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Abstract— In recent years, there has been a surge in the
development and use of artificial intelligence (Al) systems in
various fields, including education. One such application is the
Al-based tutoring system, which can provide personalized
learning experiences to students. These systems leverage
advanced algorithms to analyze student performance, identify
knowledge gaps, and deliver targeted feedback and guidance.
One of the significant challenges educators and researchers face
in the context of Al-based tutoring systems is the lack of
reliability in the systems. The accuracy, effectiveness, and
responsibility of Al systems are critical factors that determine
their reliability. Accuracy challenges for Al algorithms in
tutoring systems include accurately modeling individual learner
profiles, providing tailored content that aligns with each
student’s pace and understanding, addressing diverse learning
strategies, and ensuring the feedback is specific and actionable.
Overcoming data sparsity and ensuring algorithmic
transparency and fairness are also significant hurdles.
Challenges in ensuring effectiveness include developing
algorithms that accurately adapt to individual learning needs,
processing natural language effectively, maintaining
engagement, and providing contextually relevant feedback.
Responsibility challenges include ensuring data privacy and
security, preventing algorithm biases affecting learning
outcomes, and maintaining ethical standards in Al interactions.
Balancing automation with human oversight to support diverse
learning needs without compromising educational integrity is
also crucial. Considering these challenges, this study discusses
the critical factors for reliable Al in tutoring systems from
perspectives of accuracy, effectiveness, and responsibility. The
research has a descriptive character and qualitative analysis,
applying the systematic literature review (SLR) method. The
analysis of 43 studies in the last five years made it possible to
find some interesting results. In summary, the accuracy of Al in
Tutoring Systems is impacted by data quality and
preprocessing, choice of appropriate metrics, advanced learning
techniques, dataset diversity, and correct selection of
hyperparameters. As for the factors that influence the
effectiveness of these systems, the personalization of learning
and the ability of the systems to adapt to individual needs
through personalized pedagogical interventions stand out, using
techniques such as recurrent neural networks to predict the
quality of interactions. However, challenges related to
understanding learning emotions reinforce the complexity of
building effective models based on emotion induction.
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Concerning the responsible use of Al in tutoring systems, it is
crucial to consider the privacy and security of student data,
adopt collaborative human-machine approaches, and align the
use of Al with institutional governance, promoting a safe and
ethical learning environment. As a main contribution, we
highlight an enlightening discussion of the critical factors for a
reliable Al in the context of tutoring systems, identifying quality
studies on the subject to support researchers.
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. INTRODUCTION

The use of Atrtificial Intelligence (Al) in education has
gained significant attention in recent years. Al-based tutoring
systems have emerged as a promising tool to improve student
learning outcomes. However, the reliability of these systems
is a significant concern, as they must provide accurate,
effective, and responsible feedback to students to support their
learning process [1].

Tutoring systems have been developed and researched for
several decades [1][2][3]. However, the potential of Al in
education has gained significant attention in recent years,
mainly with the advancement of machine learning algorithms
and natural language processing [4][5][6]. The increased
availability of data and computational power has also
accelerated the development of Al-based tutoring systems,
making them more accessible and cost-effective. The COVID-
19 pandemic has also highlighted the potential of tutoring
systems, as they offer a viable solution to address the
challenges of remote learning [7][8][9].

Therefore, it is important to have critical factors that
ensure their reliability, as this ensures that students receive
realistic and meaningful feedback. Without some critical
factors, systems can be inaccurate, ineffective, and ethically
questionable, harming students' education and putting their
data at risk [1][10][11].

These factors that need to be taken into consideration
when building an algorithm for a tutoring system refer to
accuracy, effectiveness, and responsibility [2][12][13]. These
three factors are essential elements within a project for the



success of the main objective for which that system was built
[2][12][13].

Given this reality, the present study's main motivation is
to understand if tutoring systems consider aspects such as
critical factors for building reliable artificial intelligence.
From this objective, the following central research question
was defined: "What is the set of critical factors necessary to
ensure the reliability of an artificial intelligence Tutoring
System, considering the aspects of accuracy, effectiveness,
and responsibility?" To answer the central question, the
following secondary questions were defined: Q1) How is Al
used in the context of Tutoring Systems? Q2) What factors
impact the accuracy of Al in the context of Tutoring Systems?
Q3) What factors influence the effectiveness in the context of
Tutoring Systems? Q4) What factors should be considered for
the responsible use of Al in the context of Tutoring Systems?

This research used the Systematic Literature Review
(SLR) method proposed by Kitchenham [18] in three stages:
1) planning the review; 2) conducting the review and; 3)
discussion of the studies. Thus, this paper follows these stages
to present its results.

This paper is organized into six sections. After this
introduction, Sections Il describe a brief conceptual
references. Section 111 describe the related works. After that,
in Section 1V, presents the research methodology. Section V
presents the results. Finally, Section VI presents the
conclusions and future perspectives of this research

Il. BACKGROUND

According to [1], Intelligent Tutoring Systems (ITS) are
computerized learning environments that incorporate
computational models from cognitive science, learning,
artificial intelligence, and computational linguistics.

These systems track the student's learning progress,
creating a model that assesses the level of technical and non-
technical knowledge, motivations, and emotions. In general,
the interaction starts in a simple and flexible manner to
understand the student and their profile. After a few
interactions, the system adapts its activities according to the
student's needs.

Within the construction of ITS, there are several factors
that can contribute to the success of this application. Factors
such as accuracy, effectiveness, and responsibility help these
systems operate more swiftly and with greater
responsiveness, improving interaction with users and
achieving the goal [1].

Accuracy in the context of ITS can be understood in two
ways. First, as the measure of accuracy of a judgment about
a specific task. Second, as the measurement of the
relationship between various judgments and corresponding
tasks [14,15]. The Pearson correlation coefficient or a
contingency coefficient is typically used to measure the
relative accuracy of judgments. According to [14,15],
immediate feedback is a way to better calibrate the accuracy
of ITS judgments regarding which learning activities to
recommend.

Effectiveness in the context of ITS can be understood as
a set of factors that help the system achieve the goal.
According to Van Lenh [2], the effectiveness of an ITS is
related to attributes such as: detailed diagnostic assessment,
correct selection of individualized activities, tutoring

techniques, dialogue control, motivation, feedback, and
scaffolding. It is important to emphasize the difficulty in
defining an evaluation/construction model, since it is related
to a multidimensional concept. Thus, each ITS implements
the dimensions that suit its needs.

Responsibility in the context of ITS is related to
transparency and security. It is the system's ability to store the
information entered by its users without making it available
to third parties [16]. Furthermore, it is related to the clear
description of the data that will be collected and stored by the
system, and the communication of this information to users
or their guardians. Finally, responsibility is related to the
conscientious use of user data and collecting it solely for
improving interaction with them.

I1l. RELATED WORK

Looking for solutions to the challenges mentioned in
Section I, we found some works related to this study.

Tooee is a system that provides text-based visual blocks
enabling communication with WebSocket servers, developed
by Park and Shin [PS30]. These servers allow Scratch to
communicate with text-based programming languages, such
as Python and JavaScript. By greatly increasing Scratch's
extensibility, students can implement various types of big
data/artificial intelligence programs based on the new blocks.

Nieto et al. [PS17] compare three supervised Machine
Learning (ML) algorithms that, when used as predictors,
improved decision-making at the strategic level. Specifically,
they applied Decision Trees, Random Forests, and Logistic
Regression to predict graduation rates using real data from a
university in South America. ROC curve analysis and
Precision are performed as effectiveness measures to
compare and evaluate the three algorithms.

Samin and Azim [PS18] highlight the success of the deep
learning paradigm; several deep learning-based approaches
have also been introduced in combination with collaborative
filtering techniques to design recommendation systems.
Meanwhile, Ingavélez-Guerra et al. [PS2] address that
accessibility and adaptability in digital educational resources
constantly require the search for updated research that
responds to trends in student learning variability and
diversity, demonstrating that the virtual environment is
currently considered the most widely used tool in education.

Still focusing on the educational environment, Yanes et
al. [PS23] construct a teaching strategy approach based on a
predefined set of expected outcomes called OBE. This
approach is applied in higher education specifying outcomes
at three levels: (1) PEOs, which are general statements
describing the career the program is preparing students to
achieve, (2) POs, which are more specific statements
describing the knowledge, skills, and competencies students
are expected to know and be able to do upon graduation, (3)
COs, which are statements describing what students are
expected to know, the attitudes they are expected to have, and
what they are able to do after completing a course.

IVV. RESEARCH METHOD

This study used a method based on Kitchenham [17], as
shown in Fig. 1. It consists of three main stages, being: 1)
planning the review, identifying the motivation, and defining
the protocol to be followed; 2) conducting the review,
following the defined protocol, extracting, and synthesizing



the data; 3) discussion of the studies, based on the answers
found for the research questions.

The final objective is to provide a complete and reliable
synthesis of available evidence to guide decision-making
and/or identify gaps in the literature.

Planning

OBJECTIVES & DEFINE THE D cH CONSTRUCT AND
MOTIVATION |_Jl> RESEARCH |fl> RESEARCH O |fl> ADAPT SEARCH
REVIEW QUESTIONS TERM

DATABASES

Conducting @

ANALYZE THE ok APPLY FILTERS BY SELECT THE
OBTAINED DATA AlShER CRITERIA PRIMATY STUDIES

Reporting

WRITE AREPORT PRESENT THE
BASED ON REPORT
RESULTS

Fig. 1. SLR Process

A. Planning

We aim to answer a primary question: “What is the set of
critical factors necessary to ensure the reliability of an
artificial intelligence Tutoring System, considering the
aspects of accuracy, effectiveness, and responsibility?”

To ensure the review addresses the central question, we
seek to answer four secondary research questions that defined
to guide the search and selection processes:

e Q1) How s Al used in the context of Tutoring Systems?

e Q2) What factors impact the accuracy of Al in the
context of Tutoring Systems?

e Q3) What factors influence the effectiveness in the
context of Tutoring Systems?

e Q4) What factors should be considered for the
responsible use of Al in the context of Tutoring
Systems?

To answer these research questions, a generic search
string was defined based on [17], using search terms focused
on the three critical factors and the term tutoring system. We
used four research databases: ACM, IEEExplore, Scopus and
Science Direct. After several refinements, two different
search strings were defined, considering the characteristics of
the search tools, as shown in Tables | and II.

TABLE I. ACM & SCOPUS STRING

Search String for ACM & Scopus

("Artificial Intelligence” OR "Al" OR "Machine Learning") AND
("Tutoring Systems" OR "Educational Systems") AND (“Accuracy"
OR "Precision") AND ("Efficacy" OR "Effective ness" OR "Effect")

AND ("Responsibility" OR "Conscientious")

TABLE Il |IEEE & SCIENCE DIRECT STRING

Search String for IEEE & Science Direct

("Artificial Intelligence™ OR "Al" OR "Machine Learning") AND
("Tutoring Systems™ OR "Educational Systems") AND ("Accuracy"
OR "Efficacy" OR "Effectiveness" OR "Responsibility" OR
"Conscientious" OR "Precision™)

B. Conducting

Using the constructed search string, automatic searches
conducted in the digital libraries mentioned -earlier.
Subsequently, selections made based on their importance and
relevance to the primary study area, covering both specialized
(ACM and IEEE) and more generalist databases (Scopus and
Science Direct). Following the search, filters applied to
identify the most relevant works for the present study. The
initial filters applied through exclusion criteria based on
reading the titles, abstracts, and structures of the works.
Exclusion criteria used to select studies consolidated in the
selected databases, such as:

e E001 - Content deviating from the focus of the study.
e EO002 - Studies not in English or Portuguese.

e E003 - Articles less than 6 pages.

e EO004 - Articles longer than 35 pages.

e EOQ05 - Articles that are other systematic mappings of
literature.

In the filtering, inclusion criteria for the works also used:
e 1001 - Study is available.
e 1002 - Study contextualizing a real problem.

e 1003 - Complete article.

The above criteria were applied in two distinct stages.
First, in filter 1, composed of the information contained in the
titles and abstract; later, in filter 2,in case of doubt in
selection, considering the introduction and conclusions of the
articles for a grounded evaluation. The data collection phase
was completed in the middle of 2023.

C. Reporting

After the analysis step, which the articles underwent
rigorous inclusion, exclusion, and quality assessment, they
proceeded to the final list that address the research questions.

To extract the data, a shared spreadsheet was created
containing columns such as title, year of publication, source,
authors, and important fragments of the articles' text were
extracted and classified. These fragments identified the
answer to each research question. At this stage, the specific
questions were divided among four team members,
undergraduate students in the Information Systems course,
each assigned specific activities and supervised by a faculty
advisor. The answers from the selected studies were classified
according to the relevance of the information to each question.
To assess the quality of the studies, criteria such as relevance
to the central theme, completeness, and clarity of content, and
discussion related to the research questions were adopted.
These criteria were evaluated on a three-point scale: 0 - Does
not meet; 0.5 - Partially meets; 1 - Fully meets, as shown in



Table I11. Each article undergoes an overall quality assessment
up to maximum 5 points. To conduct this research stage, four
senior students from the Information Systems undergraduate
course participated, working in pairs, as well as a Computed
Science PhD student and a professor with a doctorate in
Computer Science.

TABLE III. QUALITY CRITERIA

1D Description
Clear context
Defined methodology
Practical application
Relevant and consistent discussions

gl | WIN |-

Well presented proposal

As a threshold metric for assessing and qualifying studies,
a percentage equal to or greater than 50% of the maximum
quality grade was defined according to the specified criteria
(Clear context, Defined methodology, Practical Application,
Relevant and consistent discussions, Well-presented
proposal), totalizing 5 points. Thus, studies were classified
with a qualification grade greater than or equal to 2.5 points.

D. Limitations and Threats

Considering the literature review, we found some
limitations in conducting the research and in the results. First,
the experiences presented did not lead to a mapping of critical
factors in the context of technology adoption. Thus, data
collection was based on the authors’ experience and in the
experience reports, described in the studies. Another
limitation of the search process was the elaboration of the
correct string for refinement and adaptation for each
database. Since each database adopts a writing style and
manages search terms differently, this task requires time and
a certain level of knowledge about the area of study and the
database usage. It is important to mention that the study
selection work was done cautiously due to the difficulty of
finding known bases that contain information necessary for
SLR.

V. RESULTS

As described earlier, the final selection of articles
rigorously followed the research method outlined in Section
V.

First, a breadth-first search was conducted using the
Search String in each of the databases, resulting in a total of
82 articles. After this task, we applied the exclusion criteria
to the titles and abstracts of each study, resulting in a total of
31 excluded studies and 51 studies accepted.

A second filtering process was conducted, with an in-
depth analysis of the introduction and conclusion sections of
the studies. This step was important to decide on the inclusion
of articles based on the initial filtering. After this step a total
of 3 studies was excluded and 48 accepted.

Finally, the articles were classified according to the
quality criteria presented in the previous section. At the end
of the process, 5 studies were excluded, and 43 studies
remained. Fig. 2 summarizes the article selection process
according to the PRISMA model.

A total of 82 studies from data
sources: ACM (6), IEEExplore
(47), Scopus (19), Science
Direct (10).

l

Title and abstract analysis Excluded studies with
(n=82) exclusion criteria (n=31)

Introduction and conclusion Included studies in doubt with
analysis (n=51) inclusion criteria (n=3)

Excluded studies with |

Full-text studies assessed for
eligibility (n=48) qualifying criteria (n=5)

Full-text studies included
(n=43)

| Included I Eligibility ” Screening Ildentiﬁnalinn

Fig. 2. PRISMA flow chart of section process.

The studies came from different databases, namely: IEEE,
Scopus, ACM, and Science Direct, as shown in Fig. 3. The
IEEE source stands out with the highest number of relevant
works (18/43), followed by Scopus (11/43), Science Direct
(8/43), and ACM with only 6 selected studies.

® ACM @ IEEE @® Scopus Science Direct

Fig. 3. Source of Studies

Regarding the type of study, the results were balanced,
with 28% (12/43) of studies of the conference
paper/proceedings  type, 62.8% (27/43) of the
journals/periodicals type, and 9.2% (4/43) of the chapter type,
as shown in Fig 4.

@ Journal @ Conference/Proceedings Chapter




Fig. 4. Type of Studies.

Fig. 5 shows the distribution of studies over time. It can
be observed that the year 2022 recorded the highest number
of studies on the subject in question.

Number of studies

2018 2019 2020 2021 2022

Publication Year

Fig. 5. Number of studies in the timeline.

Regarding the timeline of study production, we found that
between 2020 and 2021, there was a reduction in the number
of studies found, with 2020 (the year of the COVID-19
pandemic) presenting the lowest number of studies in the last
five years. Over the years, there has been a certain
consistency in the number of studies, with a significant
increase in 2022, when studies on artificial intelligence
gained strength due to the rise of generative Al-based
technologies such as Chat-GPT.

The following sections discuss, from the perspective of
each research question, the findings.

A. How is Al used in the context of Tutoring Systems?

After the analysis step, which the articles underwent
rigorous inclusion, exclusion, and quality assessment, they
proceeded to the final list that address the research questions.

Based on the analysis of the cataloged studies, answers to
this question were found in 36 out of 43 studies. As a result,
it was possible to identify how artificial intelligence is used
in the context of Tutoring Systems.

For example, [PS14] discusses a LEGO-based tutoring
system developed to help children with Autism Spectrum
Disorder (ASD) improve their communication and social
interaction skills. The system is designed to be highly
interactive and engaging, using advanced artificial
intelligence technologies to personalize each child's learning
experience based on their individual needs and abilities. It
operates through a user-friendly interface that allows children
to interact with a variety of LEGO-based activities. The
exercises are designed to help children develop skills such as
recognizing facial expressions, understanding emotions, and
communication skills. The system uses machine learning
techniques to monitor the child's performance in real time,
adjusting the difficulty and content of the exercises according
to the child's progress.

On the other hand, [PS18] focuses on the higher education
scenario in Pakistan. This study presents a recommendation
system to help students make informed decisions about their
academic careers by implementing machine learning tools for
the development of a recommendation system useful for
teachers and students in academia. A strength is that the
proposed methodology is scalable for different disciplines

and can easily adapt to new market trends, enhancing its 'train
model' with the latest research publications. Results
generated by two popular probabilistic models, LDA and
ATM, on real-world data were shown, concluding that LDA's
generative performance is much better than ATM, however,
ATM provides semantically more useful information than
LDA and proves to be more suitable for the recommendation
task at hand.

Another use of artificial intelligence was shown in
[PS19], which proposed a new individualized Al tutor to help
a student achieve a high level of academic success. To
consider the student's current status and preferences, they
developed the assistant as a system that integrates three
DLNSs. The proposed tutor was trained with 800,000 training
sets collected from a marketed Korean language teaching
app. A challenge is to continuously monitor the student's
status and preferences and recommend appropriate
educational services.

Finally, another example is [PS1], which shows a very
comprehensive and futuristic use of Al, which is nothing
more than an intelligent classroom system that uses artificial
intelligence at various stages, serving as an educational
platform that uses advanced artificial intelligence
technologies to provide a personalized and adaptive teaching
experience to students. It is a future system that contains
technological and operational components of an emotionally
conscious Al smart classroom that provides automated real-
time feedback through two modalities of an open learning
model for a presenter during a presentation, in order to
improve the effectiveness of the presentation, the presenter's
self-regulation and metacognitive awareness, and their verbal
and non-verbal communication skills.

Main findings: These examples demonstrate the diverse
applications of Al in Tutoring Systems, ranging from
personalized learning for specific student populations to
recommendation systems for academic and career
guidance and the creation of intelligent classroom
environments for enhanced teaching and learning
experiences.

B. What factors impact Al accuracy in the context of
Tutoring Systems?

Through the analysis of the same studies, answers to this
question were found in 18 out of the 43 selected studies,
almost half the number of questions answered by question
number one. Consequently, it was possible to identify the
factors that impact the accuracy of artificial intelligence in the
context of Tutoring Systems.

For example, [PS17] discusses the use of machine
learning in higher education institutions, which with these
experiments allowed the early identification of students with
a probability of not graduating, which is highly effective,
although from this prediction other aspects, such as students'
academic performance and dropout rates, can be analyzed. It
highlights the importance of accuracy to ensure that decisions
made or results obtained by the system are reliable and
accurate, and with this, it guarantees 83% accuracy in the
algorithm used for the above finality. The study demonstrates
the need to have these students recognized early, as it may
allow the governance strategic planning skills of HEIs to



respect student exclusion policies, student dropout rates,
retention rates, strengthen programs, and a host of others. To
improve accuracy, it mentions that ROC comparison,
accuracy, precision rates, and recall rates were performed.
Each metric provides different information about the model's
accuracy in different areas, which together can obtain a more
complete view of the model's accuracy in different areas. This
allows developers to adjust the model to improve accuracy in
specific areas.

Unlike the primary study shown in the previous
paragraph, [PS35] proposed the XAl model to facilitate and
help instructors interpret online student behavior studies. The
main objective of this research was to make ML models easy
to understand in a human-readable way. It points out new
essential metrics for improving model accuracy, such as
recall, F-score, and confusion matrices. F-score is a measure
that combines precision and recall to provide an overall
measure of the model's performance in classification
problems, while recall measures the proportion of positive
instances correctly identified by the model relative to the total
positive instances. Finally, the confusion matrix enables the
visualization and calculation of several other metrics that
assess the quality of XAl and identify adjustments for
improving the accuracy percentage.

Furthermore, in [PS5], a new model for diagnosing
student knowledge in Intelligent Tutoring Systems (ITS) is
proposed. The model uses deep learning techniques to model
the interaction between the student's prior knowledge and the
information he receives during the learning session. It is
based on a recurrent neural network, which is able to capture
the sequence of actions taken by the student during the
learning session. Therefore, as it aims to diagnose the
student's knowledge regarding each learning objective, it is
necessary to have a well-evaluated accuracy with a pleasant
score. For this, it shows the use of advanced machine learning
techniques, such as recurrent neural networks and attention,
to model the interaction between the student's prior
knowledge and the information he receives during the
learning session. These techniques allow the model to more
accurately capture the information that the student presents
during the learning session, as well as to value the quality of
the data, the size of the data set, the appropriate choice of
modeling techniques, and the selection of appropriate
hyperparameters.

Finally, [PS21] explains about ITS, which are adaptive
systems that use intelligent technologies to personalize
learning according to the individual characteristics of the
student. Unlike most other studies, it mentions the importance
of preprocessing to improve model accuracy, as this phase
involves a set of techniques used to clean raw data into data
more suitable for modeling. In the case of the article, the data
is preprocessed to remove noise and redundancies, which are
irrelevant, inaccurate, or inconsistent information present in
the data that can lead to incorrect conclusions. By removing
the noise, preprocessing can improve the quality of the data
and the accuracy of the models, reducing the impact of this
incorrect information.

Main findings: These results underscore the importance
of employing appropriate evaluation metrics, utilizing
advanced ML techniques, and preprocessing data to
ensure accurate Al applications in Tutoring Systems. This

will ultimately lead to more effective personalized learning
experiences.

C. What factors influence effectiveness in the context of
Tutoring Systems?

After analyzing the articles, it was found that 17 answers
were found, offering important contributions to understanding
the factors that influence the effectiveness of tutoring systems.

[PS35] highlights the implementation of Educational Data
Mining (EDM) with the aim of helping all stakeholders
involved in online learning and, consequently, improving Al
effectiveness, where this study stems from the fact that
analyzing students' learning behavior is essential as it helps
instructors  provide  personalized learning  content,
personalized feedback, and assistance at the right time,
keeping students on track.

Furthermore, [PS33] introduced a machine learning-based
framework, IntelliDaM, which includes components for
feature analysis, unsupervised and supervised learning-based
mining, and is useful for improving the performance of data
mining tasks. In this study, the effectiveness of the framework
is evaluated and analyzed in an EDM case study consisting of
real data collected at Babes-Bolyai University, Romania, over
three academic years, for a Computer Science discipline. The
evaluation of this framework has a significant gain for the
continuity of studies since the proposed IntelliDaM
framework is easily configurable and can be applied to data
mining in various application domains (e.g., bioinformatics,
software engineering, medicine, meteorology, etc.).

The approach proposed in [PS38] is related to
effectiveness in the context of Tutoring Systems, as it
addresses one of the factors that influence effectiveness in this
context, personalization. By using student performance data
to generate personalized pedagogical interventions, the
intelligent tutoring system can adapt to the individual needs of
each student and thus improve the effectiveness of the
intervention.

Acrticle [PS6] highlights the importance of using Recurrent
Neural Networks (RNNs) to predict question quality. This
approach can be applied in Tutoring Systems to predict the
effectiveness of the system based on the questions asked by
students. By training an RNN model to predict the quality of
questions, it is possible to identify patterns and trends that may
indicate the system's effectiveness in helping students achieve
their educational goals.

In contrast to the positive results of the studies described
earlier in this section, the EP8 study proposed a taxonomy of
measures used to detect learning emotions classified by the
widely used classification system to assess emotions in the
dimensions of affective valence called the Self-Assessment
Manikin (SAM). This study explores challenges from the
perspective of learning models and theories, in which they do
not clearly understand the relationship and definition between
learning behaviors and the induction of internal emotions. It is
the lack of corresponding theories that makes it inefficient to
construct a learning model based on the induction of emotions.

Main findings: Educational Data Mining (EDM) analyzes
learning behavior to personalize content, feedback, and
assistance, enhancing system effectiveness. Machine




learning frameworks like IntelliDaM improve data mining
tasks, bolstering domain effectiveness. Personalization,
guided by student performance data, tailors interventions,
boosting system effectiveness. Recurrent Neural Networks
(RNNs) predict question quality, aiding in assessing system
effectiveness based on student inquiries. Understanding
learning behaviors and emotions poses hurdles, potentially
affecting system effectiveness.

D. What factors should be considered for the responsible
use of Al in the context of Tutoring Systems?

The literature review indicated that research question Q4
obtained a total of 13 answers found in the articles' studies. It
is important to mention that this research question also had the
lowest number of answers among the questions investigated.
This suggests that there is a need for more research on the
factors that should be considered to ensure the responsible use
of Artificial Intelligence (Al) in tutoring systems. This
knowledge is crucial to ensure safety and ethics in the
development and implementation of these systems.

In order to offer additional support in their learning, article
[PS11] describes an active learning approach for detecting
student affect in virtual classrooms. In this study, the factors
considered for the responsible use of Al are related to student
data privacy. When using Al in tutoring systems, it is
important to consider how student data is being collected,
stored, and used. The use of activity sensors described in the
study may be a safer and more private option than other data
collection methods, such as video recordings of students'
facial expressions. The advantage of this data collection
method is that it can be less intrusive and can be anonymized
more easily to protect student privacy.

[PS40] highlights the collaborative approach as a means of
shifting teachers' focus to help each student, thus providing
more personalized support, and thus making the use of Al
more responsible by taking the excessive responsibility off the
algorithm to provide constant feedback. As the following
excerpt highlights, "Teachers' energy can be focused on
helping each student, providing more accurate and
personalized follow-up. Combined with the needs of
collaborative human-machine education and the reality of
education and teaching in primary and secondary schools,
referring to the architecture and main functions of the existing
intelligent learning system and the six characteristics of
human-machine collaboration to promote accuracy,
collaboration, optimization, personality, thinking, and
wisdom creation."

Regarding [PS1] which proposes a smart classroom
system that consists of the learning experience and continuous
communication between students and teachers using real-time
detection and machine intelligence, it highlights its concern
for the security and privacy of sensitized data through the use
of known encryption-based techniques that can be used to
ensure secure (i.e., encrypted) transport of data from mobile
devices to the cloud and vice versa.

Lastly, article [PS17] discusses the use of machine
learning to support strategic decision-making in higher
education institutions. In it, the responsible use of Al is
exercised according to institutional governance. The authors
seek to understand how institutional governance (i.e., the set
of rules, processes, and governance structures that govern the

decisions and management of the institution) influences the
decision-making structure in Higher Education Institutions
(HEIs). In the excerpt, "Continuing the research conducted in
a previous work, we compare different Machine Learning
algorithms in this article, as well as analyze the decision-
making structure in HEIs and how they are managed
according to institutional governance,” the author is
comparing different Machine Learning algorithms to support
the decision-making structure in HEIs. They are analyzing
how HEIs are managed according to institutional governance,
i.e.,, how decisions are made in the institution and how
governance influences this decision-making process.

Main findings: Responsible Al use entails considerations
such as student data privacy, collaborative approaches,
security measures, and adherence to institutional
governance. The studies emphasize privacy-preserving
data collection methods and collaborative teacher-Al
interactions for personalized support, the importance of
encryption-based techniques for data security in intelligent
classroom systems, and the significance of institutional
governance in guiding Al applications and decision-
making processes in higher education.

VI. CONCLUSIONS

Based on the investigated studies, several articles were
found to respond well to the central research question. The
review also pointed out the complexity and specificity of the
topic, which made it difficult to identify a direct answer to the
question. Overall, the studies indicate that the reliability of an
Al-based tutoring system depends on several interrelated
factors, such as data quality, transparency and interpretability
of algorithms, ability to adapt to the individual needs of
students, among others. Building reliable tutoring systems
requires a multidisciplinary approach and joint effort among
Al experts, educators, and researchers in ethics and social
responsibility.

As future work, the authors envision a deeper
investigation into the development of new algorithms,
implementation of personalized systems, ensuring the
responsibility and transparency of Al systems, improving
inclusion and equity in education, emotionally intelligent and
motivational feedback to students, and investigating the
ethical and legal implications of ITS use. Significant
advances in this field are expected, leading to more effective
and inclusive education for all students.
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