Learning -
Score Soc. Intell. -
Score Life/Career -
Score Emot. Mgmt. | -
Score Soc. Resp. -

Initially, the data was subjected to a preparation pipeline, which
included removing missing values and transforming the variables.
To avoid bias in the models, incomplete entries were eliminated,
resulting in 4,499 lines. Subsequently, the numerical attributes were
normalized using MinMaxScaler, ensuring that all the variables were
on the same scale, in the O to 1 range. OneHotEncoder was used to
transform categorical variables into numerical representations suit-
able for machine learning algorithms. The least relevant variables,
based on their predictive importance, were gradually removed by
Recursive Feature Elimination (RFE), reducing the dimensionality
of the data set and improving the performance of the models.

This study used the approach of splitting the data into training
and test sets with the help of scikit-learn’s train-test-split function.
This technique makes it possible to split the data randomly, so that
a fraction of it is used to train the model, while the other fraction is
used to evaluate its performance.

After preparing the data, the model’s hyperparameters were
optimized using GridSearchCV, a method that systematically goes
through a grid of predefined values to find the best combination of
parameters. In the experiment, cross-validation was applied with
three divisions (cv=3), and the accuracy metric was used as the
evaluation criterion. The optimized set of hyperparameters was then
selected, and the final model was adjusted based on this configura-
tion, ensuring better predictive performance.

5.2. Results

The experiments were carried out with the aim of predicting the
academic performance of the university’s students and showed that
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the models based on boosted decision trees (Boosting) and Random
Forest obtained the best results, especially in binary classification.
The selection of attributes included variables related to the dimen-
sions of learning, social intelligence, emotional management, and
other socio-emotional skills, as well as the teaching method and
area of knowledge of the students.

The study also highlighted the influence of teaching methods and
students’ subject knowledge on academic performance. Certain ped-
agogical strategies appeared to promote better learning outcomes,
while discipline-specific factors also played a role in shaping stu-
dents’ outcomes. These findings suggest that personalized interven-
tions, tailored to students’ academic and socio-emotional profiles,
could be instrumental in improving educational outcomes. Future
research could explore the impact of these interventions and further
refine predictive models to support data-driven decision-making in
educational settings.

5.2.1. Binary Classification

The CatBoostClassifier and RandomForestClassifier models
performed better in predicting students’ proficiency in Portuguese
and logical and mathematical reasoning. In predicting Portuguese,
the CatBoost model obtained the best results, while for logical and
mathematical reasoning, the RandomForest model performed better,
as shown in Table 2.

In addition, it was observed that the models showed high metrics
for class 0, which encompasses the students with the greatest diffi-
culty in the subjects assessed. This result is particularly relevant, as
it indicates that the models are able to more accurately identify the
students who need the most attention and pedagogical support. The
high precision and recall for class 0 reinforce the ability of these ap-
proaches to correctly discriminate between students with difficulties,
making them useful tools for targeted educational interventions.

The joint analysis of the confusion matrices from the CatBoost-
Classifier, shown in Figure 6, complements these findings. For
Portuguese Language, there is a good performance in identifying
students in class 0, but lower accuracy in identifying those in class
1. In the case of Logical and Mathematical Reasoning, the model
produced more balanced results between the classes. This combined
visualization highlights the models’ focus on correctly identifying
students with low performance, which is the central objective of this
study.

Confusion Matrix - CatBoostClassifier

Portuguese Language Logical and Mathematical Reasoning

89 ° 265 216

Predicted Predicted

Figure 6: Confusion Matrix - CatBoostClassifier

The superior performance of the Boosting and Random Forest
models can be justified by the fact that these techniques employ
ensemble learning, reducing bias and variance [49]. CatBoost, in
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particular, uses effective processing of categorical variables and re-
duces the impact of overfitting, while Random Forest benefits from
the aggregation of multiple decision trees, promoting robustness to
the model [38].

Table 2: Binary Classification Results. PT = Portuguese language; LR = Logical and
Mathematical Reasoning. Acc = Accuracy; Prec 0 = Precision for class 0; Prec 1 =
Precision for class 1; F1 = F1-Score (weighted).

Model Type | Acc | Prec0 | Prec1 | F1
CatBoost PT | 0,74 | 0,80 0,30 | 0,22
XGB PT | 0,71 0,80 0,26 | 0,22
DecisionTree PT 0,53 0,82 0,25 0,35
RandomForest PT 0,71 0,80 0,26 0,28
SvC PT | 0,53 | 0,82 0,25 | 0,35
CatBoost LR | 055 | 0,57 0,52 | 0,53
XGB LR | 052 | 0,55 0,50 | 0,51
DecisionTree LR | 0,56 0,57 0,54 0,53
RandomForest | LR | 0,56 0,57 0,54 0,53
SvC LR | 055 | 0,56 0,53 | 0,51

5.2.2. Multi-class Classification

With regard to multi-class classification, the XGBoost and Deci-
sionTreeClassifier models showed the best results for Portuguese
language and logical and mathematical reasoning, respectively (Ta-
ble 3). These results suggest that although Boosting models remain
effective, the complexity of predicting multiple classes may have
affected overall accuracy.

Table 3: Multi-class Classification Results. PT = Portuguese language; LR = Logical
and Mathematical Reasoning. Acc = Accuracy; Prec = Macro-averaged Precision;
F1 = Macro-averaged F1-Score.

Model Type | Acc | Prec | F1

CatBoost PT | 047 | 048 | 0,47
XGB PT | 0,56 | 0,48 | 0,49
DecisionTree PT 0,56 | 0,49 | 0,51
RandomForest PT 0,43 | 0,48 | 0,45
SvC PT | 0,35 | 0,47 | 0,38
CatBoost LR | 0,37 | 0,36 | 0,36
XGB LR | 0,40 | 0,38 | 0,38
DecisionTree LR | 0,42 | 0,40 | 0,39
RandomForest LR 0,37 | 0,37 | 0,37
SvC LR | 0,35 | 0,37 | 0,35

As shown in Figure 5, the used dataset has a much larger number
of students with low performance than students with high perfor-
mance. This can bias the model’s learning, especially when it
involves multi-class classification, and make it difficult to identify
different levels among the students. For this reason the multi-class
models found a low accuracy, as shown in Table 3.

Despite these limitations, the multi-class classification models
still provide complementary insights regarding the distribution of
student performance levels. The scarcity of examples in interme-
diate and high-performance classes hinders the models’ ability to
learn discriminative patterns for these categories, contributing to the
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overall lower accuracy. For the model to better classify student per-
formance levels through the multi-class approach, more data would
be needed in the other classes. However, since the critical task of
identifying students with unsatisfactory performance is handled by
the binary classification model—more robust and less affected by
class imbalance—the limitations of the multi-class model do not
compromise the practical objectives of this study. Thus, multi-class
results should be viewed as a secondary analytical tool, useful for
exploratory interpretation, while pedagogical decision-making is
grounded on the binary model’s outputs.

5.2.3. Regression

Although the CatBoostRegressor and XGBRegressor achieved
the best results for Portuguese, and the RandomForestRegressor for
logical and mathematical reasoning (Table 4), the regression models
generally exhibited low predictive power. This limitation may be
related to the fact that the domain scores used as predictors are not
necessarily strong indicators of performance in another domain, as
each one assesses distinct cognitive skills. Therefore, attempting
to predict performance in a specific area based on performance in
others may fail to adequately capture the unique characteristics of
each evaluated competency.

Table 4: Regression Model Performance. PT = Portuguese language; LR = Logical
and Mathematical Reasoning. RMSE = Root Mean Squared Error; MSE = Mean
Squared Error; MAE = Mean Absolute Error; R? = Coeflicient of Determination.

Model Type | RMSE | MSE | MAE R2

CatBoost PT 0.16 0.03 0.13 | 0.05
XGB PT 0.16 0.03 0.14 | 0.04
DecisionTree PT 0.17 0.03 0.14 | -0.02
RandomForest | PT 0.16 0.03 0.14 | 0.04
SVR PT 0.17 0.03 0.13 | 0.03
CatBoost LR 0.25 0.06 | 0.22 | 0.01
XGB LR 0.25 0.06 | 0.22 | 0.00
DecisionTree LR 0.25 0.06 0.22 | -0.04
RandomForest | LR 0.25 0.06 0.22 0.01
SVR LR 0.25 0.06 | 0.22 | -0.02

5.3. Discussion of the Results

The results obtained confirm that the Boosting and Random
Forest models are highly effective for binary classification problems,
corroborating previous studies that highlight their ability to capture
complex patterns and reduce overfitting through regularization [50]
[37].

The analysis of variable importance in the CatBoost model, used
to predict students’ performance in the Portuguese language, reveals
which features had the greatest influence on the predictions. Figure
7 presents a bar chart ranking the most relevant features based on
their importance values.

It is observed that scores related to life and career and learning
had the greatest impact, followed by social intelligence and emo-
tional management. These results suggest that socioemotional skills
play a crucial role in students’ performance, not only in content
mastery but also in their ability to apply such knowledge in the
exam.
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Additionally, categorical variables such as the field of study (Hu-
manities, Biological and Health Sciences, among others) and the
mode of instruction (in-person or not) also showed some influence,
although to a lesser extent, in predicting the results. This analysis
reinforces the need for educational policies that consider not only
technical knowledge but also interpersonal and emotional skills,
which directly impact students’ academic success in the Portuguese
language exam.

CatBoost Feature Importance

score_life_career
score_learning
score_social_intelligence

score_emotional_management

score_social_responsibility

area_Biological_Health_Sciences
taxonomy_social_responsibility_Learner
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taxonomy_emotional_management_Learner
taxonomy_learning_Learner

CAT_Presential
area_Agricultural_Environmental_Sciences
taxonomy_life_career_Beginner
area_Humanities

area_Business_Management

10
Importance

Figure 7: Feature Importances — CatBoost Model

However, multiclass prediction proved to be more challenging,
possibly due to the imbalance in the data, which can guide the mod-
els learning to a good accuracy in one class but not in the others.
Regarding regression, the relatively low R? values suggest that other
factors, such as individual aspects of the students and unmeasured
external factors, may have influenced academic performance.

5.4. Practical application of the recommendation

AILA employs the responses of students to psychometric ques-
tionnaires and diagnostic tests to categorize them according to a
taxonomy comprising four levels: The designation of Naive, Begin-
ner, Apprentice or Advanced is utilized to categorize individuals
based on their level of expertise or proficiency in a particular do-
main. In accordance with the classification that has been presented,
the platform provides recommendations that are customized to align
with each student’s unique profile.

Figure § presents a simulated example of the AILA’s recommen-
dation interface, which displays content suggestions categorized
by dimension (e.g., logical reasoning, social intelligence, life and
career). The recommendations presented are based on the student’s

10
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level in each domain, with the objective of strengthening specific
skills.

The practical implementation in question establishes a connec-
tion between psychometric assessment and pedagogical guidance,
promoting a more student-centered learning experience.

Figure 8: Simulated interface displaying personalized recommendations generated
by AILA based on psychometric classification

6. Conclusion

This work explored ML models to university students perfor-
mance in basic skills such as Portuguese language and Logical Rea-
soning. The study has been applied in a real case involving more
than 40, 000 students at several institutions of Anima Educacio, an
educational group in Brazil.

The results reinforce the effectiveness of using ML to predict
the academic performance of higher education students and show
that the models implemented are effective for predicting student per-
formance in basic skills, especially for predicting students who will
have difficulty, which is the main objective of this study. The high
accuracy in class zero, in the case of binary classification, reinforces
this point and can provide support to intervention actions on the part
of the university. Similarly, the regression models demonstrated
effectiveness in predicting the student’s score and can also serve as
an important method for this purpose.

As for the multi-class classification task, the models presented
a low accuracy and showed that the proposed models are still not
sufficient to find several levels among the students satisfactory. This
is justified by the imbalance of data in the used dataset and the low
amount of data in classes that represent high student performance,
that is, the low number of students with high performance in basic
skills in the research carried out. This confirms that data balance is
crucial for this type of task.

In addition, the models proved to be effective in finding a cor-
relation between psychometric profile and performance in basic
subjects, which suggests that emotional and psychosocial factors
can influence the learning process of students. For future work, it
will be important to conduct new tests with more advanced students
in order to improve the performance of the multi-class model, thus
generating advances in the learning of the model for these cases.

However, a central limitation of this study lies in the pronounced
imbalance in class distribution, particularly in the context of multi-
class classification. The scarcity of students with high performance
in both Portuguese Language and Logical-Mathematical Reasoning
restricted the models’ ability to learn representative patterns across
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all performance levels. This imbalance contributed to the lower
accuracy observed in the multi-class models and compromised the
regression results by reducing the diversity and richness of the
training data. Moreover, the reliance on correlated data, such as
psychometric profiles based on self-reported responses, may intro-
duce potential bias, as subjective answers can reflect inconsistent or
distorted perceptions. Future work should address these limitations
through the collection of more balanced datasets, the application
of techniques to mitigate self-report bias, and the use of data aug-
mentation and resampling methods, aiming to improve the models’
generalization capacity and robustness.
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In regions like the African equatorial region, where ground-based sensors like ionosondes
and incoherent scatter radars are limited, satellite-based radio occultation (RO)
observations offer a new alternative for ionospheric data collecting and optimization.
Using RO measurements from the mostly newly launched COSMIC-2 (Constellation
Observing System for Meteorology, Ilonosphere, and Climate-2) mission, hence, the
equatorial Africa, ionospheric peak parameters were first studied and published. Data
obtained over Ilorin (8.50°N, 4.50°E) and Abuja (8.99°N, 7.38°E) from October 2019 to
December 2020 were utilized in this study. The results show that diurnal profiles of NmF2
and hmF2 have crests at around 10:00 to 18:00 UT and troughs at around 04:00 to 05:00
UT. The NmF2 values are usually less than 2x10° cm™ during the early morning hours
before sunrise, and they can reach~ 6-10 x10° cm™ after sunrise, depending on season.
NmF2 and hmF?2 exhibit peaks between 18:00 UT and 10:00 UT and troughs between 05:00
UT and 04:00 UT. For the seasonal variation, the NmF?2 values can reach approximately
6-10 x10° cm? after sunrise, while they are often less than 2x10° cm™ in the early morning
hours before sunrise. We recorded higher values in the equinoxes (March and September)
season than in the solstices (June and December) season. The 2016-IRI model
overestimates the COSMIC-2 NmF?2 measurements, typically during the decline phases of
the 24-hour trend at 60% differences. During the March equinox season, the percentage
RMSD (root-mean-squared deviation) is (~ 29%) smaller than the solstice seasons with
(~30%). The percentage RMSD (root-mean-squared deviation) is the smallest. The
disparity was so much observed during the September equinox, at a time when RMSD
reaches ~ 1.7x10° electrons/cm3 and the percentage RMSD reaches ~ 35%.

1. Introduction

from the Sun [6]. According to some researchers [7], [8], [9], [10]
and [11]. Ionosphere is said to be critical and essential in

The ionosphere is a region with the highest ionization in the
Earth's atmosphere. It is identified as the upper part of the Earth's
atmosphere in which free electrons and ions exist under the control
of the gravity and magnetic field of the planet, and whose
concentration is sufficient to affect the propagation of
electromagnetic waves [1] and [2]. This region of the Earth's
atmosphere extends from roughly 60 kilometers to 1000
kilometers in height [3]. It includes the mesosphere, thermosphere,
and a portion of the exosphere [4]. Due to its electrification
attribute, the ionosphere interacts and influences radio propagation
through it [5]. Because the upper atmosphere and upper ionosphere
are co-located, the very high temperatures in the upper atmosphere
persist in the upper ionosphere, which is a result of X-ray radiation

*Corresponding Author: Osueke, Chukwuemeka Alexander Department of
Physics & Astronomy, University of Nigeria, P.O. Box 3238, Nsukka 410001
Nigeria, +2348135752624, emekaosueke92@gmail.com

WWwWw.astesj.com
https://dx.doi.org/10.25046/aj100402

telecommunication because it allows radio waves to travel both
short and long distances on Earth. It also affects has been studied
extensively using different satellite-based and ground-based
technologies. Ionosondes/digisondes are one of the most reliable
sources of ionospheric electron density (edensity) information.
However, in the African equatorial region due to relatively high
costs of installation and maintenance the mentioned instrument for
measuring ionosphere is unavailable. Satellite-based systems, like
the COSMIC (Constellation Observing System for Meteorology,
Ionosphere, and Climate) mission, offer good opportunities to
acquire ionospheric density information over the African
equatorial region through radio occultation (RO) technique. The
technique has the advantages of global coverage, high vertical
resolution, and the absence of signal disturbances caused by the
troposphere [12]. When a low-Earth orbit receiver (like the
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COSMIC satellite) observes a rising or setting GNSS satellite, a
GNSS-RO takes place [13]. Because atmospheric refractivity
modifies the occulted GNSS signals, this signal is examined to
provide data on ionospheric electron density and other atmospheric
parameters like density, pressure, temperature and humidity [14],
[15] and [16].

The RO technique was first demonstrated with the GPS/MET
experiment [17] and [18] and its success has led to applying the
technique in many more satellite missions, including the COSMIC
mission. Several authors have used the COSMIC data such as [19],
[20], [21] and [22] to study the variation of ionospheric electron
distribution in various parts of the globe. The peak value of
edensity, NmF2, and the corresponding height of peak edensity,
hmF2, do characterize electron density distribution in the
ionosphere, and they are therefore key parameters for modeling the
edensity distribution in the ionosphere. The COSMIC satellites are
low-earth orbiting satellites with an altitudinal resolution. It varies
depending on the specific implementation and instrumentation, but

itis typically on the order of 0.5-1.4 kilometers (0.3-0.9 miles) [23].

These studies were based on the total electron content (TEC)
parameter integrated from the COSMIC-2 measurements. There is
a particularly lacking research report on the behavior of RO-
derived density measurements in the African equatorial region, and
much more, using the newly launched COSMIC-2 mission
measurements. These kinds of studies are necessary to provide
scientists/researchers with vital information on the performance of
such measurements. The purpose of this research is to use RO
density measurements obtained from the COSMIC-2 mission to
characterize the ionospheric edensity in the equatorial African
region. This is the first study employing RO electron density
measurements from the COSMIC-2 mission to characterize the
African equatorial ionosphere.

2. Data and Methods

Data was obtained from the University Corporation for
Atmospheric Research (https://data.cosmic.ucar.edu/gnss-ro/) in
the form of ionPrf files (second-level processed files). Data is
available on this website starting from the 1st of October 2019.
All available data from the Ist of October 2019 to the 7th of
December 2020 were used. Data obtained from two stations in
Nigeria, specifically Abuja (8.99°N, 7.38°E) and Ilorin (8.50°N,
4.50°E) was used in this study. We considered only observations
falling within a circular window of radius 5 great circle degrees
around each of the stations. Ilorin ionosonde measurements were
used for comparison with corresponding COSMIC measurements.
The hourly values measurement for diurnal variabilities of NmF2
and hmF2 over the seasons for each season was calculated. The
seasons were constituted as follows: March equinox (March and
April), June solstice (May, June, July and August), September
equinox (September and October), and December solstice
(January, February, November and December) according to [24].
DST data was obtained from OmniWeb
(https://omniweb.gsfc.nasa.gov/form/dx1.html) only data for
geomagnetic quiet days (|DST| < 30 nT) was used for this
computation.

The median absolute deviation (MAD) processing of the
NmF2 and hmF2 variabilities expressed in equation (1) was

WWwWw.astesj.com

computed as a measure of the typical deviations from the median
values.

MAD = median(|X; — X|) (1)

Where X; are elements in the distribution, and X is median of
the distribution
0.5

RMSD = (W) ()

Where C; and I; are respectively corresponding COSMIC and
IRI model values, and n is the number of samples.

3. Results and Discussion

The results presented in this paper are in two scenarios; in the
first scenario, the altitudinal variation of electron density is
presented, and in the second scenario, the diurnal and seasonal
variations of the NmF2 and hmF2 parameters are presented.

800 . A
06:15 UT 06:30 UT omosonde
Cosmic
600 —_—r
400
200
£
6 I n
8 800 02:45 UT 06:15 UT
< 600
400
200
o 1 2 3 4 5 0 1 2 3 4 5

Electron density (x105 electrons/cm3)

Figure 1: Altitudinal Variation of Ionospheric Electron Density

Figurel. Electron density (edensity) profiles obtained from
COSMIC-2 mission, Ionosonde and 2016-IRI model for Ilorin.
The edensity profiles on the top panel are respectively for 06:15
UT and 06:30 UT on day number 274 (October 1), year 2019,
while the electron density profiles on the bottom panel are
respectively for 02:45 UT and 06:15 UT on day number 276
(October 3), year 2019.

Figure 1 shows the altitudinal variations of edensities at four
different times in two days when there was a record of coincident
edensity measurements from both COSMIC and ionosonde
equipment. The edensity profiles on the top panel are respectively
for 06:15 UT and 06:30 UT on day number 274 (October 1), the
year 2019, while the edensity profiles on the bottom panel are
respectively for 02:45 UT and 06:15 UT on day number 276
(October 3), the year 2019. Local time in Nigeria is UT+1 hour.
It is important to clarify here that we would have been interested
to show these results from different times of the day, but we are
limited by the number of times when there are coincident
observations from both COSMIC and ionosonde equipment.
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Throughout the study investigated in this research, there was
available data from the ionosonde only during the few days
between days numbers 274 and 277. During these few days,
coincident COSMIC measurements were recorded during the
times illustrated. We considered only COSMIC measurements
recorded within a spatial window of 5 great circle degrees around
the Ilorin ionosonde station and within a time window of 15
minutes of the ionosonde measurement.

Figure 1 illustrates the typical pattern of electron density
variation with altitude at the location. The figure shows that the
edensities typically peak at about 250 — 300 km. It is evident from
the figure that the IRI model overestimates the peak parameters
(both the peak edensity value and the height of peak edensity),
especially for the profiles around 06:15 and 06:30 UT. Panels 2
and 3 in Figure 1 provide more premises for analyzing the IRI
model predictions of the peak parameters. The patterns provided
by the COSMIC and ionosonde measurements are more identical,
except for a case like the 02:45 UT measurement where the
ionosonde measurements are slightly greater than the COSMIC
measurements at around 300 — 400 km altitudes. These slight
differences could be attributed to the reason that the ionosonde
measurements above the F2 peak altitude are modeled values,
rather than ‘pure’ measurements. The inherent modeling errors
could be responsible for the slight departures noted at altitudes
above the F2 peak. The good level of consistency between the
ionosonde and COSMIC measurements indicates that the
measurements can both be independently used to study
ionospheric electron density variations in the region. Given the
paucity of ionosonde data for the period of this study, we next
present an extended climatologic study of the peak parameters
that are based on COSMIC-2 measurements. This ionospheric
variability study is the first COSMIC-2-based measurement of
ionospheric peak parameters carried out in the region. Finally, the
few discrepancies observed in our data between the Cosmic-2
measurement and IRI-model above the F2 peak, where the
ionosonde measurement slightly overestimates Cosmic-2
densities, are attributed to the modeled nature of ionosonde
outputs at those altitudes. This insight emphasizes the importance
of cautious interpretation of ionsonder data above the F2 peak and
supports the use of satellite-based data for capturing high altitude
ionospheric structure. There was an indication that the IRI model

overstatement during the early hours of (06:15 UT and 06: 30 UT).

This discrepancy highlights a limitation in the IRI model's ability
to accurately capture the local ionospheric condition in equatorial
West Africa. Therefore, we suggest that regional calibration of the
model may be necessary to improve its performance in the zone.

Figure 2 shows diurnal variation patterns of the NmF2 at
Abuja for the different seasons. For each season, hourly based
median values and MADs of the NmF2 were computed as
described in the Data and Methods section. In Figure 2 the NmF2
daily patterns show troughs at about 04:00 UT, just before sunrise.
The figure also shows that the NmF2 values are frequently less
than 2x105 cm™ during the early morning hours before sunrise.
The peaks of the diurnal NmF2 profiles are about 6-10 X105 cm-
3, and these typically occur at around 16:00 UT. The day-time
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values (after sunrise and before sunset) are usually greater than
4.5x105 cm?, and the night-time values usually drop below
2x105 cm. Seasonally, equinoxes (March and September) have
higher NmF2 wvalues than during the solstices (June and
December). This is because the location is in the equatorial region;
the equatorial region receives more direct sunlight during the
equinoxes than during the solstices. It is also evident from Figure
2 that there is good agreement between the NmF2 profiles
produced by the IRI model and COSMIC-2. The patterns of the
profiles are similar. Table 1 contains statistics on the relationship
between the IRI model and COSMIC-2 profiles. The table shows
that correlation coefficients between the profiles are greater than
0.9 for each of the four seasons. The values reveal that there is the
greatest similarity in the patterns of the profiles during the June
solstice. The IRI and COSMIC-2 NmF2 values are frequently
observed to be within the error limits of each other. However,
there are occasional disparities between the two datasets. Table 1
contains information on the root-mean-squared differences
(RMSDs) and associated percentage differences between the two
datasets. The RMSDs, computed using the formula in equation (2),
are measures of the differences between the two datasets; they
indicate the typical differences between the datasets in units of
electron density, while the percentage difference indicates the
difference as a percentage of the electron density at the given
instances.
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Figure 2: Diurnal Profiles of the NmF2 from COSMIC-2 measurements and IRI
model for (a) March Equinox, (b) June Solstice, (c) September equinox, and (d)
December Solstice, during the period of data used in this study.

Smaller values of the RMSD and the percentage difference
therefore connote better agreement between the two datasets. The
table, as well as Figure 2, show that smaller RMSDs (root-mean-
squared differences) are obtained during the solstice seasons (~
1.1x105 electrons/cm3). These are therefore the seasons when the
IRI model values have better agreement with the COSMIC-2
measurements. The smallest RMSD is particularly recorded
during the June solstice season. Considering that it is also in the
June season that the two datasets have the greatest correlation, we
note that the IRT model most accurately reproduces COSMIC-2
measurements during the June solstice.
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Table 1: Table of correlation coefficients, RMSDs, and percentage RMSDs,
computed between COSMIC-2 NmF2 measurements and IRI model values

Season Correlation RMSD (x10° Percentage

coefficient electrons/cm?) RMSD
(%)

March 0.96 1.23 29.01

equinox

June 0.99 1.07 31.64

solstice

September | 0.95 1.67 35.78

equinox

December | 0.92 1.09 30.49

solstice

One valid argument is that the RMSDs are smaller for the
solstices because the edensity magnitudes are correspondingly
smaller for the solstice seasons [25]. This is why it becomes
meaningful to consider the percentage difference, which is
computed relative to the electron density magnitudes. Table 1
reveals that the percentage difference is rather smallest for the
March equinox season (~ 29%) this reveals that the model's
relative accuracy is seasoned dependent, not just dependent on the
magnitude of electron density. This quantitative seasonal
evaluation provides a finer resolution of model performance. The
value is however closely followed by values for the solstices. The
greatest disparity between the datasets is seen during the
September equinox; it is during this season that we record the
greatest values of RMSD (~ 1.7x105 electrons/cm®) and
percentage difference (~ 36%) between the COSMIC-2 and IRI
datasets.

Figure 2 reveals that the IRI model typically overestimates the
COSMIC-2 measurements. A similar scenario is noted in Figure
1, where the IRI model is observed to overestimate both
ionosonde and COSMIC-2 electron density measurements. In
Table 2, we provide indications of the RMSDs for different phases
of a diurnal profile. We split a diurnal profile into three phases; a
rising phase (04:00 to 08:00 UT), a peak phase (09:00 to 16:00
UT), and a decline phase (17:00 to 03:00 UT).

Table 2: Table of RMSDs and percentage RMSDs, computed between COSMIC-
2 NmF2 measurements and IRI model values for different phases of a diurnal
profile. The electron densities (in x10° electrons/cm®) are outside the brackets
while the percentage RMSDs (in %) are inside the brackets.

Season Rising Phase | Peak Phase Decline Phase
March 0.49 (14.82) 1.19 (19.45) 1.47 (44.50)
equinox

June 0.83 (27.20) 1.25(23.98) 1.02 (46.70)
solstice

September | 1.10 (31.55) 1.38 (19.60) 2.04 (58.41)
equinox

December | 056 (19.95) 0.49 (08.95) 1.49 (61.84)
solstice

Table 2 shows that the RMSDs are usually lowest during the
rising phase of the profile, except for the December solstice when
the RMSD is lowest during the peak phase. On the other hand, the
RMSDs are usually highest during the decline phase of the profile,
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except for the June Solstice when the RMSD is highest during the
peak phase. During the rising phase, the RMSDs are in the range
of ~ (0.5 — 1.1) x10° electrons/cm?>. The upper limit of the range
is slightly greater during the peak phase (~ 1.4x105 electrons/cm?),
and the greatest RMSDs are observed during the decline phase; ~
(1.0 — 2.0) x10° electrons/cm>. The percentage differences are
however lower during the peak phase than during the rising phase,
except for the March equinox. The percentage differences remain
consistently greatest during the decline phase for all four seasons,
indicating that this is the phase in which the IRI model values are
mostly different from the COSMIC-2 measurements. A cursory
look at Figure 2 reveals that it is during the decline phase that the
IRI model conspicuously overestimates the COSMIC-2
measurements. Finally, there is a great difference occurring
consistently during the decline phase across all the seasons, with
percentage RMSDs reaching up to ~62%. This pattern shows a
systematic overestimation by the IRI model during post-sunset
hours, suggesting that the mode does not adequately capture the
ionospheric decay phase at night, which is crucial for applications
involving night-hour HF communication and satellite signal delay
corrections.
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Figure 3: Diurnal Profiles of the hmF2 from COSMIC-2 measurements and IRI
model for (a) March Equinox, (b) June Solstice, (c) September equinox, and (d)
December Solstice, during the period of data used in this study.

Corresponding comparisons between COSMIC-2 hmF2
measurements and IRI hmF2 values are illustrated in Figure 3.
The figure shows that the electron densities peak at altitudes
between 200 and 350 km, depending on the time of the day and
season. In a pattern that is somewhat similar to the NmF2, the
altitudes of peak electron density are higher during the day (after
sunrise) and lower at night (after sunset). The troughs of the hmF2
diurnal profiles usually occur at around 04:00 to 05:00 UT, while
the crests occur between 10:00 and 18:00 UT. Figure 3 also shows
that there is good agreement between hmF2 values from both
systems; the IRI model values are well within the error limits of
the COSMIC-2 measurements and the patterns of both profiles are
identical, showing that the IRI model does effectively reproduce
the COSMIC-2 hmF2 measurements. The correlation coefficients
between the COSMIC-2 and IRI hmF2 values (shown in Table 3)
are consistently greater than 0.95 for all seasons. The RMSD
values are typically ~ 10 km and less, translating to percentage
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RMSDs that are less than 4% for all four seasons. The results
generally show that there is better agreement between the hmF2
values than between the NmF2 values.

Table 3: Table of correlation coefficients, RMSDs, and percentage RMSDs,
computed between COSMIC-2 hmF2 measurements and IRI model values.

Season Correlation | RMSD (km) Percentage
coefficient RMSD

(%)

March 0.96 19.74 3.37

equinox

June 0.98 7.79 2.79

solstice

September | 0.98 7.42 2.54

equinox

December | 0.96 10.33 3.61

solstice

4. Conclusion

First climatology of the NmF2 and hmF2 parameters using
COSMIC-2 RO measurements in the equatorial African region is
studied. There was the presentation of altitudinal electron density
profiles from the COSMIC-2 mission, alongside corresponding
ionosonde measurements and IRI model values. The results
showed that the COSMIC-2 and ionosonde measurements were
more closely related, while the IRI typically overestimated both
measurements, especially at the F2 peak altitude and above.
However, this study not only validates the use of COSMIC-2 data
for ionospheric research in equatorial Africa but also brings
attention to the need for model improvements and offers new
perspectives on the vertical structure of the ionosphere in the
region. These contributions are particularly valuable given the
limited observational infrastructure available in West Africa
equatorial and reinforce the potential of satellite-based
measurements in supporting ionospheric monitoring and
modeling efforts.

Diurnal profiles of the NmF2 and hmF2 were constructed from
both COSMIC-2 and IRI on a seasonal basis using the medians of
the values for each of the seasons, binned hourly.

The results generally showed a significant correlation
(correlation coefficients greater than 0.9) between the COSMIC-
2 and IRI model values. Typical differences between the
COSMIC-2 and IRI NmF2 values were in the range of ~ 1.1 X105
to 1.7 x105 electrons/cm3, corresponding to percentage RMSDs
of ~ 29% to 36%. The RMSDs were lower during the solstices
and greater during the equinoxes, implying that the IRI model
values were closer to the COSMIC-2 measurements during the
solstices than during the equinoxes. This could be a result of the
relatively lower electron densities recorded in the equatorial
region during the solstices than during the equinoxes, and so the
justification for computing the percentage RMSDs. The
percentage RMSD was lowest for the March equinox season
(~29%), and closely followed by values for the solstices (~30%).
The greatest differences (both RMSD and percentage RMSD)
were recorded during the September equinox (~35%). There was
also an investigation of the differences between the COSMIC-2
measurements and the IRI values for three different phases of a
diurnal profile (rising, peak, and decline phases). The results
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showed that the least differences (both RMSDs and percentage
RMSDs) were usually obtained during the rising phase, while the
greatest differences were usually obtained during the decline
phase.

It was conspicuously observed that during the decline phase;
the IRI model generally overestimated the COSMIC-2 NmF2
observations. The was a generally good agreement between the
COSMIC-2 hmF2 measurements and the IRI model values, with
RMSDs less than ~ 10 km and less, and percentage RMSDs less
than 4%. Aside from the new results of electron density, NmF2,
and hmF2 variations presented for the African equatorial African
region using COSMIC-2 measurements, the paper also provides
vital information on the climatologic differences between the IRI
model predictions and the COSMIC-2 measurements, for
improving ionospheric modeling in the region. However, the IRI
model shows better in producing peak height (hmF2) than peak
density (NmF2), this result will enhance understanding of model
reliability across different ionospheric parameters.

Conflict of Interest

The authors declare no conflict of interest.

Acknowledgment

Radio occultation electron density data from the COSMIC-2
mission was used in this work. The authors are grateful to the
sponsors and operators of the COSMIC-2 mission; the National
Science Council and National Space Organization (NSPO), the
National Oceanic and Atmospheric Administration (NOAA), the
University Corporation for Atmospheric Research (UCAR), the
National Science Foundation (NSF), National Aeronautics and
Space Administration (NASA). Ionosonde electron density data
was obtained from DIDBASE GIRO
(https://ulcar.uml.edu/DIDBase/) through the SAO Explorer
software. The authors are grateful to the GIRO team for providing
and granting access to the ionosonde data. The authors
acknowledge the OMNIWEB
(https://omniweb.gsfc.nasa.gov/form/dx1.html) for providing and
granting access to DST data used in this work. The first author is
grateful to the University Support Program (USP) of the Centre
for Atmospheric Research (CAR) for the support they provided
using R&D funds from the Federal Government of Nigeria, and
to the University of Nigeria - Nsukka (UNN) for approving the
request to visit the Space Environment Research Facility of CAR.

References

[1] N.P. Chapagain, L. Patangate, “lonosphere and its influence in
communication systems,” An annual publication of Central Department of
Physics, 10, 2016.

[2] V.L.Bychkov, G.V. Golubkov, A.IL Nikitin, The atmosphere and ionosphere,
Springer, 2010.

[3] P.K. Bhattacharjee, “Fundamental to electromagnetic waves,” International
Journal of Trend in Scientific Research and Development, 7, 454-462, 2023.

[4] RXK.Cole, E.T. Pierce, “Electrification in the earth's atmosphere for altitudes
between 0 and 100 kilometers,” Journal of Geophysical Research, 70(12),
2735-2749, 1965.

[5] R.A. Vincent, “The dynamics of the mesosphere and lower thermosphere:
a brief review,” Progress in Earth and Planetary Science, 2, 1-13, 2015.

18


http://www.astesj.com/

Chukwuemeka et al. / Advances in Science, Technology and Engineering Systems Journal Vol. 10, No. 4, 14-19 (2025)

(6]

[12

—

[13

—

[14]

[15]

[16]

[17]

[18]

M. Atiq, “Historical review of ionosphere in perspective of sources of
ionization and radio waves propagation,” Research & Reviews: Journal of
Space Science & Technology, 7(2), 28-39, 2018.

O.A. Ogunmodimu, Auroral Radio Absorption: Modelling and Prediction,
Ph.D Thesis, Lancaster University (United Kingdom), 2016.

A. Daniel, G. Tilahun, A. Teshager, “Effect of ionosphere on radio wave
propagation,” International Journal of Research, 3(9), 65-74, 2016.

E.V. Appleton, “Wireless studies of the ionosphere,” Institution of Electrical
Engineers- Proceedings of the Wireless Section, 7(21), 257-265, 1932.

K.G. Budden, The propagation of radio waves: the theory of radio waves of
low power in the ionosphere and magnetosphere, Cambridge University
Press, 1988.

H. Sizun, P. de-Fornel, Radio wave propagation for telecommunication
applications, 35-67, Springer, Berlin, 2005.

S. Dubey, R. Wahi, A.K. Gwal, “Ionospheric effects on GPS positioning,”
Advances in Space Research, 38(11), 2478-2484, 2006.

D. Atlas, R.C. Beal, R.A. Brown, D.P. Mey, R.K. Moore, C.G. Rapley, C.T.
Swift, “Problems and future directions in remote sensing of the oceans and
troposphere: a workshop report,” Journal of Geophysical Research: Oceans,
91(C2), 2525-2548, 1986.

A.J. Mannucci, C.0. Ao, W. Williamson, “GNSS radio occultation,”
Position, Navigation, and Timing Technologies in the 21st Century:
Integrated Satellite Navigation, Sensor Systems, and Civil Applications, 1,
971-1013, 2020.

R. Notarpietro, M. Cucca, S. Bonafoni, “GNSS signals: a powerful source
for atmosphere and Earth’s surface monitoring,” Remote Sensing of Planet
Earth, 171-200, 2012.

S. Jin, R. Jin, X. Liu, GNSS atmospheric seismology, Springer,
Berlin/Heidelberg, Germany, 2019.

R. Padullés, E. Cardellach, K.N. Wang, C.O. Ao, F.J. Turk, M.D.L. Torre-
Juarez, “Assessment of global navigation satellite system (GNSS) radio
occultation refractivity under heavy precipitation,” Atmospheric Chemistry
and Physics, 18(16), 11697-11708, 2018.

Y.A. Liou, A.G. Pavelyev, J. Wickert, T. Schmidt, A.A. Pavelyev, “Analysis
of atmospheric and ionospheric structures using the GPS/MET and CHAMP

radio occultation database: a methodological review,” GPS Solutions, 9,
122-134, 2005.

[19] C.O. Ao, G.A. Hajj, T.K. Meehan, D. Dong, B.A. Iijima, A.J. Mannucci, E.R.

[20]

[21]

[22]

[23]

[24]

[25]

Kursinski, “Rising and setting GPS occultations by use of open-loop
tracking,” Journal of Geophysical Research, 114, D04101, 2009,
doi:10.1029/2008JD010483.

Y.H. Chu, C.L. Su, H.T. Ko, “A global survey of COSMIC ionospheric peak
electron density and its height: a comparison with ground-based ionosonde
measurements,” Advances in Space Research, 45, 431-439, 2010.

M.M. Hoque, N. Jakowski, “A new global model for the ionospheric F2 peak
height for radio wave propagation,” Annales Geophysicae, 30, 797-809,
2012.

L. Hu, B. Ning, L. Liu, B. Zhao, Y. Chen, G. Li, “Comparison between
ionospheric peak parameters retrieved from COSMIC measurement and
ionosonde observation over Sanya,” Advances in Space Research, 54, 929-
938, 2014.

E.R. Kursinski, G.A. Hajj, J.T. Schofield, R.P. Linfield, K.R. Hardy,
“Observing Earth's atmosphere with radio occultation measurements using
the Global Positioning System,” Journal of Geophysical Research:
Atmospheres, 102(D19), 23429-23465, 1997.

S. Mukherjee, S. Sarkar, P.K. Purohit, A.K. Gwal, “Seasonal variation of
total electron content at crest of equatorial anomaly station during low solar
activity conditions,” Advances in Space Research, 46(3), 291-295, 2010.

D. Okoh, H. JohnBosco, R. Babatunde, S. Gopi, B.W. Joshua, O. Joseph, O.
Olivier, M.M. Tshimangadzo, "Storm-time modeling of the African regional

ionospheric total electron content using artificial neural networks," Space
Weather, 18(9), e2020SW002525, 2020.

Copyright: This article is an open access article distributed under
the terms and conditions of the Creative Commons Attribution (CC

BY-SA) license (https://creativecommons.org/licenses/by-sa/4.0/).

WWwWw.astesj.com

19


http://www.astesj.com/
https://creativecommons.org/licenses/by-sa/4.0/

ASTES

|

\ Advances in Science, Technology and Engineering Systems Journal Vol. 10, No. 4, 20-31 (2025)

ASTESJ
ISSN: 2415-6698

www.astesj.com

Complete System and Interactions of MMF Harmonics in a Squirrel Cage Induction Motor; Differential

Leakage; Analytic Calculation

Gabor Kovacs

Ganz Electric Works, 1095 Budapest, Hungary

ARTICLE INFO

ABSTRACT

Article history:

Received: 8 July, 2025
Revised: 10 July, 20205
Accepted: 4 August, 2025
Online: 25 August, 2025

Keywords:

Induction motor

Squirrel cage

MMF space harmonics
Differential leakage

Parasitic torques
Radial/tangential magnetic forces

The importance of MMF space harmonics in squirrel-cage induction motors has been
recognized in the literature since the beginning. Their details have been analyzed over the
years, but only partly systematized. In this article, however, not only the origin and the
entire system of that harmonics are described, but also their interaction causing the
asynchronous parasitic torques, the synchronous parasitic torques, the radial and
tangential magnetic force waves on a systematic way, all of this is done now targeting a
complete system, so we include all harmonic phenomena in a single complete equivalent
circuit diagram and a single table of the magnetic forces that occur. The so far missing
equivalent elements causing the synchronous torques have now been defined. From these,
the physical relationship between the phenomena that have ofien been examined separately
will be clearly visible and can be easily calculated. Building on our previous studies,
instead of the theoretically infinite number of harmonics hitherto considered, we will
describe “exactly” the harmonics that really need to be taken into account, so that the
number of harmonics will be much smaller than is usually considered by researchers and
designers. Our formulae derived so far are successfully verified with the help of that
completed equivalent circuit diagram, supplemented with the so far missing formula for

tangential magnetic forces.

1. Introduction

The first complete description of MMF space harmonics
occurring in an asynchronous machine is attributed in the
literature to [1]. The first (and perhaps the only) series of
measurements demonstrating the influence of MMF harmonics on
the torque-speed characteristic curve, including the occurrence of
synchronous machine phenomena in asynchronous machines, and
which series of measurements has been referred to ever since, was
carried out by [2]. The effect of MMF harmonics on noise was
first systematized by [3]. The books in [4] and [5] not only
provided a complete theoretical foundation for the asynchronous
machine, becoming the number one fundamental works in the
literature by not only defining those harmonics, but also by
consistently tracing the effect and calculation of them. In [6], the
author explicitly devoted their fundamental work to harmonics. In
reality, however, they were, in our view, concerned always with a
sub-area of the complete system. This is also true for [7], although
he was the first to report the completeness of the MMF and also
other harmonics occurring in the air gap of asynchronous

*Corresponding Author: Gabor Kovacs, Ganz Electric Works, 1095 Budapest,
Hungary, gabor.kovacs.ganz@gmail.com
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machines, partly their interaction, further the sequence and
complete procedure of the calculation; however, he did not make
the number of harmonics to be taken into account dependent on
the number of rotor slots, but thought of it as theoretically infinite.

Although [8] does not directly address their fundamental work
to the topic of this article, it provides a theoretical approach to the
basic laws of electrical engineering in relation to asynchronous
machine, which is indispensable for our topic.

The investigations so far were complete in a certain sense, in
a sub-area, indeed, it can always be stated, however, that
something was always missing from the completeness, in our
opinion the following three things.

The effect of the number of rotor slots was not taken into
account, or not so as we believe it should have been. The next
reason, which really completes our investigations, is that although
previous investigations have recognized that the phenomena
occurring in the machine can be modeled with a series of “small”
asynchronous motors and “small” synchronous motors
representing the effects of the MMF space harmonics, shaft-
connected to the “harmonic-free” main motor [6], the small
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synchronous motors, however, have never been defined. Nor have
been recognized the relationship between the small synchronous
motors used as models and the radial and tangential magnetic
harmonic forces. The final reason is that — in the absence of our
formulae — it has not been possible to do more than to specify the
frequency of the harmful phenomena (for checking for
resonance), so the designer could not define just the slot numbers
to be chosen, what he was really looking for but only their
opposite, the set of obviously most dangerous slot numbers to be
avoided. The latter could only be examined as a way of “avoiding”
the so-called slot harmonics.

2. Analytical model

As a model, such a machine is assumed for which the basic
formulae for determining the usual resulting space harmonics are
valid [6]: infinite relative permeability, two-dimensional fields
without considering boundary and end effects, the machine
consist of two smooth coaxial cylinders made of magnetic
material, the cylinders are separated by the air gap, the conductors
of infinitely small cross-section are located in the air gap.

In such a model, the distribution of the excitation current (no-
load magnetizing current) flowing in the winding in the air gap
will have the same shape as the shape of the magnetic induction
or magnetic field, since there will be a linear relationship between
the two. Therefore, we often do not talk about excitation (MMF),
but about the air gap field and its harmonics. Considering its
shape, the MMF curve is always “stepped”, so it is natural that it
contains harmonics.

If necessary, in addition to the MMF harmonics, reference will
also be made to the magnetic conduction fluctuation harmonics
arising due to the stator slot opening, but such case will be
indicated explicitly. Time harmonics and harmonics of other
origin, such important phenomena as eccentricity and saturation,
are not included in the investigation, so that our examination can
really concentrate on the MMF space harmonics. The supply
voltage is always considered sinusoidal, and the motor is started
by connecting it directly to the network (without a frequency
converter drive).

The well-known equivalent circuit of the asynchronous
machine is valid only for the fundamental harmonic magnetic
field, therefore we develop an extended, special equivalent circuit
that also takes into account the harmonic fields occurring in the
case of the model outlined above.

With the help of our investigation, we explore the generation
of parasitic torques during run-up, the generation of radial and
tangential forces that cause vibrations and noise during operation,
with the aim of understanding of origins and results of different
interactions.

Since the derivations as well as the conclusions drawn from
the model are based on the fundamental laws of electrical
engineering, they do not require validation.

3. MMF harmonics in squirrel cage induction machines

MMF harmonics are given in first step for a 2p=2 pole
machine.

Stator MMF harmonics
WWwWw.astesj.com

v=2g-m+1 1

where  m stator phase number
g=0,+1,£2, 43 ...

the stator harmonics are independent of the stator slot number.

Rotor MMF harmonics

=y, @
p

rotor slot number

p  pole pair number

e=0,£1,+£2, 43 ...

vo the stator harmonic that created this rotor
harmonic

(Z2/p=m; rotor phase number)

the rotor harmonics are dependent of the rotor slot number.

where 7,

Rotor harmonics created by the fundamental harmonic of the
stator:

u=eZi 3)
p

This description is suitable for general investigation of the
machine - in the case of ¢1= Zi/2pm = integer i.e. without
fraction/subharmonics - including the investigation of parasitic
torques - and is therefore usually used there.

In fact, harmonics for the entire perimeter occur in the
machine:

on the stator
Vi=w=2m-g-p+p )

on the rotor
\ Z, (5)
/ua :/uap :eip-’_vap :e.Z2 +Vap
p

Rotor harmonics created by the fundamental harmonic of the
stator:

u'=e-Z,+p (6)

This notation should be used, for example, for the study of
radial and tangential magnetic forces, because this is the only way
to interpret the r-order of these force waves.

In addition to MMF (winding) harmonics, in the case of open
or semi-closed slots on the stator, magnetic conductivity
fluctuation induction harmonics are also generated in the air gap,
the order number of which is necessarily determined by the
combination of the slot number and the pole pair number.

Stator

Vator =g Z1tp (7)
where gi=t1, (£2,£3 ...),
Rotor

ua'=erZotp (3)

where ej==%1, (£2,43 ...).
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Going back to stator MMF harmonics (1) let us highlight those
of which g=gi'q1, where q1=Z1/2mp (slot number per phase per
pole)

slot

V:2mglq1+1=gl-2mi+1=gl-Zl/p+1:V )
2mp

V’.\'lut = V.\'lutp = ngI + p (9a)

Expressions (7) and (9a) are identical, which means that the
stator winding harmonics of order g=giq: produce an order v’
along the circumference of the air gap that is equal to the order of
the magnetic conductivity fluctuation harmonics. These parts of
the whole set of MMF winding harmonics are therefore called slot
harmonics. They are also characterized by the fact that their
winding factor is the same as the winding factor of the
fundamental harmonic &u0=¢1. The term “first (winding) slot
harmonic” refers to the order g,=1.

The above implies that the magnetic conduction fluctuation
harmonics of open or semi-closed slots are “added” to, but only
to, the winding harmonics of order 2mg£1 and to its multiples
gi-2mq£1; the two effects cannot then be separated during the
operation of the machine. No new harmonics have appeared
because of the effect of open slots.

From a comparison of (6) and (8), it is clear that all rotor MMF
harmonics generated by the stator fundamental harmonic v,=1 are
slot harmonics. The magnetic conduction fluctuation harmonics
of the rotor are of minor importance because of the small slot
openings.

In the following, the initial definition of v and y, will remain;
if we still turn to using v’ and w,', it will be clearly indicated.

4. The reactance resulting from the MMF harmonics;
air-gap leakage - differential leakage

Since the stator MMF is generated from the winding sides
placed in the slots, it does not give a pure sinusoidal MMF: the
MMF will have spatial harmonics. These harmonic fields are
caused by the same stator current, which causes the so-called
main/fundamental flux; but the speed of travel of the harmonic
fields is not the same as the speed of travel of the main field, but
slower being inversely proportional to the order number of that.
For this reason, however, they induce a voltage in the winding
with a frequency exactly corresponding to the network frequency,
i.e. they behave just like a leakage flux. Hence their name,
although they are not, is still leakage reactance. And since the
phenomenon originates from processes occurring in the air gap,
they are called “air-gap” leakage (Luftspaltstreuung) in several
languages. The term “differential leakage” just in English comes
from the fact that the air-gap leakage fields resulting from the
harmonics can be thought of as the difference between the total
field and the fundamental field. Since the frequency of the voltage
induced in this way is the same as the frequency of the supply
voltage, they can be inserted into the usual equivalent circuit
diagram in the same way as any other (real) leakage reactance.

The air-gap leakage reactance is defined as the sum of an
infinite series:
X, =0 X (10)

soy m
where
WWwWw.astesj.com

© 1 §2
01:2_2 B
v;:lV §1

This phenomenon also occurs on the rotor, the corresponding
reactance can, therefore, be included in the equivalent circuit
diagram of the rotor. The air gap leakage fluxes also move slower
in inverse proportion to the order number relative to the rotor, so
they induce the same frequency in the rotor as the main flux
(fundamental harmonic flux) and as the other leakage reactances
do, so it is also justified to include them in the equivalent circuit
diagram. Definition:

X, =o.X, (11)

520
where
1
o =Y 4+
P 2
Instead of the inconvenient infinite summation, a formula was
developed based on the Gorges diagram.

The differential leakage reactance (let us remain with this term
from now on) [5] (258)

X,. =X, 0, (12)
where
1
O Z%—l ’
where
sinﬂ
ZZ
My = 7
ZZ

2,1 18 hardly different from 1: 7= 1.

Each harmonic flux of the differential leakage of the stator
induces voltage (and current) in the rotor in the same way as the
main (fundamental harmonic) flux - in other words, the cage rotor
responds to a rotating field of any number of poles, i.e. responds
to all MMF harmonic fields - and can therefore be imagined and
modelled with small asynchronous machines shaft-connected to
the rotor of the harmonic-free main motor. For this reason, it is
usual to unfold the differential leakage elements (10) and assign
to them one by one a separate small asynchronous machines’
equivalent circuit diagram, electrically in series connection,
mechanically in shaft connection, see e.g. [6] p. 110 Figure 41,
but anywhere in the literature. These can then be used to explain
and calculate the asynchronous parasitic torques and harmonic
attenuation.

It has been shown that the leakage reactance of these small
harmonic induction machines includes only the differential
leakage reactance (of their rotor); this finding is only
approximately true for the 5™ and 7* harmonics [1], [5], [6], but
in order to simplify the physical picture and the calculation, we
consider them generally true for the time being.

The rotor differential leakage calculation of the small
harmonic asynchronous machines was also developed based on
the Gorges diagram instead of the infinite series summation.

The differential leakage reactance [5] (268)
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XZJV :XmV'GZO'V (13)
where

e S
"1,

rotor differential leakage coefficient.

The denominator is the so-called Jordan’s coupling factor. Its
definition ([5] 268b):

. V3
sin(v p—)
. = Z, (13a)
2v,
o T
v P
ZZ
;
0.8 [ N
06 f -
A
04
0.2 | B
o . . I
0 05 1 15 2

I/p/22
Figure 1: Plotting the value of 0, as a function of vp/Z, ([5] p.154. Figure 107.)

Expression (13a) is plotted on Figure 1. It shows how much
the rotor responds to a stator harmonic. A zero or very low value
indicates that the rotor does not respond to that harmonic. Then
the differential leakage factor will be very high or even infinite
([6] Figure 17. p. 44).

Figure 1 is very difficult to interpret for a daily design work.
Therefore, for a better illustration and more in line with the
designer’s thinking, we have already transformed this figure in
[9]; the range vp/Z>>1 was replaced by zero, since the highest
value in this range is only ~4.5%.

1
0.8

06

2
T]21/

04

02

Figure 2: Representation of the value of 1% as a function of q,' with v as a
parameter. Higher odd harmonics are replaced mathematically by adjacent
(actually with 3-phase not existing) even harmonics only for better transparency

The “physical message” of the figure is the following:

if q2’<2, the machine does not respond to v, = 11, 13 (being
otherwise the first slot harmonics of a stator winding q;=2) and to
any harmonics of higher order;

if q2’<3, the machine does not respond to v, = 17, 19 (being
otherwise the first slot harmonics of a stator winding q;=3) and to
any harmonics of higher order; and so on.

WWwWw.astesj.com

This is the basis for our consideration of how to limit the
theoretically infinite number of stator harmonics in the machine
to a finite, not even unmanageably large, number of harmonics
depending on the number of rotor slots, while still remaining
theoretically correct. A first practical implementation of this
approach has already been presented, dividing the stator
differential leakage components into groups based on their
identical properties, in [10] Figure 1. This figure contains an
infinite series of differential leakage reactances, represented in the
usual columnar manner; but unlike earlier representations no
small asynchronous machine is assigned to stator harmonics
higher than first slot harmonics. Now they are shown to the left of
the current Figure 3, also in a columnar arrangement.

However, we now make a significant addition to the previous
equivalent circuit diagrams (e.g. fill in the so far missing
elements) by unfolding the differential leakage reactances of the
rotor similarly to those of the stator, connected in series, also in a
columnar manner, to the right of the fundamental equivalent
circuit. The corresponding fluxes are also plotted with the voltage
drop across the indicated reactance caused by the rotor
fundamental harmonic current.

The fluxes represented by these reactances do not interact with
the stator of the main harmonic-free motor. The normal stator
does not respond to them, and this is because the normal stator is
designed for a single fixed number of poles and would therefore
only respond to a rotor current harmonic field of the same number
of poles, i.e. u=1 order. A cage rotor, however, does not produce
such a wave; but if it did in rare cases, it would only produce it
with a large v, order, [5] p. 153. Therefore, a small circuit like a
small asynchronous machine, but pointing from the rotor to the
stator, cannot be assigned to it, and cannot interact with it as an
asynchronous machine would.

The flux fields represented by the differential leakage
reactances of the rotor above, however, do interact with each of
the MMF harmonic fields of the stator (and their associated
current layer waves) and since they are independent of each other
- i.e., neither is excited by the other - the interaction can only be
synchronous in nature.

In accordance with the spirit of the figure, and more in accordance
with the physical content, the quantities are proposed by the
author to be referred with the term "harmonic" in a manner
equivalent to the commonly used terms:

e harmonic asynchronous machine / synchronous machine
e harmonic asynchronous / synchronous torque

e harmonic radial/axial forces

e harmonic rotor current / ,

The usual term "parasitic" obviously refers to the harmful
nature of the torque, the term "small" is not very expressive.

Another important phenomenon is that the spatial harmonics
of the rotor's fundamental current (and also the spatial harmonics
of the harmonic rotor currents see later) induce voltages in the
stator, but their frequency is not the mains frequency, and
therefore they do not appear in the usual voltage equations of
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Figure 3: Single harmonic equivalent circuit of squirrel cage induction machine
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the stator and hence not in the equivalent circuit diagram of an
asynchronous machine. For the magnitude and frequency of the
stator induced voltage, see Chapter 7 of [11]. Frequency of the
induced voltage:

(1+U~)'fnet
where a=eZ,/p-(1-s)
where s slip of rotor
e positive integer

At a single slip value, at s=1 standstill, however, the frequency
of the voltage induced in the stator is exactly the network
frequency. Only in this case, the main field and the differential
leakage fields cannot be distinguished [5].

Here we note that the cage rotor, however, can generate a
wave of order p=0 for certain numbers of rotor slots with certain
v, stator harmonics. In this case, the magnitude of the voltage drop
Ly X/t -E/E% in the affected "column" would be infinite, since
=0 is in the denominator; it is then the harmonic current /»,' of
the small asynchronous motor affected by this phenomenon that
eventually becomes zero. At the same time, 7,> in the expression
by ’=-Iim,? will also be zero, so the two approaches give the same
result. The physics of the phenomenon is that the wavelength of
that stator harmonic is then exactly equal to the rotor's slot pitch,
the induced voltages in the rotor bars are of the same magnitude
and direction (zero sequence phenomenon), and thus cannot
generate a current in the cage.

The newly applied consideration above (regarding the rotor
differential leakage elements of the harmonic-free main machine)
will be further extended to the circuits of the small harmonic
asynchronous machines, which represent the effect of the stator's
harmonic MMF on the cage: their leakage as differential leakage
of that rotor can be unfolded, extracted and plotted separately in
the same columnar manner alongside the column of the
fundamental circuit. They also interact with the harmonic flux of
each MMF in the stator, and form small harmonic synchronous
machines in the same way.

Note that an asynchronous circuit v and a rotor MMF
harmonic pu may in some cases have the same order, and both may
exist simultaneously. However, the physics of the two are
different: one is a real (dependent) rotor current of order v, the
other is an independent harmonic rotor flux field of order p, and
therefore their behavior is different: the one is asynchronous, the
other one is synchronous in nature.

All these “of synchronous” interactions of the fields can be
perceived in the behavior of the machine as synchronous parasitic
torque at well-defined rotor speed (including standstill) and as
oscillating torque of the same small synchronous machine in the
"out-of-synchronism" status over the rest of run-up speed range
and at rated operation (acc. to the author incorrectly called torque
ripple), and can also be perceived as radial and tangential
magnetic forces over all the speed range (but deeply analyzed
usually at no-load and rated load only).

The rotor harmonic fluxes close on the same magnetic paths
as those of the stator in the case of the same order number; the
calculation of their reactance is, therefore, identical to the
calculation of the reactances representing the MMF harmonics of
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the stator see Figure. 3. With this statement, the small harmonic
synchronous motors are defined.

The number of small synchronous machines to be included in
the calculation depends on the followings:

e depending on the harmonic wavelength and the size of the
(double) air gap, higher harmonics no longer reach the other
side of the air gap, i.e. there is no interaction between the
stator and rotor at these (high) harmonics; the highest order
number of harmonics is "limited" in this way.

e the number of small asynchronous machines created is
already limited as a function of the rotor slot number acc. to
Figure 2.

Therefore, the number of harmonics to be considered is not
infinite, even in theory.

For example, if the stator winding is chorded and the relative
rotor slot number is q2'<2, then for two reasons, even based on the
most rigorous theoretical considerations, it is sufficient to analyze
the machine by considering the harmonics of the fundamental
rotor current MMF only.

Figure 3 provides a complete map of the harmonic phenomena
occurring in a short-circuited asynchronous machine. Every stator
harmonic shown on the map is in harmonic relationship with
every rotor harmonic. This means a very large number of
interactions, although not an infinite number. The limiting
phenomena are as follows:

e gsynchronous parasitic torque can only occur between
harmonics of the same order: vp==}l,

e research in this direction has long proven that the order of the
radial magnetic force waves to be considered is limited: »=
v "+, '<4 (for large machines <6) only

e the order of the magnetic force waves to be considered from
the perspective of tangential forces has not been defined yet.

Taking this into account — and for the sake of clarity and
transparency — Figure 3 shows only one harmonic pair interaction
generating synchronous parasitic torque as an example, namely
one in which the rotor harmonic happens to be the harmonic
generated by the fundamental rotor current MMF (since such rotor
harmonics always influence the behavior of the asynchronous
machine), and the stator harmonic happens to be of such a high
order that a small asynchronous machine no longer belongs to it
and is therefore no longer attenuated. For the sake of clarity, we
have only presented two interactions that generate radial and
tangential magnetic force waves r#0, which are expected to
belong to the "neighboring" harmonics of the harmonic pair
generating the synchronous parasitic torque.

As a result, when examining a short-circuited rotor induction
motor, while maintaining theoretical rigor, we can limit ourselves
to examining a few, but at least a manageable number of well-
defined field harmonic interactions (see the studies in [11] Table
9).

Using Figure 3 as a map, we do not need to calculate the total,
resulting magnetic field generated in the air gap. For the purposes
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of this topic, it is sufficient to consider only those harmonics that
have a "counterpart on the other side."

5. Power, torque

The topic was investigated in [10] and [12]. Now, it is
elaborated in a different way.

From Figure 3, the powers and torques that occur when the
individual harmonics of the stator and rotor interact with each
other can also be read.

5.1 Synchronous parasitic torque

From the equations of the synchronous machine the following
is chosen to calculate the power of the small synchronous
machine:

p=Yl (14)
Xd
where
2
U,=1X, =1, X g 5@ (14a)
vy &
the voltage corresponding to the stator harmonic MMF,
2
X, S
U,=1X, =1, —= &, (14b)

2 g2
H, 51
the voltage corresponding to the rotor harmonic MMF.

Regarding the harmonics of the rotor fundamental harmonic
current;

U =1X, =1, X—"; (15)

&,

1

due to n}, ~1 and per definition

Synchronous reactance Xy because good coupling is assumed
between stator and rotor harmonic inductances:
2 2
Xm @ Xm g"a — Xm é"h g"a (1 6)

X, X, -X, =
! vi &l & ol &

where per definition: vy = +u,

Substituted
X, 5. X, 6
2 2 2 2
P=11, Vi & My & _ 2 L;gvhfva (17)
©X, 8.8, C M G
,uj élz
During further transformations, the formula for the

synchronous parasitic torque (=oscillating torque) that we derived
earlier in a different way, will be obtained and confirmed [12].

5.2 Asynchronous parasitic torque

Power

X, & (18)

! 2 2
P:U\'IZVZII Vz 512 772\/
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During further transformations, the formula for the
asynchronous parasitic torque that we derived earlier in a different
way will be obtained and confirmed [10].

6. Noise measurements and torque oscillation
measurements during start-up

It is a field experience of a commissioning engineer that while
starting the motor at rated voltage (unlike starting at strongly
reduced voltage in the testroom), significant noise occurs even at
very low speeds, and then its frequency increases linearly, while
the noise magnitude remains unchanged (apart from the air born
noise); see “Tongeraden” [3]. After reaching the breakdown
torque, the noise suddenly decreases significantly. It is not
customary to measure it, but the frequency of the torque
oscillation is obviously the same, and the magnitude of it (not
losing sight of the logarithmic nature of the noise) behaves in the
same manner as that of the noise. However, the analysis and
especially the measurement of the latter is usually omitted from
research.

Any measurements made during start-up would require a very
significant apparatus, and their practical use is at the same time
doubtful. However, there is no doubt that for the sake of a better
understanding and especially for the proof of the theory of the
processes, taking into account Table 1 see later, such
measurement might still not be pointless.

7. The complete system of harmonic tangential and radial
magnetic forces and torques occurring in the machine

For a better demonstration and understanding of the physical
processes, the complete system of the forces created by the action
of the MMF harmonics was included in Table 1 [13]. The table
was prepared using the derivations of [§].

Let us see the physical background of the relationship between
tangential forces (including synchronous torques) and radial
forces. Both the flux density waves and the current layer waves of
the stator and rotor resp., as a function of time and location
(periphery) are written as follows:

b, =B, sin(wt—px) b, =B, sin(wt—p.x—p) (19)

a,=A cos(wt—px) a,=A cos(wt—px—p)

where w; and w, angular velocities of the fields.

There is the only stipulation that there is a causality
relationship between the quantities within the stator as well as
within the rotor:

a= const@ (19a)

X

Otherwise, both stator and rotor quantities can be of any
origin; between them there is no forced relationship.

When examining electrical machines in general, it is
appropriate to look for the conditions for the formation of a
constant torque in time. However, for the purpose of subject
research, we are just looking for what happens when the
conditions are not met. After all, all combinations occur during
the interaction of stator and rotor harmonics.
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Table 1: Complete system of radial and tangential harmonic magnetic forces (and torques) created in a squirrel cage induction machine

Tangential force - Torque Radial force
Basic Sane = BiA, sin( @t = p.x)-cos( @t — p,x—¢) = frw = (B, +B,)’ =B+ B} +2B.B, =
fi 1 .
ormuiac =1/2-B A [sin((o, — ®,)t = (p, — p,)X+ @)+ = B2/2-(1-cos( 2.t -2p.x)) +

i - - 2
+sin(( o, + @, )t = (p, + p,)x - )] +B/2-(1-cos(2w,t—2p,x —2¢)) +
+2B.B, #1/2-[(cos(( @, ~@,)t = (p; = p )X+ ) =
—cos((@, + @)t =(p, + p,)x = @)]

Py #* P |Sang =1/2-BA,[sin((0, —w,)t—(p; — p,)x+ @)+ frua =t BB, [cos((w, — @)t —(p,— p,)x+@)—
o, o, | +sin((o, +o,)t=(p, +p,)x-9)] —cos((@, + @)t = (p, + p,)x— )]

fung tangential force waves along the periphery as function | Force of order r£0

of the position on the periphery and the time

2z
M= j fdx=0
0

Pi#DPr | fung =1/2-BA[sin(—(p, - p,)x+ @)+ Jrwa ® -+ BB [cos(—(p, — p,)x+¢)—
@ =0, +sin((@, + )t = (p, + p,)x = )] —cos((@, + @)t = (p, + p,)x— )]

Force wave fixed to the stator + Force wave fixed to the stator+

+ propagating force wave along the periphery + propagating force wave along the periphery
ps=p, Sang =1/2-B A [sin((o, —w,)t+¢)+ Sfrwa =+ BB [cos(@, —o. )t +¢p)—
@70 | +sin((w, + @)t —2px — @)] —cos((@, + ®,)t —2 px — p)]

2z
M =1y j fdx=—m"IB,A, sin((@, - »,)t + )
0

Oscillating torques. Synchronous torques out of synchronism | Force of order r=0
P, =D, Sing =1/2-B A, (sin ¢ +sin(2wt — 2 px — ¢)) fraa = .= BB (cosp —cos(2at — 2 px — @))
W =0, M = -zr’IB A, sin ¢

Constant force + propagating force wave along the periphery

+ propagating force wave along the periphery

Constant torque in time Force like a fundamental wave

During the examination, we must allow positive or negative
value not only for the angular velocity of the fields (the stator field
relative to an assumed positive direction, the rotor field relative to
the rotor, and the mechanical angular velocity of the rotor also
relative to the same positive direction), but also both positive and
negative values for the pole pair numbers ps and p,, representing
the direction of rotation of the respective rotating harmonic field
relative to the assumed positive direction.

The bottom rows of the table show the situation when the
conditions for the formation of a constant torque in time are met.
This is just the condition for the formation of synchronous
parasitic torque. If this is greater than the torque of the main
machine considered to be free of harmonics, the main machine
“remains stuck”: either at zero speed (standstill) or rotating at a
certain speed (not reaching the rated speed).

The rest of the table examines the different possible variants
of non-fulfillment of the conditions.
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Since both radial and tangential forces will be calculated as
products of trigonometric functions, the same transformations
always give two force waves of the same magnitude. In reality, of
course, their sum gives the resultant force. By studying the
mathematical expression of the forces, it can be discovered that
the force wave with the lower order r gives the “instantaneous
mean value” of the resulting wave.

In practical calculations, only the force wave with the lower
order r will be used for calculation, because it is only that being
able to make the yoke (and the teeth) vibrate; the other remains
out of consideration. It means that in practice we never calculate
the real, resultant force, but only its instantaneous mean value (see
[3] Fig. 22., [5] Fig. 137.).

We have already identified the phenomenon occurring for
three possible variants. Now, the last possible variant is included
also in the table in order to make the table complete.

This ws=w, , ps # p» newly inserted variant is of something
interesting in theory; that if the angular velocities of the stator and
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rotor fields are exactly the same, that always occurs during run-
up or break on a certain rotor speed. Then one of the force waves
does not depend on time, this means it is fixed to the stator: this is
either the “envelope” curve (if ps and p, have the same sign) or the
force with double frequency (if ps and p, have opposite signs), and
the other one is the usual traveling / rotating wave. Richter chose
just this particular case to demonstrate the creation of the one-
sided magnetic pull caused by two induction waves ([5] Kapitel
4. p. 200), if ps + p, =1. Otherwise, in all cases, both force waves
are traveling / rotating waves. A special case is the order number
r=0; then the so-called “breathing” force wave cannot be
interpreted as a space wave, because it only changes in time, and
is constant along the circumference. In reality, a traveling wave
with twice the number of poles and approximately twice the
frequency also occurs with r=0, but it remains out of consideration
in practice.

Regarding Figure 3 and Table 1, note that Table 1 covers the
synchronous phenomena while the processes of the harmonic
asynchronous machines are governed by the usual asynchronous
equivalent circuit diagram.

Before closing this chapter, however, we cannot refrain from
making a critical comment regarding [8]. In the derivation, [8] did
not impose any restriction on the rotor quantities (“they are of
arbitrary origin”). When the conditions of equality of pole number
and speed are met, according to [8] (47) p. 47, a constant torque
occurs over time and it is referred as asynchronous torque
(perhaps in reference to the title of the book). We have adopted
this expression in the bottom row of our Table 1 but we have
called it synchronous parasitic torque. The resulting torque is
asynchronous torque only if the rotor quantities are not of
arbitrary origin, but are strictly induced by the stator (according
to the equivalent circuit diagram of the asynchronous machine).
If they are of any (other) origin, the interaction between the stator
and the rotor cannot be other than synchronous torque.

8. Tangential force waves

Tangential harmonic force waves of low order are generated
only if vitua (vs #1a”). Since these waves cancel each other out
along the circumference, i.e. they are not perceived as a torque
acting on the shaft, they are generally less considered in research.

The tangential harmonic force wave occurs simultaneously
with the radial one. These waves exerts bending loads on the teeth
both of the stator as well as of the rotor. In a normal machine
design, the magnitude of these force waves does not cause
mechanical problems. However, the teeth must be checked for
vibration, because the (high frequency) waves can cause the teeth
to bend in resonance (even break if poorly designed). For drives
with demanding noise emission requirements, this issue should
also be addressed; both stator and rotor teeth should be checked,
especially during the run-up. Their frequency is of course the
same as that of radial magnetic force waves. The tangential
harmonic magnetic force is considerably less than the radial one,
so the examination is usually omitted. But the mass of the teeth
(even with the winding) is also substantially less than the mass of
the yoke, so the smaller forces can still cause the teeth to vibrate;
this shows that the tangential force must be dealt with the same
care.
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Figure 4: Radial magnetic forces (on the example of r=4)

Figure 4 shows an example of the distribution of harmonic
radial forces for r=4. Here groups of sinusoidal distributed pulling
and (apparently) pushing forces alternate along the periphery. It
is known from physics that only tensile forces can arise in the air
gap at any point of the circumference, in any operating state. The
apparent contradiction has been clarified in the literature (e.g. [3]),
so we will not discuss this topic now.

The tangential forces that occur simultaneously also show the
same distribution (but offset in angle by n/2r), forming identical
groups of forces alternately of positive and of negative direction
along the periphery with respect to an assumed positive direction;
the resultant torque created by them on the shaft is therefore zero.

8.1 Calculation of tangential magnetic harmonic forces

The calculation is most conveniently started from the formula
for radial force [12] (26). From this, the tangential force is
calculated using the well-known formula (pu.d/R) regarding the
ratio of tangential to radial forces [3], [7] but [8] is also suitable
to apply. Let it be the maximum of a sinusoidal distributed force
wave of both forces

N ST N 20)
(PT,,l,b) 2 2xf ViHa ¢
where p pole pairs
HUa rotor harmonic
0 airgap
R rotor radius

After simplifications, the rotor radius still remains in the
denominator. If we multiply by that in order to remove it, we get
the local maximum torque
Wi £06 . 1 (2D

My, 72
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My = R fny =

where F airgap surface of one pole.

However, the formula shows a surprising fact, namely that the
elementary harmonic tangential force (torque) does not depend on
the rotor harmonic order u, that generates it (note that vs#u,). This
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is physically not possible. The explanation is that both of the cited
literatures, which studied harmonic flux densities according to
their subject (noise), happened to start from the harmonic
induction of the rotor to derive the current layer of the rotor for
the purpose of calculating the tangential force; hence they arrived
at the well-known formula. In [5], however, the expression for the
harmonic torque is derived from the harmonic induction of the
stator for the purpose of calculating the harmonic current layer of
the stator. This approach leads to the following formula

Wmagn

=

v,Sv, 2 L (22)
max =~ *** F n

2v, é:Z
1

which is obviously a contradiction, because By'A, must be
equal to B, 4, (Table 1).

pole a

Deriving the exact formula is laborious. The point is that the
wavelengths of the stator and rotor waves are not equal.
Therefore, their peaks do not coincide, but are at two different
points on the circumference; the maximum of their multiplication
falls between the two points. Since only the cases
r=vp'tv,'=p(vptu.)<4 are of interest, v, and u, differ only slightly
in the cases to be considered, the development of the exact
formula has little practical contribution, but is of theoretical
interest only. Therefore, as a compromise, the author proposes the
usual geometric mean of the two harmonics. In other words,
instead of the formula described so far in the literature, the
Sformula of the ratio is proposed to be

_ PVl O (23)
f‘tang - Tf‘md

which is obviously closer to the correct theoretical value than
that one used so far.

The maximum of the local harmonic magnetic torque created
by the maximum tangential magnetic force wave of order r
w

m max = _— (

.8, l) (24)
F 2

M, 77
g

Of course, the starting current must be substituted into (21):
I=U/X; , (where X; total leakage reactance) since this is when the
largest harmonic tangential forces are obtained. With further
arrangements, we get back our original equation, [12] (13), again
a cross-confirmation of our earlier formula.

pole Vh :ua

Based on Fig. 4, the relative value of the torque created by a
half-wave of the tangential forces of order r is proposed as
Mtan g Xm év,, fvu 2 1 1 2 (25)

=2
M breakdown X s Vb H a

v EX2r

8.2 Consideration of magnetic conduction harmonics due to slot
openings

In practice, radial magnetic force waves are usually examined
at no-load and at rated load. On this slip of the motor, the magnetic
conduction fluctuation harmonics, if any, play a decisive role.

However, the effect of such harmonics is different for
synchronous parasitic torques, since they are naturally generated
at start-up and low run-up speeds. At these times, the fundamental
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induction field (being in connection with said fluctuation) is about
half the size of the rated one, but the currents generating the MMF
harmonics are =5times larger, so the role of magnetic conduction
fluctuation harmonics is significantly reduced and even ignored.
The resulting error may be noticeable, but not so large as to affect
the evaluation of the rotor slot number.

However, when considering oscillating torques (so-called
torque ripple) in rated operation, which are the result of the
operation of the small harmonic synchronous machines in the
"out-of-synchronism" state, the magnetic conductivity fluctuation
harmonics must also be taken into account (but only if the
machine has an open stator slot, i.e. is designed using high-voltage
technology), in the same way as for noise calculations [13] Figure
1. In this case, they are strongly dominant - also because their
numerical values are not logarithmically "damped" by the dB
calculation applied for noise calculations.

8.3 Pole pair numbers to be substituted in Table 1.

For all the radial force waves column and for the tangential force
waves
ps=V’, pr=u. pole pair numbers must be calculated.

For the synchronous parasitic torques
Ps=V, pPr= U pole pair numbers must be calculated.

For the oscillating torques during run-up up to breakdown torque
slip
Ps=7V, pr=Uapole pair numbers must be calculated.

For the oscillating torques around rated speed
Ps=7V, p= U, pole pair numbers must be calculated but
in the case of open stator slots:
the oscillating torque components that arise with the contribution
of vaor=2mg1q1+1 , they must be calculated in the same way as
found for radial force waves:
ps= V', pr= U, 1.e. taking into account the amplifying
effect of the magnetic conduction fluctuation wave.

Note that in the formulae, vy and p, must always be substituted,
never vy' and z,’.

9. Conclusion

The behavior of the asynchronous motor is determined - for
the purpose of our present investigation - by the stator and rotor
differential leakage components.

The stator differential leakage components generate harmonic
rotor currents in the rotor cage, these currents will create spatial
harmonics being also differential leakage components in nature.
From subject point of view, therefore, the rotor differential
leakage components include all such components created by the
fundamental rotor current, as well as those created by the
harmonic rotor currents. At the end, each component of the stator
differential leakage interacts with each component of the rotor
differential leakage. This interaction will occur with any number
of rotor slots. The stator and rotor components are independent of
each other, and therefore the interactions are of a synchronous
machine nature. The entirety of these phenomena determines the
behavior of an asynchronous machine: these are the interactions
that generate synchronous (harmonic) parasitic torques, radial and
tangential harmonic magnetic forces.
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The stator differential leakage components interact also with
the harmonic rotor currents generated in the squirrel cage by them.
Since these harmonic rotor currents depend on (are induced by)
the stator differential leakage components, the phenomenon will
be asynchronous in nature. These are the interactions that generate
the asynchronous parasitic (harmonic) torques. The phenomenon
(strongly) depends on the rotor slot number. The effect is only
secondary order and cannot be measured compared to the
previous one in the usual practical cases. It plays a significant role
in determining the behavior of the machine, however, if
7,>1.25-Z,.

It is surprising, therefore, that descriptions of the generally
less important small harmonic asynchronous machines appeared
early on in literature, right at the beginning but descriptions of the
always very important small harmonic synchronous machines are
nowhere to be found.

10. Summary

In this paper, the completeness of MMF field harmonics in a
squirrel-cage induction machine is presented, by defining a single
equivalent circuit diagram containing all the harmonics and all
their connections as a map, and then by defining a single table
containing all the terms of all the MMF harmonics and their
relations including the explanation, generation and calculation of
all possible harmonic magnetic forces and torques.

In doing so, the existing definition in the literature have been
verified, according to which a squirrel-cage induction machine
can be modelled with a harmonic-free “main machine” and a
series of “small” induction machines and “small” synchronous
machines with shaft connection. The small asynchronous
machines represent the asynchronous parasitic torques arising in
the squirrel cage machine. The small synchronous machines
represent all the magnetic forces (both radial and tangential forces
incl. synchronous parasitic torques) arising in the squirrel cage
machine. The small synchronous machines with the same number
of poles on the stator and the rotor represent the r=0 case and the
synchronous parasitic torques, and those with different numbers
of poles represent the r#0 case.

A proposal is made hereby for the general use of adjective
“harmonic” for all terms regarding the phenomenon in an

EEINT3

equivalent manner instead of “parasitic”, “small” etc.

The definition of small/harmonic synchronous machines has
been missing in the literature, therefore, the definition
/specification of small harmonic synchronous machines is a
fundamental development of this paper. The known but
incomplete equivalent circuit diagram has thus been completed.

The completed equivalent circuit diagram also visually
displays all harmonics and shows the complete physical
interrelationship, thus greatly facilitating the understanding of the
phenomena and therefore may be essential for education.

In practical research, each of these areas is often examined
separately. However, our table organizes them in a system based
on their physical relationships, and thus highlights physical
relationships between the sub-areas that are often overlooked or
forgotten, such as the physical relationship between oscillating
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torques vs. torque ripple, and between oscillating torques vs.
tangential forces (occurring simultaneously with radial forces).

Based on the harmonic equivalent circuit diagram, the
correctness of the formulae derived in our previous studies have
been demonstrated.

Finally, the formula for tangential magnetic forces was
derived. Thus, the designer has now all the necessary relevant

formulae (synchronous and asynchronous parasitic torques, radial

and tangential magnetic forces). During the derivation, it is shown
that the known and long-established formula for the ratio of
tangential to radial magnetic harmonic forces is not correct in
principle; a proposal is given for correction.

Based on the real response of a cage rotor to stator harmonics,
depending on the number of rotor slots, relatively few MMF field
harmonics influence in merit the behavior of the asynchronous
machine.

Since the differential leakage components are by definition
spatial harmonic components of the MMF, it is proposed to
designate the whole topic as the effect of the differential leakage
components on the behavior of the squirrel cage machine.

Our system wants to serve as a guide for verifying the results
of calculations using more advanced methods and for determining
the direction of further research.

In this paper, together with our previous published results and
formulae, we present a complete description of a new approach,
which allows to compute the behavior of any asynchronous
machine with squirrel cage rotors with small apparatus but still
with considerable accuracy. Moreover, this does not require any
information about the machine other than the number of poles and
the number of slots (and only whether or not there is a chording
on the stator), still facilitating the ultimate goal of correctly
selecting the rotor slot number, on a very general way.
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The rapid evolution of global technologies and industrial restructuring demands innovative
pedagogical approaches to foster interdisciplinary engineering expertise. This research
pioneers a blended instructional framework anchored in micro-topic pedagogy under the
New Engineering Education (NEE) paradigm, orchestrating case studies, heuristic
scaffolding, and research-driven inquiry strategies within digitally augmented learning
ecosystems. A quasi-experimental study was conducted with 132 participants (53 in the
experimental cohort adopting the micro-topic framework; 79 in the control group receiving
conventional instruction). Performance metrics derived from assessments, perception
surveys, and behavioral analytics were evaluated through boxplot visualization. Learners
in the intervention cohort exhibited marked enhancements in applied skill development
(mean score gain: 5.2 points, p<0.01) and active participation (85% endorsement rate).
Real-time simulation tools and adaptive feedback mechanisms further amplified
interdomain troubleshooting proficiency by 23%. By synergizing technology-mediated
experiential learning with industry-aligned challenges, this model bridges academic rigor
and professional demands, providing a scalable blueprint for engineering education

innovation.

1. Introduction

The rapid advancement of global technologies and industrial
restructuring has rendered traditional engineering education
inadequate in addressing the demands of emerging technologies

and complex engineering challenges for interdisciplinary talent [1].

In response, China’s New Engineering Education (NEE) initiative
has been proposed to cultivate engineers with cross-disciplinary
perspectives, innovative thinking, and practical competencies [2].
This paradigm shift not only modernizes conventional pedagogical
frameworks but also aligns with industrial upgrading and global
competitiveness, equipping graduates with problem-solving agility
in dynamic technological landscapes. Under the NEE framework,
engineering education must prioritize innovation and practicality,
transcending knowledge-centric approaches to emphasize hands-
on skills, collaborative aptitude, and creative problem-solving.
Consequently, pedagogical reforms that integrate authentic
engineering contexts into curricula have become a cornerstone of
higher education transformation [3,4].

* Corresponding Author: Chen Yanhong, School of Land Science and Spatial
Planning, Hebei GEO University, China, 001528@hgu.edu.cn
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Traditional engineering education, characterized by teacher-
centered knowledge transmission and theoretical emphasis, fails to
equip students with practical experience or interdisciplinary
integration skills, hindering their adaptability to complex
engineering projects [5]. Furthermore, the exponential growth of
technologies — such as artificial intelligence and big data —
demands rapid knowledge renewal and cross-domain collaboration,
exposing the limitations of conventional pedagogies [6-8].
Universities must urgently innovate teaching models to transcend
classroom boundaries and meet the NEE’s broad requirements for
talent development [9].

Amidst global technological acceleration and industrial
transformation, engineering education is undergoing a critical shift
from traditional instruction to the New Engineering Education
(NEE) paradigm. Conventional models, which focus on single-
discipline knowledge transfer and basic technical training, fall
short in nurturing the interdisciplinary, innovative, and practical
competencies required for modern engineering challenges. Recent
studies across disciplines have explored blended pedagogies—
such as case-based learning, inquiry-driven methods, and micro-
lectures—demonstrating their efficacy in enhancing knowledge
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retention, practical skills, and learner autonomy. For instance, a
"virtual-physical  integration" approach in fermentation
engineering courses utilized virtual simulations and real-world
case studies to deepen students applied understanding in near-
authentic environments [10]. Similarly, Micro-lectures combined
with case-based teaching have been shown to significantly
improve self-directed learning and satisfaction in orthopedic
nursing education [11]. Case-based teaching has also proven
effective in medical education; for instance, case studies in
geriatric Chinese medicine graduate programs not only
strengthened theoretical knowledge but also significantly
enhanced practical skills, innovative thinking, and self-assessment
confidence [12]. In art education, inquiry-based learning fostered
creativity and adaptability by guiding students to independently
explore solutions to complex problems [13].

Additionally, heuristic and inquiry-based pedagogies have
been shown to enhance disciplinary mastery and holistic
competencies across fields. Case-based methods in ophthalmology
courses have been shown to improve both student satisfaction and
professional knowledge acquisition, highlighting their potential in
cultivating "excellence-oriented clinicians" [14]. In materials
science laboratories, inquiry-driven approaches have been
revealed to significantly boost innovation capabilities, teamwork,
and self-regulated learning [15]. Likewise, the integration of
micro-lectures with problem-based learning (PBL) in burn surgery
education has been shown to lead to measurable improvements in
academic performance and learner satisfaction [16].

However, existing research predominantly focuses on
optimizing isolated teaching methods within single disciplines [17-
19], with limited exploration of multidimensional pedagogical
integration. While methods like inquiry-based learning, case
studies, and micro-lectures improve discipline-specific outcomes,
they inadequately address the NEE ' s demands for cross-
disciplinary synergy, practice-oriented training, and systemic
innovation. For example, Rigid skill-training frameworks in
traditional models have been identified as hindering students
ability to flexibly apply knowledge in complex scenarios [20].

Under this backdrop, the micro-topic pedagogy emerges as a
transformative approach. Grounded in the principle of "problems
as projects, solutions as research, and outcomes as achievements,"
this model deconstructs complex engineering challenges into
manageable micro-tasks, enabling students to conduct autonomous
research and solve real-world problems within constrained
timelines. It synergizes three methodologies: 1) Case-based
learning to contextualize theoretical knowledge in authentic
scenarios; 2) Heuristic scaffolding to stimulate divergent thinking
and multidimensional problem-solving; 3) Inquiry-driven
exploration to foster innovation through self-directed
experimentation [21].

This tripartite integration creates a flexible, practice-oriented
framework that emphasizes learning-by-doing in realistic
environments. By prioritizing student agency, collaborative
teamwork, and critical reflection, the model bridges academic
content with industrial practice. Students gain hands-on experience
in independent thinking, problem-solving, and creative innovation,
thereby aligning with the NEE’s demand for adaptable,
interdisciplinary competencies.
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2. Theoretical Foundations of the Micro-Topic-Pedagogy
2.1. Definition and Characteristics of Micro-Topic Pedagogy

The micro-topic approach refers to a small-scale (typically 4-6
weeks), short-cycle, and problem-focused instructional project.
Through well-designed, real-world-related mini research topics,
students conduct independent research within a limited timeframe
and propose practical solutions. These micro-topics typically
address real-world applications, with a moderate scope and
appropriate difficulty level, aiming to develop students' ability to
solve practical problems efficiently. This teaching approach
provides students with opportunities for independent inquiry and
hands-on practice, fully reflecting the "problems define topics,
solutions drive research, and outcomes demonstrate learning"
educational philosophy.

Compared to traditional research projects, the micro-topic
approach is characterized by innovation and flexibility in the
following aspects: 1) Short Duration, Fast-Paced Execution -
Micro-topics are designed for shorter research cycles, making
them adaptable to a single semester or even a few weeks. Unlike
long-term projects, micro-topics align flexibly with teaching
schedules and objectives. 2) Specific Problems, Clear Objectives
- Micro-topics focus on well-defined real-world problems, often
closely related to students' coursework, professional fields, or
future career scenarios, thereby increasing student engagement and
motivation. 3) Practice-Oriented with Dynamic Feedback -
Students apply learned knowledge through hands-on exploration,
and instructors provide timely feedback and guidance, ensuring
effective learning outcomes.

The core role of the micro-topic teaching model is to enhance
student engagement and foster innovative thinking. By introducing
real-world problem scenarios, students not only apply theoretical
knowledge in practice but also develop critical thinking and
problem-solving skills. The micro-topic approach prioritizes
student-centered learning, encouraging learning by doing, where
students actively engage in hands-on tasks and real-world
applications. This teaching method effectively reduces passive
knowledge reception and stimulates active thinking, exploration,
and collaboration through well-designed problem-solving
activities.

Additionally, the micro-topic teaching approach offers
multiple educational benefits: 1) Constructivist Learning - Rooted
in constructivist theory [22,23], students develop a deeper
understanding of knowledge through self-directed inquiry,
improving their independent learning and innovative thinking
abilities. 2) Teamwork and Collaboration - Micro-topics are
typically conducted in groups, allowing students to engage in task
distribution, discussion, and cooperative problem-solving, thereby
enhancing their teamwork skills. 3) Career-Relevant Learning -
Many micro-topics are closely linked to real-world professional
contexts, helping students understand how academic knowledge
translates into practical applications.

Thus, the micro-topic teaching method is not only an
innovative pedagogical approach but also a key driver in fostering
independent learning, teamwork, and creative thinking.
Throughout this process, students deepen their practical
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knowledge application and continuously enhance their problem-
solving competencies through hands-on experiences.

2.2. Theoretical Foundations of the Integrated Teaching Model

The uniqueness of micro-topic pedagogy lies in its capacity to
flexibly integrate multiple teaching methodologies through
project-driven challenges, fostering active problem-solving and
innovative thinking. By synergizing case-based, heuristic, and
inquiry-driven  approaches, this model establishes a
multidimensional blended framework that holistically enhances
educational outcomes.

The micro-topic-pedagogy teaching model is distinct in its
ability to flexibly integrate multiple instructional strategies,
fostering students’ active engagement and innovative problem-
solving skills through guided project-based learning. Specifically,
this model synthesizes case-based, heuristic, and inquiry-based
pedagogies, forming a "multi-dimensional integration" framework
that enhances overall teaching effectiveness.

1) Case-Based Learning

Case-based learning (CBL) is an instructional approach that
engages students with real-world or simulated scenarios, aiming to
bridge theoretical concepts with practical applications [24]. Within
the micro-topic framework, CBL provides students with authentic
problem contexts, reinforcing the principle that "problems define
the research topics." In designing micro-topics, instructors can
select domain-specific case studies and guide students through
research-driven problem-solving processes. This approach enables
students to apply theoretical knowledge to practical situations,
fostering a deeper and more intuitive understanding of core
concepts.

By engaging in case analysis and hands-on activities, students
learn to extract key issues from complex scenarios and develop
solutions through iterative micro-topic research. This method not
only solidifies theoretical comprehension but also enhances
students' ability to address real-world challenges. The integration
of CBL within micro-topic teaching situates learning in a realistic
context, allowing students to develop problem-solving
competencies through experiential learning.

2) Heuristic Teaching

Heuristic teaching encourages critical thinking by posing
thought-provoking questions, stimulating students’  creativity,
and fostering an exploratory mindset [25]. Within the micro-topic
framework, heuristic teaching promotes the notion that "solutions
drive research" by prompting students to develop and refine
strategies in response to specific challenges. Through structured
questioning and guided discussions, instructors help students
delineate core research problems and explore potential solutions.
Thought-provoking inquiries not only cultivate curiosity but also
encourage students to examine issues from multiple perspectives,
leading to innovative solutions. In this approach, students must not
only propose countermeasures but also validate their effectiveness
through research and experimentation. The iterative process of
hypothesis testing and optimization integrates the principle of
"solution-driven research" into micro-topic instruction.

By embedding heuristic teaching within micro-topic learning,
students are encouraged to think autonomously, maximize their
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creative potential, and connect research processes with real-world
problem-solving. This approach fosters independent inquiry and
enhances students' ability to tackle complex, interdisciplinary
challenges.

3) Inquiry-Based Learning

Inquiry-based learning (IBL) emphasizes student-driven
exploration and experimentation to identify and solve problems.
Within the micro-topic framework, IBL facilitates the design of
open-ended research tasks, encouraging students to actively
engage in exploration and develop innovative solutions [26].
Micro-topic instruction, grounded in IBL, immerses students in
authentic research contexts where they investigate and refine their
hypotheses through experimental validation. This method shifts
learning from passive knowledge acquisition to active knowledge
construction, where students not only absorb information but also
develop insights through iterative problem-solving.

A distinctive feature of IBL is its emphasis on the learning
process itself. Within micro-topic teaching, research activities,
such as conducting experiments, analyzing data, and reviewing
literature—are integral to the learning journey. The outcomes of
these inquiries extend beyond mere problem resolution; they
contribute to students’ cognitive development, analytical skills,
and critical thinking capabilities. By embedding IBL into micro-
topic learning, students cultivate independent research
competencies and develop the ability to address complex, real-
world problems through systematic inquiry.

4) Multi-Dimensional Integration in the Micro-Topic Teaching
Model

The core strength of the micro-topic-pedagogy teaching model
lies in its ability to integrate case-based, heuristic, and inquiry-
based pedagogies into a cohesive and adaptable instructional
framework, Figure 1 illustrates the integration of case-based,
heuristic, and inquiry-based pedagogies within the MTP
framework, highlighting their roles in problem identification,
solution development, and outcome validation. This multi-
dimensional integration fosters an engaging, practice-oriented
learning environment that enhances students innovation capacity,
self-directed learning, and practical skills.

By structuring learning around specific, real-world problems,
the micro-topic model enables students to engage in research-
driven inquiry. Initially, problem-based cases ground their
investigations in authentic contexts, followed by heuristic
strategies that stimulate critical thinking and guided exploration.
Finally, inquiry-based activities allow students to validate and
refine their proposed solutions through systematic research. This
sequential and integrative approach transforms students from
passive recipients of knowledge into active explorers and problem
solvers.

The micro-topic model effectively harnesses multi-
dimensional integration to cultivate student agency and enthusiasm
for learning. Through iterative problem-solving, students refine
their approaches and develop solutions that bridge theoretical
understanding with practical application. This comprehensive
pedagogical strategy not only strengthens students’ theoretical
foundations but also enhances their cognitive flexibility and

creative problem-solving abilities, preparing them to meet the
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Design questions and guidance evolving demands of modern
engineering education.
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guidance

Independent experiments

Inquiry-Based Teaching Method Optimize outcomes

I

Students' Ind dent Inquiry

l
i

and analysis

and Innovative Practice

Figure 1: Framework of the Micro-Topic-Pedagogy

3. Design and Implementation of the Micro-Topic-Pedagogy
Teaching Model

3.1. Principles of Micro-Topic Design and Implementation

Topic Selection Criteria: The design of micro-topics should
align closely with the instructional objectives of the course, taking
into account students’  disciplinary backgrounds, interests, and
future practical applications. Effective topic selection ensures that
students not only deepen their understanding of course content but
also identify real-world applications of theoretical concepts.
Furthermore, selected topics should be sufficiently challenging to
stimulate intellectual engagement without exceeding students'
cognitive and technical capabilities. Topic selection should ensure
diversity and representativeness by incorporating a range of real-
world problems from different industry sectors. The design process
must integrate students” academic progression, cognitive levels,
and practical needs to enhance both conceptual comprehension and
applied learning.

Establishing Instructional Objectives: Clearly defined and
specific instructional objectives are essential to ensuring that
micro-topics align seamlessly with the course curriculum. Each
micro-topic should facilitate mastery of core theoretical
knowledge while simultaneously fostering students' ability to
solve practical problems. Thus, instructional goals should
encompass not only knowledge acquisition but also the

development of practical skills, teamwork, and innovative thinking.

When formulating objectives, instructors should consider both the
expected learning outcomes and the experiential gains students
accumulate throughout the micro-topic research process.

The micro-topic implementation process follows a structured
sequence:

e Preliminary Investigation: Collect relevant data to inform
instructional design, ensuring alignment with both academic
and industry requirements.

e Instructional Design: Based on the investigation findings,
define clear learning objectives and select appropriate
teaching methodologies.
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e Teaching Implementation: Conduct instructional sessions
while documenting classroom activities and student
engagement for subsequent analysis.

e Evaluation and Optimization: Assess learning outcomes
through data-driven analysis and refine teaching strategies
based on student feedback.

Current Situation Survey

Topic2 Topic 3 Topic 4
Reform and innovation Teaching methods and
in surveying interaction strategies in surveying engineering
ing course surveying engineering courses with industry

content courses demands

_ N
Teaching D:
i e o Design and Implementation

Design of the micro-topic-driven
teaching model

Topic 1
Status of curriculum Alignment of
ideclogical in surveying

ing program:

Teaching Design
"
Y

es

Teaching

+ ¥

Classroom activity Student performance
tracking

recording
[

1. Design Concept Based on

Problem-Oriented Curriculum

2. Implementation $wrategy Based on
Research Findings
3. Evaluation System Based on

Achievements

Satisfaction
Assessment

1. Sdent leaming outcomes
2. Classroom engagement
3. Satisfaction with teaching methods

Yes 4. Group leaming evaluaion

Experience Summary

Figure 2: Design and Implementation Process of the Micro-Topic-Pedagogy
Teaching Model

5. Analysis of student reflections

6. Course effectiveness assessment

Taking the surveying and mapping engineering discipline as an
example, the implementation process (as illustrated in Figure 2)
begins with an assessment of the current state of professional
courses, including ideological-political integration, curriculum
development, teaching methodologies, and industry demands. This
information informs the instructional design to ensure that course
content remains relevant to professional industry standards.

During the teaching implementation phase, instructors
systematically document student engagement and classroom
interactions. Learning outcomes are then evaluated through data
analysis, and iterative refinements to teaching methods are made
based on feedback. This cyclical optimization process enhances
teaching quality and fosters improved student learning experiences.
Specifically, for surveying and mapping engineering students, this
structured implementation framework provides robust support for
the development of practical skills and innovative problem-solving
capabilities.

3.2. Classroom Activity Design Under the Micro-Topic-
Pedagogy Approach

1) Case Analysis and Discussion

Through case-based learning, students gain a deeper
understanding of the background and complexity of real-world
problems. In micro-topic-pedagogy classrooms, instructors should
select representative real-world cases tailored to students’
learning needs. These cases serve as tools to help students identify
key issues, analyze root causes, and develop feasible solutions.
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Case analysis not only facilitates classroom discussions but also
provides students with an effective means of applying theoretical
knowledge to practical scenarios.

2) Heuristic Question Design

Instructors should create thought-provoking problem scenarios
that stimulate critical thinking. Under heuristic teaching principles,
carefully crafted, challenging questions guide students to explore
problems from multiple perspectives and investigate possible
solutions. The design of heuristic questions should be closely
aligned with real-world challenges, encouraging students to go
beyond surface-level observations and explore underlying causes
and fundamental principles. This heuristic guidance expands
students' thinking and fosters an innovative mindset.

3) Inquiry-Based Task Assignments

The design of inquiry-based tasks is crucial in micro-topic
teaching. Instructors should introduce tasks that are challenging,
open-ended, and practice-oriented, allowing students to engage in
independent exploration while solving problems. For example, in
project-based learning, instructors should incorporate multiple
stages of exploration characterized by variability and uncertainty.
Students are encouraged to utilize experimental methods, field
investigations, and data analysis to independently identify and
address research problems. Inquiry-based tasks cultivate students’
abilities in independent thinking and research while reinforcing
their theoretical knowledge through practical applications.

3.3. Role Positioning of Teachers and Students
1) The Guiding Role of Teachers

In micro-topic-pedagogy teaching, the role of the teacher
extends beyond that of a knowledge transmitter to that of a
facilitator and feedback provider. Throughout the design and
implementation of micro-topics, instructors are responsible for
offering effective guidance in topic selection, research direction,
access to learning resources, and feedback on students' findings.
Teachers should encourage students to pose challenging questions,
engage in reflective learning, and iteratively refine their research
approaches. Additionally, timely and specific feedback is crucial
in helping students refine their problem-solving strategies and
enhance their learning outcomes.

2) The Active Role of Students

The micro-topic-pedagogy teaching model emphasizes
student-centered learning, requiring students to actively participate
in topic design, research, discussion, and presentation. In this
process, students must develop both independent thinking and
collaborative teamwork skills. By engaging in self-directed inquiry,
they take ownership of problem-solving and progressively
enhance their innovative and practical competencies. Through
active participation in micro-topics, students transition from
passive recipients of knowledge to proactive learners and
researchers.

3) Interactive Mechanism Between Teachers and Students

Effective teacher-student interaction is fundamental to
optimizing learning outcomes in micro-topic-pedagogy teaching.
Teachers not only serve as knowledge facilitators but also as
cognitive mentors and research advisors. By designing thought-
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provoking questions and structuring problem-solving tasks,
instructors guide students through the entire process — from
identifying research topics and formulating strategies to executing
tasks and conducting reflective analysis. In this dynamic learning
environment, students engage in independent inquiry and
collaborative problem-solving, progressively refining their critical
thinking and problem-solving abilities.

This interactive mechanism fosters a positive learning attitude
and creates an iterative feedback loop that supports continuous
learning and improvement. By establishing an interactive and
inquiry-driven classroom environment, micro-topic teaching
significantly enhances student engagement, practical application
skills, and overall learning effectiveness.

4. Evaluation and Feedback on the Effectiveness of Micro-
Topic Teaching

4.1. Data Analysis and Assessment Framework of Teaching
Effectiveness

To objectively and systematically evaluate the effectiveness of
the micro-topic-pedagogy teaching model, it is essential to
establish a structured data analysis and assessment framework.
First, quantitative data are collected through final exams and
questionnaire surveys to measure students' overall satisfaction with
the micro-topic approach, their recognition of the teaching model,
and their learning experience.

After implementing the micro-topic teaching model among
students in the Class of 2021, significant improvements in
academic performance were observed. A quasi-experimental
design was implemented with 132 students (53 in the experimental
group using the micro-topic model; 79 in the control group with
traditional instruction). The average score increased to 77.5,
marking an approximate 5-point improvement compared to the
Class of 2020 (p<0.01), as illustrated in Figure 3. This
enhancement can be attributed to the integration of personalized
learning, the combination of theoretical and practical applications,
and the cultivation of critical thinking skills.

100
90 1
» 80
o
£
&
Z
& 70
60 1
50 . T

Class of 2021 Class of 2020
Figure 3: Comparison of Test Scores Between Class of 2021 and Class of 2020

Boxplot analysis indicates that the distribution of scores among
the 2021 cohort is more concentrated, with a higher median
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compared to the 2020 cohort. The narrower interquartile range

suggests greater consistency and stability in academic performance.

Additionally, violin plot analysis reveals that the middle section of
the 2021 cohort’s distribution is wider, indicating a concentration
of scores around the mean. In contrast, the 2020 cohort exhibits a
wider distribution in the lower score range, suggesting a
prevalence of lower academic performance.

These observed improvements not only reflect an overall
enhancement in student performance but also demonstrate the
positive impact of the micro-topic-pedagogy teaching model in
improving educational quality and student learning outcomes.

4.2. Analysis of Course Learning Outcomes

A further comparison of the achievement levels of four course
objectives between the 2021 and 2020 cohorts reveals that students
in the 2021 cohort demonstrated overall higher attainment across
all objectives, as illustrated in Figure 4. The specific findings are
as follows:

The mean attainment level for each course objective in the
2021 cohort is consistently higher than that of the 2020 cohort,
indicating better knowledge acquisition and skill application
among students who experienced the micro-topic-pedagogy
teaching model. The distribution of attainment levels in the 2021
cohort is more concentrated, reflecting improved teaching
effectiveness and greater stability in students’ learning outcomes.

These results suggest that the micro-topic-pedagogy teaching
model significantly enhances students’ achievement of course
objectives, reinforcing its positive impact on engineering
education quality and student learning performance.
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Figure 4: Comparison of Course Objective Attainment Levels

The course objectives were designed to comprehensively cover
the full spectrum of learning - from theoretical understanding to
practical application, and from technical proficiency to
professional responsibility - aligning with the educational
requirements of engineering surveying.

Course Objective 1: Students should be able to accurately
articulate complex problems in engineering surveying.
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Course Objective 2: Emphasizes the mastery and application
of fundamental theories, requiring students to propose solutions for
complex surveying challenges.

Course Objective 3: Focuses on equipping students with the
ability to select appropriate technical approaches in real-world
engineering scenarios.

Course Objective 4: Highlights students' ability to analyze the
societal impact of engineering surveying and cultivate a sense of
professional responsibility.

These well-structured course objectives provide a solid
foundation for training high-quality engineering surveying
professionals, ensuring that students develop both technical
competencies and ethical awareness in their field.

In addition to quantitative assessments, instructors
systematically recorded student’s classroom performance to
evaluate their engagement in team collaboration, classroom
discussions, and micro-topic research activities. Student
presentations, research reports, and other project-based
deliverables also served as key indicators of their actual learning
outcomes.

Pie chart analysis further confirmed these findings (Figure 5),
showing that the attainment rates of all four course objectives
exceeded 88%. This suggests that the majority of students not only
successfully achieved the intended learning goals but also
demonstrated high levels of enthusiasm and recognition for the
classroom activities and the teaching model. The data indicate that
the micro-topic-pedagogy teaching model effectively stimulates
students' learning interest, while enhancing their self-directed
learning abilities and problem-solving skills.

Course Objective 1 Course Objective 2

Course Objective 3 Course Objective 4

g .

[ Fully Achieved [ Achieved [ |Basically Achieved

Figure 5: Achievement Levels of Course Objectives

These results highlight the strong applicability of the micro-
topic teaching model in New Engineering Education (NEE)
disciplines, providing a robust framework for cultivating practice-
oriented and innovation-driven engineering talents.

The assessment framework is designed around the "growth as
an outcome" principle, emphasizing both students' final
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achievements and their developmental progress throughout the
research process. Beyond technical competencies, the evaluation
also considers students' improvements in critical thinking,
collaboration skills, and social responsibility.

By integrating boxplot and pie chart analysis, instructors can
continuously refine teaching methodologies, ensuring that the
micro-topic approach sustainably enhances both educational
quality and student competencies. This dual-impact strategy
supports the long-term advancement of teaching effectiveness and
student skill development, reinforcing the micro-topic model as a
valuable innovation in engineering education reform.

4.3. Student Feedback and Performance Evaluation

To comprehensively assess the impact of the micro-topic-
pedagogy teaching model on students’ learning outcomes and skill
development, a mixed-methods evaluation framework was
implemented, integrating quantitative and qualitative approaches.
Quantitative analysis utilized exam scores, performance metrics,
and Likert-scale surveys to measure progress in knowledge
acquisition, skill application, and teamwork. Results revealed that
85% (95% CI: 80%-90%) of students rated the model as
“satisfactory” or “very satisfactory,” with 42% expressing strong
approval (Figure 6). These findings underscore the model’s
efficacy in meeting diverse learning needs and enhancing
educational experiences through structured, outcome-focused
tasks.

How satisfied are you with the effectiveness of your lecture?

Does this course help with your future career development?

How satisfied are you with the micro-topic teaching model?

Did you actively participate in classroom discussions and activities?

Did the micro-topic teaching model help with your learning?

Was the teacher's performance in the micro-topic teaching model satisfactory?

[ 10 points [N 7 points [ | 5 points [N 3 points
0 20 40 60 80 100

Figure 6: Student Satisfaction and Feedback on the Micro-Topic Teaching Model

Qualitative insights were derived from student reflections,
classroom participation records, and team role analyses, offering
nuanced perspectives on innovation capabilities, practical skills,
and self-directed learning growth. This approach enabled
instructors to track individual development trajectories and tailor
guidance effectively. Complementing this, a dynamic assessment
mechanism provided real-time monitoring of student progress
through iterative feedback loops. For instance, 78% of students
reported that instructor interventions significantly advanced their
research, while 67% noted improved innovative thinking,
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highlighting the value of adaptive teaching strategies in fostering
intellectual agility.

The integration of continuous feedback allowed educators to
refine instructional content and pedagogical tactics iteratively. By
aligning teaching adjustments with student-reported challenges
and successes—such as optimizing project timelines or integrating
peer-review cycles—the model evolved to better support problem-
solving proficiency and critical thinking. This responsive
framework not only sustained student motivation but also ensured
that micro-topics remained aligned with both academic objectives
and real-world relevance, ultimately cultivating adaptable,
solution-oriented learners prepared for complex professional
environments.

5. Advantages and Challenges of the Micro-Topic-Pedagogy
Teaching Model

5.1 Advantages of the Teaching Model

One of the key advantages of the micro-topic-pedagogy
teaching model is its ability to enhance student agency and
engagement. By integrating real-world problems into the
classroom, this model encourages students to actively participate
in topic selection, research, and outcome presentation. Unlike
traditional passive learning methods, the micro-topic approach
transforms students into active inquirers, fostering creativity and
critical thinking throughout the problem-solving process. Students
are not merely receiving knowledge but rather developing a
comprehensive skill set through research-based learning and real-
world application. This includes teamwork, leadership, and self-
directed learning abilities.

The blended pedagogical approach of case-based, heuristic,
and inquiry-based learning significantly enhances teaching
effectiveness, as evidenced by a 23% improvement in cross-
disciplinary problem-solving competencies (p<0.01). As students
engage in problem identification, strategy development, and result
presentation, they experience an iterative learning cycle that
embodies the principles of 'problems define research, solutions
drive inquiry, and outcomes demonstrate learning'. The seamless
integration of multiple teaching strategies not only reinforces
theoretical knowledge but also strengthens students' problem-
solving skills through real-world application. For example,
experimental group students demonstrated statistically significant
advancements in resolving interdisciplinary challenges, such as
optimizing smart city infrastructure through IoT-enabled
simulations. This approach effectively promotes both practical
competency and innovative thinking, fostering students'
comprehensive professional development.

5.2 Challenges and Recommendations for Improvement

Despite its clear benefits, the implementation of the micro-
topic-pedagogy teaching model presents several challenges. First,
it imposes higher instructional demands on teachers, requiring
meticulous design of research topics aligned with course
objectives, continuous guidance and feedback, and effective
management of multiple student groups at varying research stages
within limited class time. Balancing topic complexity with time
constraints further complicates classroom dynamics. Second,
ensuring the practical relevance and feasibility of micro-topics
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remains critical. Overly simplistic topics risk reducing engagement,
while overly complex ones may exceed students’ capabilities,
leading to frustration. Striking a balance between challenge and
achievability is essential, alongside aligning topics with
professional aspirations and industry demands to enhance
authenticity and applicability.

To address these challenges, strategic improvements are
proposed. For instructional workload, group-based assignments
and staged feedback mechanisms can optimize classroom
management, while efficient resource allocation ensures quality
guidance. For topic design, educators must calibrate difficulty
levels to match student competencies and integrate real-world
engineering applications to bolster relevance. For example,
incorporating industry-aligned projects (e.g., sustainable
infrastructure design) ensures students gain practical skills while
solving authentic problems. These adjustments not only mitigate
implementation hurdles but also enhance the model’s educational
impact.

In conclusion, the micro-topic-pedagogy teaching model
significantly enhances student engagement, critical thinking, and
learning outcomes. However, its effectiveness hinges on resolving
challenges related to teacher workload, topic complexity, and
classroom logistics. By refining topic design, optimizing resource
distribution, and aligning objectives with industry needs, educators
can maximize the model’s potential. This approach not only
supports engineering education reform but also equips students
with interdisciplinary problem-solving skills essential for modern
technological landscapes. Ongoing refinement through multi-
stakeholder engagement will further solidify its role in fostering
adaptable, innovative professionals.

6. Conclusion and Future Prospects

This study provides an in-depth exploration of the innovative
micro-topic-pedagogy teaching model and its effectiveness within
the New Engineering Education (NEE) paradigm. By seamlessly
integrating case-based, heuristic, and inquiry-based teaching
strategies, the micro-topic approach offers students a balanced
platform for theoretical learning and practical application. It
significantly enhances their self-directed learning abilities,
creative thinking, and hands-on skills. Throughout the micro-topic
learning cycle, students experience a complete inquiry and
problem-solving process, from problem identification and strategy
development to final presentation of results. This model not only
improves academic performance but also strengthens students'
competence in tackling complex engineering challenges.

The micro-topic-pedagogy teaching model presents new
perspectives and practical insights for educational reform. By
bridging theoretical learning with real-world problem-solving, it
overcomes limitations of traditional instruction and significantly
enhances students' comprehensive skills. The model proves
particularly effective in developing interdisciplinary thinking,
teamwork, and innovation awareness. Its flexibility and
applicability make it a valuable reference model for curriculum
reform across various disciplines, offering new pathways for talent
development in modern higher education.

Despite its proven educational benefits, the implementation of
the micro-topic approach still faces challenges. Future research
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and practice should further refine micro-topic design and
execution. For instance, leveraging artificial intelligence (AI) and
big data analytics could enable more personalized feedback and
topic customization, better accommodating students' diverse
learning needs. Additionally, as the demand for interdisciplinary
knowledge continues to grow, integrating broader subject areas
into micro-topic research will be a key direction for future
exploration. Technology-driven optimization and improved
resource allocation will allow the micro-topic model to adapt to
increasingly complex and diverse educational environments.

Further innovation can also arise from combining the micro-
topic model with other advanced teaching methodologies, such as
Project-Based Learning (PBL) and the flipped classroom. The
synergy of multiple pedagogical approaches would broaden
learning experiences, address varied learning preferences, and
further enhance instructional effectiveness. As education reform is
a continuous process, the ongoing development and innovation of
the micro-topic teaching model will provide new opportunities for
future teaching methodologies, driving higher education toward
greater innovation and practical excellence.
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