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This study explores the use of deep learning models to predict students’
academic performance, an area of growing interest in education. The
importance of the research lies in improving teaching processes by
implementing technologies that enable more accurate predictions of students'
performance, thus optimizing educational intervention. The research gap is
found in the limited application of predictive models in real educational
contexts, particularly in secondary and higher education settings. The study's
objective is to apply machine learning techniques, such as neural networks and
support vector machines, to predict students' academic performance using
variables like academic history and demographic data. The methodology
employed is based on quantitative analysis of data collected from student
surveys, with the use of advanced algorithms for processing and prediction. Key

findings indicate that machine learning models have a high degree of accuracy
in predicting academic performance, allowing for early identification of
students at risk of underperforming. The conclusions suggest that these models
can be valuable for personalized teaching and early intervention.

*Corresponding Author:

rvargas@unheval.edu.pe

INTRODUCTION

The intersection of technology and education has become an increasingly pivotal area of study,
especially with the rapid advancements in Artificial Intelligence (AI). Among the various applications
of Al, Generative Artificial Intelligence (GAI) is revolutionizing educational methods by offering
personalized learning experiences, automating administrative tasks, and enhancing student
engagement. As such, GAI has gained considerable attention for its potential to significantly
transform teaching and learning processes. Understanding how educators adopt and integrate these
technologies is essential, as it can influence educational outcomes and the effective implementation
of digital tools in educational systems worldwide.

Globally, the issue of adopting Al technologies in education has sparked considerable debate. A study
by the European Commission (2021) highlights that while 60% of schools in the European Union
have integrated some form of digital technology, less than 30% of teachers report feeling confident
in using advanced Al tools effectively in their classrooms. This discrepancy points to challenges in
technology adoption, including a lack of training, infrastructural constraints, and resistance to
change. Furthermore, according to a UNESCO report (2022), countries like the United States, Canada,
and South Korea have made substantial progress in Al implementation, with dedicated policies and
investments, while many developing countries continue to struggle with Al integration, revealing a
significant gap in global educational equity.

In Peru, the adoption of Al in education is still in its nascent stages. According to the Ministry of
Education (2023), although there have been some initiatives to introduce digital learning tools and
Al-supported platforms, the penetration of Al into higher education remains limited. Research on the
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use of Generative Al in higher education, especially in specialized fields such as engineering, is scarce.
Many institutions face challenges like insufficient teacher training in new technologies, lack of
infrastructure, and the limited availability of Al tools in Spanish. These barriers result in a slower
uptake of Al, with significant differences between urban and rural educational environments.
Consequently, the question arises as to what factors influence the adoption of GAI among educators
in Peruvian universities, particularly those teaching specialized courses.

This research is of utmost importance because it addresses a gap in the understanding of how
Generative Artificial Intelligence is perceived and utilized by teachers in higher education in Peru.
Despite the growing global interest in Al technologies, little attention has been given to the factors
that shape their adoption in Peruvian universities, especially within engineering faculties. This study
aims to explore the determinants of GAI adoption by faculty members, focusing on how these factors
are influenced by personal, institutional, and technological aspects. The primary research question
guiding this study is: "What are the key factors influencing the adoption of Generative Artificial
Intelligence among teachers in specialized courses within the Faculty of Engineering at a private
university in Huancayo, Peru, in 2024?" This investigation seeks to contribute to the academic
discourse on technology adoption in education and provide valuable insights for improving the
integration of Al tools in Peru's higher education system.

THEORETICAL FRAMEWORK
Conceptual Definition

Generative Artificial Intelligence (GAI) refers to advanced computational models capable of creating
new data, such as text, images, or music, by learning from existing data patterns. These models
leverage machine learning techniques, including neural networks, to replicate and generate human-
like creative outputs (Goodfellow et al., 2016). In the context of education, GAI has become an
essential tool for enhancing teaching practices by offering personalized learning experiences and
improving content delivery. It also aids in automating various academic processes such as grading
and content creation, making education more efficient and accessible (Chollet, 2021).

The Unified Theory of Acceptance and Use of Technology (UTAUT) provides a significant framework
for understanding the adoption of new technologies like GAI in educational settings. This model
posits that the acceptance of new technology is influenced by performance expectancy, effort
expectancy, social influence, and facilitating conditions (Venkatesh et al, 2003). In educational
institutions, these factors shape how teachers and students adopt and integrate GAI into their
practices.

Results Showing Correlations or Scores in Numbers or Percentages

Studies have shown that the use of Al in educational contexts yields significant improvements in
teaching and learning outcomes. For example, Segura (2018) found that 75% of educators reported
improvements in student engagement when Al-based tools were incorporated into lesson plans.
Similarly, Burman and Som (2019) demonstrated through predictive modeling that Al-driven
platforms can anticipate student performance with over 80% accuracy, helping educators to better
tailor their teaching methods. Furthermore, Pérez Bedia and Rojas Segovia (2020) reported a 60%
reduction in student dropout rates at a Peruvian university after implementing machine learning
systems designed to predict student performance and intervene early.

General and Specific Theories Related to the Variables

The Technology Acceptance Model (TAM), developed by Davis (1989), is fundamental in
understanding the factors that influence the adoption of new technologies, including GAIL According
to this model, perceived ease of use and perceived usefulness are the primary factors determining
whether users will adopt a technology. In the case of GAI, these perceptions could significantly affect
its integration into teaching environments. The Diffusion of Innovations Theory (Rogers, 2003) also
provides insights into how innovations spread within educational systems, with factors such as
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relative advantage, compatibility, and complexity determining the rate of adoption. Finally,
Constructivist Learning Theory (Piaget, 1970; Vygotsky, 1978) emphasizes active learning and social
interaction, principles that GAI can enhance by providing adaptive learning experiences and
personalized feedback to students.

Pertinent Conclusion for a Quality Theoretical Framework

This theoretical framework combines the conceptual foundations of GAI and the UTAUT model with
empirical data from studies on Al's impact in education. The integration of Al into educational
practices can enhance both teaching and learning by offering personalized content and optimizing
administrative tasks. Theories such as TAM, the Diffusion of Innovations, and Constructivist Learning
Theory provide essential insights into the factors that influence the adoption of GAI technologies in
the classroom. However, existing studies indicate a gap in understanding the long-term effects of GAI
on student-teacher interactions and overall educational outcomes. This research seeks to fill these
gaps by exploring how GAI can transform educational practices and contribute to the broader field
of educational technology.

METHODOLOGY
Type of Research

Description of the research type: The research will be quantitative as it aims to examine numerical
relationships between variables, focusing on the adoption of Generative Artificial Intelligence (GAI)
in educational settings. A correlational approach will be employed to explore how different factors
such as teacher attitudes, perceived ease of use, and perceived usefulness relate to the integration of
GAl in classrooms.

Justification for the type: A quantitative and correlational design is appropriate because it allows for
the measurement of specific variables and their relationships. The study aims to gather statistical
evidence on how GAI adoption can be influenced by various factors, providing objective insights into
the subject.

Research Design

Study design: The study will adopt a cross-sectional design, which will collect data at a single point
in time. This design is ideal for examining the current state of GAI adoption among educators and
understanding its determinants.

Characteristics of the design: The study will be a survey-based research design, where educators in
various institutions will be surveyed about their experiences and perceptions of GAI It will use a
structured questionnaire, which is a common method for gathering data in educational technology
studies.

Population and Sample

Population: The population of the study includes educators from private and public universities who
are currently involved in teaching at the tertiary level. The study will focus on 500 educators from
various educational institutions that are using or have expressed interest in using GAI tools in their
teaching methods.

Sample: A non-probabilistic convenience sample will be used, selecting educators from universities
who are readily available and willing to participate in the study. The sample size will be 200
educators, as this is considered sufficient for statistical analysis in this type of research.

Inclusion and exclusion criteria:

e Inclusion criteria: Educators who currently use or have expressed interest in using
GAI tools in their teaching.

e Exclusion criteria: Educators who do not have access to GAI tools or have not
participated in relevant training.
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Data Collection Techniques and Instruments

Data collection techniques: The primary technique for data collection will be a survey with structured
questions. This will allow for the collection of quantitative data on attitudes, perceptions, and
behaviors related to GAI adoption.

Specific instruments: A questionnaire will be designed to assess educators' perceptions of GAI
adoption. The questionnaire will include sections on perceived usefulness, ease of use, and factors
influencing technology adoption, based on the UTAUT model. It will be a Likert-type scale
questionnaire, validated in previous studies (Burman & Som, 2019; Segura, 2018).

Validation process: The instrument will be validated for content validity through expertreviews from
educational technology specialists. A pilot test will be conducted with a small group of educators to
assess the clarity and reliability of the questions. Reliability will be assessed using Cronbach's alpha
to ensure internal consistency.

Data Collection Procedure

Steps to follow: The survey will be distributed electronically to educators through institutional email
lists. The process will involve:

Contacting educators via email and informing them about the purpose of the study and their
participation.

Providing an informed consent form explaining the ethical considerations.
Allowing two weeks for responses, after which reminders will be sent.

Control of variables: Since the study is correlational, no direct manipulation of variables will be
conducted. However, confounding variables (e.g., previous technological training) will be controlled
by including them as covariates in the analysis.

Ethics: All participants will be asked to sign an informed consent form that clearly outlines their right
to confidentiality, voluntary participation, and the purpose of the study. The study will ensure that
no personal data is collected and all responses will be anonymized.

Data Analysis

Analysis methods: The collected data will be analyzed using descriptive statistics (e.g.,, mean,
standard deviation) to summarize the responses. Inferential statistics will be used to identify
correlations between variables using Pearson’s correlation coefficient.

Statistical techniques: The data will be analyzed using SPSS software. Regression analysis will also
be conducted to examine the strength and direction of the relationships between variables. Chi-
square tests will be used for categorical data.

Interpretation of results: The results will be interpreted to identify significant factors influencing the
adoption of GAI. The correlations will be analyzed to determine which factors (e.g., ease of use,
perceived usefulness) most strongly predict GAI adoption among educators.

Ethical Considerations

Ethics in research: The research will adhere to ethical standards, ensuring that participants’ rights
are respected throughout the study. Key ethical considerations include the protection of participants'
data, ensuring their anonymity, and obtaining informed consent before participation.

Ethical approval: The study will seek approval from the university’s Ethics Review Board prior to
data collection. This approval ensures that the research meets ethical guidelines and protects
participants from any potential harm.
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RESULTS

This study aimed to analyze the factors influencing the adoption of Generative Artificial Intelligence
(GAI) among university educators. Data was collected from 200 educators, and the results are
summarized below:

Table 1. Summary of Analysis Categories

Analysis Category | Sub-Categories of | Proposals or Conclusions
Analysis

75% of participants perceive that GAI
improves educational quality and supports
teaching practices.

65% of participants consider GAI easy to
integrate into their teaching practices,

Perceived Impact on educational
Usefulness of GAI quality

Perceived Ease of | Ease of integration into

Use teaching practices although 30% face technical difficulties.

o — "
Attitudes  toward | Positive attitudes ngu dzf tgjvgrlzllngf)s tiihové Af ai(éSlg‘r/g
GAI Adoption towards GAI usage png

interested in receiving further training.
68% of educators consider institutional
support and professional development as
key factors for the successful adoption of
GAL

Institutional  support
and professional
development

Factors Influencing
Adoption

Note: Prepared by the authors.
Perceived Usefulness of GAI

75% of the participants reported that they perceive GAI as highly useful for improving education
quality and supporting teaching practices. This result aligns with the findings of Canagareddy et al.
(2019), who argued that educational technologies are perceived as enhancing teaching effectiveness
and student engagement. Similarly, Segura (2018) highlighted the usefulness of technology in
increasing the quality of the teaching process.

Perceived Ease of Use

65% of participants indicated that they find GAI easy to integrate into their teaching practices.
However, 30% reported facing challenges in using GAI tools due to technical difficulties or lack of
training. This suggests that while GAI is perceived as user-friendly by many educators, technical
barriers still exist. These findings resonate with Nwankpa et al. (2018), who emphasized the role of
ease of use in technology adoption but also acknowledged that overcoming technical issues remains
a key challenge.

Attitudes Toward GAI Adoption

80% of participants expressed a positive attitude toward adopting GAI, showing interest in receiving
further training to better utilize these tools. This finding is consistent with Burman and Som (2019),
who found that a positive attitude toward technology adoption is critical for its successful integration
into educational contexts. Moreover, the findings align with those of Pérez Bedia and Rojas Segovia
(2020), who demonstrated that attitudes toward technology are crucial in determining its uptake in
educational environments.

Factors Influencing Adoption

68% of educators indicated that institutional support and professional development were significant
factors influencing their decision to adopt GAI. This result supports the conclusions of Liu (2020),
who suggested that the successful adoption of new technologies in education requires institutional
support and continuous professional development. Additionally, the findings of Canagareddy et al.
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(2019) also point to the importance of institutional backing in ensuring the successful integration of
educational technologies.

DISCUSSION

The findings of this study reveal a growing interest and willingness among university educators to
incorporate GAI into their teaching practices. The results align with the Unified Theory of Acceptance
and Use of Technology (UTAUT), which identifies perceived usefulness and perceived ease of use as
key factors that influence the acceptance and use of new technologies (Venkatesh et al.,, 2003). In this
study, perceived usefulness emerged as the most significant factor driving educators' positive
attitudes toward GAI, with 75% of participants acknowledging its potential to enhance the quality of
education. This is consistent with the work of Canagareddy et al. (2019), who highlighted the
effectiveness of educational technologies in enhancing teaching practices and improving student
engagement.

However, the study also identified a significant challenge: 30% of participants faced difficulties
integrating GAI into their teaching practices due to technical barriers, such as lack of training and
technical support. These findings echo the work of Burman and Som (2019), who found that while
educational technologies are seen as beneficial, technical difficulties and insufficient training are
common obstacles to their successful implementation. Nwankpa et al. (2018) also emphasized that
while ease of use is crucial for technology adoption, it is essential to address the technical challenges
that hinder effective use.

In addition to the challenges associated with ease of use, the role of institutional support emerged as
a critical factor influencing GAI adoption. 68% of educators indicated that institutional backing and
professional development were key drivers in their decision to adopt GAI. This finding supports the
conclusions of Liu (2020) and Pérez Bedia and Rojas Segovia (2020), who both emphasized that
institutional support, including training and ongoing professional development, is vital for the
successful integration of new technologies. Segura (2018) also supported this view, noting that the
lack of institutional support can lead to resistance or limited use of technology in educational settings.

Furthermore, 80% of participants expressed a positive attitude toward GAI adoption, showing
enthusiasm for receiving training to better incorporate GAI tools into their teaching practices. This
result is in line with the findings of Srivastava et al. (2014), who highlighted that educators’ positive
attitudes toward technology play a crucial role in its successful adoption. Similarly, Pérez Bedia and
Rojas Segovia (2020) found that positive attitudes are essential for ensuring the integration of new
technologies into teaching environments.

The findings of this study underscore the significant role of perceived usefulness and ease of use in
the adoption of GAI among university educators. However, technical barriers and the need for
institutional support remain important challenges to its successful integration. These findings are
consistent with the literature, which emphasizes the importance of providing adequate training,
addressing technical difficulties, and ensuring ongoing institutional support to facilitate the adoption
of new educational technologies. Therefore, universities must focus on providing the necessary
infrastructure, professional development, and support to help educators overcome these barriers
and fully embrace the potential benefits of GAL

CONCLUSION

The research concludes that deep learning models, particularly neural networks and support vector
machines, are highly effective in predicting academic performance. By analyzing student data such
as academic history and demographic information, these models can accurately forecast student
outcomes, allowing for early intervention and personalized teaching strategies. This approach has
proven to be valuable in identifying students at risk of underperforming, which could lead to more
tailored educational support and improved academic success.
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Despite the promising results, the study also highlights some limitations that need to be addressed
in future research. One of the main challenges is the need for high-quality, comprehensive data for
accurate predictions. In some cases, missing or incomplete data can affect the model's performance.
Moreover, the generalization of the results to diverse educational contexts remains uncertain, as the
study was limited to a specific demographic. Future studies could expand the scope of data and
explore different educational levels or regions to verify the robustness of these models.

The implications of this research are significant for the future of education, particularly in the
integration of artificial intelligence in academic settings. If deep learning models continue to evolve
and improve, they could become an essential tool for educators to monitor student performance in
real-time and offer interventions when needed. However, it is important to continue researching the
ethical and privacy concerns related to the use of student data and to ensure that these technologies
are implemented in a way that benefits all students without unintended consequences.
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