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Abstract: The integration of Artificial Intelligence (AI) in higher education has the potential to
significantly enhance the educational process and student outcomes. However, there is a limited
understanding of the factors influencing AI adoption among university students, particularly in
economic programs. This study examines the relationship between students’ perceptions of the
efficacy and usefulness of AI tools, their access to these tools, and their concerns regarding AI usage.
A comprehensive survey of Romanian university students, focusing on economics students, was
undertaken. This study identifies critical latent factors and investigates their interrelationships by
employing advanced analytical techniques, such as Exploratory Factor Analysis (EFA), Confirmatory
Factor Analysis (CFA), and Structural Equation Modeling (SEM), with robust standard errors. The
results suggest that formal training and integration, concerns regarding AI, perceived utility, and
positive attitudes towards AI are positively influenced by general awareness and familiarity with
AI tools. The frequency of AI tool usage is substantially increased by perceived usefulness, positive
attitudes, and formal training and integration. Conversely, positive attitudes and perceived utility
are adversely affected by AI-related concerns. Indirect effects suggest that formal training and
positive attitudes indirectly increase the usage frequency by increasing general awareness. This
research is relevant to computer science, as it helps to build strategies to integrate AI technologies
into educational processes. Increasing students’ awareness and access to AI tools and addressing
their concerns can facilitate the widespread adoption and effective integration of AI technologies,
improving academic experiences and outcomes.

Keywords: artificial intelligence (AI); higher education; AI tool adoption; structural equation modeling
(SEM); exploratory factor analysis (EFA); confirmatory factor analysis (CFA); educational technology

1. Introduction

In recent years, artificial intelligence has been among the technologies with the most
accelerated rate of development, with AI tools evolving from rule-based systems, reproduc-
ing human intelligence, to complex models capable of deep learning, adapting, problem
solving, understanding and generating human language, processing and analyzing images,
analyzing historical data to predict future outcomes, making informed decisions, and much
more. Since 2010, the overall computing power, including advancements in both CPUs
and GPUs, has increased by approximately 350 million times. This exponential growth has
been a key enabler in the development of more robust machine learning models, enhancing
their capacity to process and analyze vast amounts of data, and thereby significantly con-
tributing to the advancement of AI systems’ learning capabilities. These advancements are
supported by trends predicting a continued growth in computing power, with significant
implications for the future of AI development [1,2].
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The education sector has benefited from AI advancements. The utilization of AI
tools in higher education has the potential to transform student learning and assessment
processes. Also, the successful integration of AI in higher education can contribute to
societal and economic growth, as AI-driven technologies are increasingly implemented
across various industries and organizations [3].

The dynamic expansion of AI tools and their usage in education require a deeper
understanding of their possible academic applications [4,5]. In recent years, a growing
amount of research address the subject of AI integration in higher education. Most of the
research is conducted in developed countries, as the field is still in its early stage in most
developing countries [3]. China and the US are the countries with the highest amount of
research conducted in the field of AI in higher education [3,4].

AI use in higher education was also addressed by Romanian researchers. Ref. [6]
conducted qualitative research through semi-structured interviews with academics from
Romanian universities to find out their perspective on implementing AI in social sciences
and humanities fields of education. The findings show that AI implementation in higher
education has positive aspects related to improvements in the educational process and
sense of inclusion, the development of students’ skills, research process support and
boost, and a decrease in administrative costs. Among the negative implications, the
study reveals concerns regarding data security, ethical problems, potential unemployment,
and effects at a psychosocial level. The teachers’ perceptions regarding the difficulties
and opportunities of using AI in universities from Romania, as well as from Serbia, was
also analyzed by [7] through quantitative research based on a survey, highlighting that
education for a sustainable future should address the present and future challenges related
to emerging technologies.

The potential shift towards more expensive AI tools raises critical concerns about
socio-economic inequalities in education [8]. Lower-income students may not be able to
afford advanced AI tools, leading to a digital divide that increases existing socio-economic
disparities in education institutions [9]. This division could lead to unequal learning
opportunities and outcomes, where only students who can afford to pay for AI tools would
benefit from their full potential. Another major concern regarding the use of AI tools is the
potential negative impact on natural human learning processes and the limiting of critical
thinking development in students [10].

Although many studies address the topic of AI tool utilization in higher education,
most of them are focused on generative AI, such as ChatGPT [11–20]. Our study attempts
to fill this gap by analyzing the utilization of a wider range of AI tools, such as AI for
machine learning projects, automated essay scoring tools, AI-powered data visualization
tools, and AI tools integrated with Microsoft Office 365 Applications.

Against this background, this study addresses a critical gap in the current literature
by examining a broader spectrum of AI tools beyond the commonly studied generative
AI, such as ChatGPT. This research uniquely focuses on the adoption and utilization of AI
tools, including those for machine learning projects, automated essay scoring, AI-powered
data visualization, and tools integrated with Microsoft Office Applications. Additionally,
by concentrating on economics students in Romania, this study provides insights into
AI adoption in a developing country context, which is underrepresented in the existing
research. The application of advanced methodologies like Exploratory Factor Analysis
(EFA), Confirmatory Factor Analysis (CFA), and Structural Equation Modeling (SEM)
further distinguishes this work, offering a nuanced understanding of the latent factors
influencing AI adoption in higher education.

The primary objective of this research is to explore the key factors influencing the use
and adoption of AI tools among economics university students [11,21–24].

The primary objective of this research is to explore the key factors influencing the use
and adoption of AI tools among economics university students. This study specifically
addresses the following main research questions:
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1. What are the underlying factors that influence students’ interaction with and percep-
tion of AI tools?

2. How do these underlying factors interrelate and affect each other?
3. What are the direct and indirect effects of these factors on the frequency of AI

tool usage?

This focused inquiry facilitates a clearer and more impactful understanding of the
factors driving AI tool utilization within the academic context of economics education.
This study explores the interrelationships between these factors, employing advanced
analytical techniques such as Exploratory Factor Analysis (EFA), Confirmatory Factor
Analysis (CFA), and Structural Equation Modeling (SEM). These methods aim to uncover
the latent constructs that govern AI adoption, thereby contributing meaningfully to the
discourse on AI integration in higher education, particularly within the field of economics.

The next sections of this paper present a literature review of relevant research on the
topic of AI usage, materials and methods, results and discussion, conclusions and future
research directions.

2. Literature Review

Artificial intelligence (AI) has evolved a lot over the years since the concept was first
introduced, in 1950, by the computer scientist Alan Turing. Ref. [25] define AI “as comput-
ing systems that are able to engage in human-like processes such as learning, adapting,
synthesizing, self-correction and use of data for complex processing tasks.” The applica-
tion of AI in education has been a topic of extensive research for more than 30 years [26].
Progress in the field of AI opens new opportunities, as well as challenges, for teaching
and learning processes in higher education [25]. AI provides students the opportunity to
engage in a more interactive, customized, and motivating learning experience [14,21]. The
history of AI in education is marked by significant milestones, beginning with early chatbot
programs like ELIZA and PARRY, which laid the groundwork for natural language process-
ing and conversational AI [27,28]. Among recent advancements, we note the development
of sophisticated AI chatbots such as OpenAI’s ChatGPT and Google Bard, which generate
creative content and provide informative responses, though there are some concerns about
their accuracy.

The integration of artificial intelligence (AI) tools in higher education has been in-
creasingly recognized as a transformative approach to address various challenges and
enhance the learning experience. AI-powered chatbots, for instance, can address issues
such as overcrowded classrooms and lack of personalized attention, as they can provide
instant feedback and adapt to individual learning styles, while offering benefits that include
personalized tutoring, homework assistance, and mental health support [17].

In the next sections of this literature review, we will summarize the identified key
factors that could have an impact on the adoption and utilization of AI tools among
university students.

2.1. Familiarity with AI Tools and Their Utilization in Higher Education

The rapid evolution in the field of AI, in recent years, has led to the development of a
wide variety of AI tools that can be used by students in higher education to perform their
academic tasks. Being aware of AI tools can empower students to use them effectively and
enhance their educational process.

A study conducted by [29] analyzed how familiar students are with AI tools used in
higher education and their potential applications. The results showed that Google Translate,
ChatGPT, and DeepL were known by more than 80% of students and professors, while
DALL-E, OpenAI GPT-3, OpenAI Codex, Stable Diffusion, and GitHub Copilot were mostly
known by professors and less by students. In addition to the pre-defined list of AI tools
used in the survey, participants were asked to mention other tools that they are familiar
with in regard to the following three main categories: tools for generating images, tools for
chat and text generation, and tools for supporting scientific writing.
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Refs. [16,29] have conducted SWOT analyses of using AI tools in higher educational
contexts, with the study of [16] being focused only on ChatGPT, while [29] analyzed a
broad range of AI-based tools.

Research conducted by [18] examined the potential AI applications (such as chatbots,
personalized learning and testing, and predictive analytics) regarding the experience
of international students. The results showed that AI tools can enhance their learning
experience by developing customized content (such as personalized interactive lessons,
exercises, and quizzes), offering language translation, and providing feedback on students’
work. AI-powered essay grading tools can score essays without human intervention by
using machine learning and natural language processing based on patterns from previous
human-scored essays [30]. Students could use this type of AI tool to pre-test their essays.

A study conducted by [29] showed that students in higher education most commonly
use AI-based tools (ABTs) for conducting tasks in project work, such as translation, writing
text, writing code, summarizing, topic analysis, and image generation/editing. Generative
AI tools can assist students in writing, learning, solving assessments [13] and improving
their quality [31], carrying out research activities, and performing analysis [15]. Ref. [32]
revealed that students use AI for the following tasks: analyzing data, identifying trends
and patterns, and making decisions more quickly and efficiently.

The perception of students of economics and business studies on the use of AI for
data analysis was analyzed in a study by [33]. The results indicated a high average level
of agreement among undergraduate students regarding the fact that cloud-based AI apps
are quicker at processing big data and producing results, and AI solutions can predict
outcomes based on data analysis, such as sales volume, demand, and stock volumes.

Collaboration between students may influence AI tool adoption, and recommenda-
tions from colleagues can create positive interactions and increase the willingness to engage
with AI. Social influence can represent an important factor in the familiarity and use of new
technologies in education processes [34].

2.2. Access and Subscription to AI Tools

Accessibility refers to the availability of technology, Internet connectivity, and institu-
tional support, all of which may significantly influence the utilization of AI tools among
students. A study by [35] shows that limited access to technological resources can limit
students’ ability to engage with AI tools effectively. A study by [36] concludes that lim-
ited access to digital infrastructure is a barrier to AI tool utilization. The availability of
high-speed Internet is a crucial factor in enabling access to AI tools. According to a report,
students with access to a reliable Internet connection use online educational resources more
frequently, including AI tools [37].

Access to AI tools can also be influenced by institutional support. Universities that
invest in providing access to AI technologies, through training, subscriptions, and support
services, have higher levels of adoption among students [38], as it helps students to over-
come barriers to technology use. Ref. [6] raise the issue that it can be difficult for many
higher education institutions to adapt to dynamic changes in technology and to integrate
them into the educational process. The study states that these issues create a greater gap
between the universities that are benefiting from sufficient funding and those with scarce
financial resources.

2.3. Frequency and Impact of AI Tool Usage

With the rapid development of AI tools, we have seen a growing interest in students
using these instruments to enhance their academic performance. Using AI tools can
contribute to increasing the efficiency [16,18,19,29] and the quality [18] of the academic
activities undertaken by students. Ref. [39] found that the frequent use of AI tools positively
impacts student’s attitudes and satisfaction in the educational process.

Generative AI can increase efficiency by increasing the accessibility of information [16],
generating ideas, summarizing and synthetizing information [15], and providing instant
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clarification on complex concepts [19]. Students participating in the study conducted
by [29] have identified “an increased efficiency” as being the most expected change to
future learning as a result of using AI-based tools (ABTs).

AI can provide students with a more personalized education, addressing different
learning needs. The most useful AI tools, according to students, are as follows: chatbots,
voice assistants, personalized tutoring, feedback and assessment, and gamification instru-
ments [6]. Personalized support and feedback can be provided to students at different
levels of complexity [16], leading to an increase in the quality of education. As the results
of previous research show, the use of AI tools in higher education can generate a positive
impact for students’ results and satisfaction.

The concept of ease of use is a critical factor in understanding the adoption and
frequent utilization of AI tools in higher education. The importance of this variable
in educational settings is underscored by numerous studies, which suggest that, when
students perceive AI tools as easy to use, they are more likely to integrate these tools into
their academic routine [40].

Research has shown that technologies that are perceived as user-friendly can signifi-
cantly enhance students’ learning experiences and outcomes. For instance, ref. [41] found
that perceived ease of use was a strong predictor of students’ intention to use technology in
their studies. This relationship is particularly pertinent in the context of AI tools, which
often involve complex interfaces and functionalities. If students find these tools intuitive
and easy to navigate, their likelihood of frequent use increases, thereby maximizing the
tools’ educational benefits [42].

Ref. [43] conducted a study regarding the adoption of e-learning platforms and con-
cluded that the perceived ease of use influences the acceptance and use of technology.
Similarly, in a study by [44], the perceived ease of use of AI tools in education is linked to
higher engagement levels and better academic performance. These findings are corrobo-
rated by recent research, which suggests that, if AI tools are easy to use, students can focus
more on learning rather than on figuring out how to use the technology [45].

2.4. Training and Support

Training and support could be an important factor influencing the use of AI tools
by students in higher education. To ensure the effective and ethical use of AI, educators
and students should receive adequate training and support [29]. The survey conducted
by [32] on Spanish students in higher education, in the fields of economics and business
management and education, has revealed that the students’ current knowledge of AI
tools is limited due to the fact that most of them have not received any formal training
in AI. Ref. [32] emphasize that training regarding the use of AI, especially by presenting
realistic use cases and the real limitations of the tools, could support students in using them
confidentially and responsibly.

AI integration in education requires a strategic vision at the level of institutions and
the training of all parties involved in the teaching–learning process [6]. Offering training
opportunities to professors can enhance their ability to integrate AI tools into their teaching
practices [46]. Without training programs, the process of the adoption and utilization of
AI tools may be unsuccessful, leading to skills gaps and the manifestation of resistance to
change [29].

2.5. General Attitudes

The attitudes of students towards using AI tools for academic tasks may play a crucial
role in determining the frequency and extent of their utilization. Attitude (positive or
negative feelings about a certain task) can be a predictive factor of technology adoption
and usage [47].

Research indicates that a positive attitude towards AI tools is associated with higher
levels of adoption and frequent use. For instance, ref. [48] found that students who held
favorable views about the usefulness and benefits of educational technologies were more
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likely to use them regularly. According to the Technology Acceptance Model (TAM),
the perceived ease of use and usefulness shape the users’ attitudes towards technology,
ultimately influencing their behavioral intention to use it [49].

Moreover, a study by [50] found that a positive attitude favored the use of AI tools by
students, as they are willing to explore the capabilities and potential applications, leading
to an increased frequency of use. Conversely, negative attitudes, often stemming from
concerns about accuracy, privacy, and ethical issues, can act as barriers to adoption and
frequent use [51].

Other recent studies [15,19] have revealed a positive attitude of students towards the
use of generative AI, such as ChatGPT, in their academic activities. Ref. [15] conducted a
survey of 399 undergraduate and postgraduate students in Hong Kong with the purpose of
exploring their perception of generative AI, focusing on familiarity, willingness to engage,
potential benefits and challenges, and effective integration. The results indicated a generally
positive attitude toward the use of generative AI in teaching and learning.

Ref. [52] conducted a study based on in-depth interviews to investigate the perceptions
of students from South Korea regarding the use of AI tools. The results indicated that
students have positive attitudes towards the interaction with AI and believe that it helps
them to improve their task performance and also provides emotional support.

The ease of use is closely associated with students’ self-efficacy in using AI tools, as
they are more likely to be confident about their ability to use them, which in turn creates
positive attitudes towards these technologies [53].

A positive attitude can be a crucial factor regarding the use of AI tools in educational
processes, as it can lead to a virtuous cycle, where the ease of use enhances confidence,
leading to more frequent use and further ease of use through familiarity [54].

2.6. Concerns

A literature review carried out by [20] reveled that the main issues associated with
using ChatGPT in education are related to accuracy, reliability, and plagiarism prevention.
In addition to these issues, ref. [14,15] mention problems related to privacy and security
risks. The results of the study conducted by Almaraz-López et al. (2023) [32] have also
revealed that students in higher education are concerned about the risks of the possible
effect that using AI could have on data privacy and security. All of these concerns can be
extended to all types of AI tools, not only to the generative ones.

Students and lecturers in higher education participating in a study conducted by [29]
have reported that they have experienced AI-based tools (ABTs) producing wrong or
inaccurate results. In the case of ChatGPT, ref. [16] identified limitations that could lead to
inaccurate results, such as a lack of deep understanding of the text it processes and difficulty
in evaluating the quality of responses. Ref. [17] also found that students acknowledge
the possibility that ChatGPT may generate inaccurate results and emphasize the need for
having a solid background knowledge to utilize it effectively.

The limitations and concerns related to language proficiency, privacy, and the ethical
implications of using AI tools in higher education were also analyzed by [18]. The study
mentions that AI voice recognition and dictation tools may potentially lead to misun-
derstandings or miscommunications due to the difficulties in understanding accents and
dialects. AI generating customized learning content use personal data to tailor the learning
experience and, therefore, may raise privacy and security concerns for students.

Plagiarism and cheating are considered among the most important problems in con-
temporary academia. Refs. [6,55] raise the issue of ethical concerns related to implementing
AI in higher education, as students might be tempted to cheat by using AI tools to elaborate
papers required by their teachers. More than this, students may even use AI without
realizing that it may lead to plagiarism, due to the fact that it can produce responses that are
similar to existing sources [16]. To address the concerns related to plagiarism and academic
integrity, innovative educational environments are required [31].
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To conclude, the main concerns associated with the use of AI tools in higher educa-
tion are related to accuracy [16,17], data privacy and security risks [14,15,32], and ethical
issues [6,55]. The students’ perception of these concerns may influence the frequency of
using the AI tools.

2.7. Integration of AI Tools

The integration of AI tools into academic activities is significantly influenced by teach-
ers’ readiness to adopt and effectively utilize these technologies. Teachers’ AI readiness
refers to their knowledge, skills, and attitudes towards AI, which collectively determine
their ability to integrate AI into the teaching process. Studies by [56,57] found that teachers
who are well-prepared and confident in using AI tools are more likely to incorporate these
technologies into their coursework. Teachers who have competencies in using AI tools are
more likely to integrate these tools into their courses [58].

Professional development and training activities for teachers are important factors
for enhancing their AI readiness. According to [59], targeted training programs that focus
on AI literacy and practical application can significantly boost teachers’ confidence and
proficiency in using AI tools, leading to a higher degree of coursework integration, resulting
in an improvement of student outcomes. The integration of AI tools in the learning and
evaluation process in higher education could impact the frequency of the utilization of AI
tools by students. Students’ interest in courses is increased when AI tools are integrated
into learning environments [60].

The key factors that could impact the adoption and utilization of AI tools by students
in higher education, summarized above, provide a conceptual foundation for exploring
the relationships between students’ perceptions and their actual use of AI tools in aca-
demic contexts. Furthermore, our study employs Exploratory Factor Analysis (EFA) and
Confirmatory Factor Analysis (CFA) to empirically identify and validate these factors. Sub-
sequently, Structural Equation Modeling (SEM) is used to examine the interrelationships
between these variables, including their collective impact on the frequency of AI tool usage.

3. Materials and Methods
3.1. Data Collection and Preprocessing

The dataset utilized in this study was collected via a comprehensive survey distributed
to students from various universities in Romania during the second semester of 2024. The
survey aimed to capture a broad spectrum of variables related to demographic information,
familiarity with AI tools, and the usage of these tools in academic settings. The survey was
conducted using an online platform but was completed in situ, meaning that the students
filled out the survey during their class time under supervision. This approach ensured a
high response rate and data accuracy by combining the benefits of digital data collection
with the controlled environment of in-class administration. The in situ completion of the
survey helped to minimize potential biases related to the respondents’ environment and
ensured consistent conditions for all participants. The sample comprised 748 participants,
who were informed about this study’s purpose and provided consent before proceeding
to complete the questionnaire. Participation in the survey was entirely voluntary, and
the students were explicitly informed that their responses would remain anonymous.
Furthermore, it was clearly communicated that participation would have no bearing on
their grades or academic standing, thereby ensuring that their input was provided freely
and without any external pressure.

Prior to the main survey, a pilot study was conducted with a smaller subset of students
to refine the survey instrument and ensure the clarity of the questions. The pilot study
involved 50 participants who provided detailed feedback on the survey items. Based on
their input, we made several adjustments to the wording and structure of the questions to
improve comprehension and reduce ambiguity. Additionally, we conducted preliminary
reliability analyses, such as calculating Cronbach’s alpha for the Likert scales, which
resulted in values above the acceptable threshold. These steps ensured that the final survey
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instrument was both reliable and valid, facilitating accurate data collection in the main
study. Thus, this preliminary phase allowed for the calibration of the survey tool, which was
essential in capturing comprehensive data on the demographic characteristics, familiarity
with AI tools, and their utilization in academic contexts.

Upon collection, the dataset underwent rigorous preprocessing to ensure that it was
primed for analysis. The initial steps included renaming the columns to more concise and
descriptive labels, enhancing readability and clarity. This was followed by the conversion
of the categorical variables into factors, a crucial step for facilitating statistical modeling and
interpretation. The transformed dataset included recoded values for ordinal and nominal
variables, ensuring that the data were in a suitable format for advanced statistical analyses,
such as Exploratory Factor Analysis (EFA) and Structural Equation Modeling (SEM).

Missing data were handled through listwise deletion, removing any cases with in-
complete responses. This method was chosen to preserve the integrity of the dataset by
ensuring that analyses were based on complete and reliable data points. Although listwise
deletion can reduce the sample size, it was deemed appropriate in this context because the
proportion of missing data was relatively small (less than 5% of the total responses). Addi-
tionally, listwise deletion helps to avoid the potential biases that can arise from imputation
methods when the data are not missing completely at random (MCAR).

All data analyses and estimations were performed using R, a statistical software
environment widely used for its powerful data manipulation and analysis capabilities.
Specifically, we used RStudio Version 2024.04.2+764 (2024.04.2+764) for the estimations.

3.2. Survey Instrument

The survey instrument was designed to capture a multi-dimensional view of the
students’ demographics, their interaction with AI tools, and the perceived impact of these
tools on their academic activities. The instrument comprised the following sections:

1. Demographics: This section collected fundamental data on the respondents’ age,
gender, education level, university affiliation, specialization, and domicile type. These
variables were essential for contextualizing the respondents’ backgrounds and ensur-
ing the representativeness of the sample.

2. Familiarity with AI Tools: The respondents’ familiarity with AI tools was assessed
using a 5-point Likert scale, ranging from “Not at all” to “Extremely”. This scale
provided a nuanced understanding of the respondents’ exposure to AI technologies.
The reliability of this scale was validated using Cronbach’s alpha, yielding a value of
0.85, indicating good internal consistency.

3. Known and Used AI Tools: Multiple-response items were employed to capture the
variety of AI tools known and utilized by the respondents. This section provided
an insight into the specific AI applications that the students were aware of and
actively using.

4. Access to AI Tools: The questions in this section measured the respondents’ access
to AI tools, again using a Likert scale to capture the extent of accessibility, ranging
from “Not at all” to “Extremely”. The reliability of this scale was also validated with
a Cronbach’s alpha value of 0.87, indicating good internal consistency.

5. Subscription to AI Tools: This part of the survey inquired whether the respondents
had access to AI tools through university-provided subscriptions or through personal
subscriptions. This was critical for understanding the sources of access to AI resources.

6. Frequency and Impact of AI Tool Usage: Various Likert scales were used to assess the
frequency of AI tool usage, as well as the perceived impact on academic efficiency,
quality of work, and ease of use. These scales helped in quantifying the tangible
benefits perceived by the students.

7. Training and Support: This section included questions about any formal training
received on the use of AI tools and the perceived usefulness of such training. This was
essential for understanding the level of institutional support provided to the students.



Electronics 2024, 13, 3632 9 of 30

8. General Attitudes and Concerns: The questions were designed to gauge the respon-
dents’ overall attitudes towards AI tools, including concerns about inaccuracy, cheat-
ing, privacy, and the broader integration of AI into academic activities.

9. Integration of AI Tools: This section assessed how AI tools were integrated into the
curriculum and academic activities. The questions focused on the manner of AI tool
usage in coursework, projects, and other academic tasks, providing a clearer picture
of the practical application of AI tools in the educational environment.

Appendix A provides an overview of the survey instrument, including the sections,
items, and assessment type.

The survey instrument underwent a thorough validation process during the pilot study
phase, ensuring that each question was both relevant and clear. This validation process was
pivotal in refining the instrument, resulting in a robust tool capable of capturing detailed
and accurate data.

The survey was translated into Romanian to ensure better comprehension by the
respondents. The translation was validated through a back-translation process, where the
survey was first translated from English to Romanian and then independently translated
back to English by a different translator. This process ensured that the translated survey
maintained the accuracy and meaning of the original questions, minimizing potential
misunderstandings and enhancing the validity of the responses.

The data collected were then transformed into appropriate formats for analysis. Cate-
gorical variables were converted into factors, and ordinal scales were recoded to ensure
compatibility with the statistical models employed. For example, the age categories were
defined as follows: 1 (18–21 years), 2 (22–25 years), 3 (26–30 years), 4 (31–35 years), and
5 (over 35 years). Gender was coded as 1 (Female), 2 (Male), and 3 (Other). Education
levels were coded from 1 (High School) to 6 (Other); and domicile types were defined as
1 (Urban), 2 (Rural), 3 (Suburban), and 4 (Prefer not to say).

The demographic profile of the respondents summarized in Table 1 provides a de-
tailed overview of the age categories, gender distribution, education levels, and domicile
types. This comprehensive demographic analysis ensures that the findings of this study
are contextualized within a diverse sample. By capturing a wide range of demographic
variables, we can better understand how the different segments of the student population
interact with AI tools. While we did not have access to national statistics for direct compar-
ison, the diversity in our sample allows us to explore variations and commonalities across
different demographic groups, providing valuable insights into AI tool adoption among
economics students.

Table 1. Descriptive statistics for respondents’ demographic profile.

Variable Mean SD Median Min Max Range Skew Kurtosis SE

Age Category 1.75 1.16 1 1 5 4 1.57 1.35 0.05
Gender 1.31 0.49 1 1 3 2 1.16 0.08 0.02

Education Level 3.25 1.16 3 1 6 5 0.38 −1.00 0.05
Domicile Type 3.28 0.97 4 1 4 3 −0.65 −1.43 0.04

The demographic distribution indicates a predominant youth demographic, with most
respondents being between 18 and 25 years old, whereas the gender distribution shows a
higher representation of females. Moreover, the education levels suggest a broad spectrum,
with many respondents pursuing undergraduate or postgraduate studies. Additionally,
most respondents reside in suburban or rural areas. Appendix B provides visualizations
that succinctly represent the demographic characteristics of the study participants, enhanc-
ing the understanding of the sample’s composition.

The respondents represented a diverse array of Romanian universities that offer
economics programs. Notable concentrations were observed in the following universi-
ties: (i) The Bucharest University of Economics Studies (42.9%); (ii) University of Craiova
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(9.1%); and (iii) University “1 December 1918” from Alba Iulia (7.8%). Regarding specializa-
tions, the participants were majorly focused on Accounting and Management Information
Systems (30%), International Business and Economics (26.9%), and Management (10.9%).

It should be mentioned that this study is based on a robust and representative sample
of 748 valid responses (i.e., after addressing any missing or incomplete responses) drawn
from economics students across all four macroregions of Romania, as follows: Macrore-
gion 1 (north-west and Center), Macroregion 2 (north-east and south-east), Macroregion
3 (Sud-Muntenia and Bucharest-Ilfov), and Macroregion 4 (south-west and west). These
macroregions are the principal territorial divisions used in national statistics and pol-
icy making, ensuring that the sample captures the geographic diversity and academic
distribution of the country [61].

The sample encompasses nine prestigious Romanian universities, including some of
the most renowned institutions for economics education. This selection represents 46% of
the universities that include economics specialization featured in the Romanian Ministry
of Education’s metaranking of top institutions [62]. Additionally, 44% of the universi-
ties within the Universitaria Consortium—the most significant and influential academic
alliance in Romania—are included. It is important to note that, while the Universitaria
Consortium consists of the country’s leading universities, not all of its members offer
specialized economics programs. However, the sample is specifically focused on those that
do, thereby reinforcing the representativeness of the findings for the field of economics
education. The Universitaria Consortium is a key collaborative platform among Romania’s
top universities, dedicated to enhancing the quality of higher education and research at the
national level [63]. Membership in this consortium is a hallmark of academic excellence
and relevance. By including universities that are part of this consortium, this study aligns
with the highest academic standards and reflects the most influential centers of economics
higher education in Romania.

Furthermore, the sample proportionately reflects the student populations within Ro-
mania’s major economic hubs. For example, a significant portion of respondents come from
the Bucharest University of Economic Studies, which accounts for 42.9% of the sample. This
institution is the largest and most prominent economics-focused university in Romania [64],
and its inclusion, along with that of other key universities, provides a solid foundation for
the representativeness of the data. Consequently, we argue that the strategic selection of
respondents across diverse and representative institutions, coupled with the alignment of
the sample with the geographic and academic landscape of Romanian economics educa-
tion, ensures that the findings are statistically sound and broadly generalizable across the
country’s higher education system in this field.

3.3. Exploratory and Confirmatory Factor Analysis

Exploratory Factor Analysis (EFA) was conducted to identify the underlying structure
of the survey items. The number of factors was determined using the Kaiser criterion
(eigenvalues greater than 1) and the scree plot method. Varimax rotation was applied
to achieve a simpler and more interpretable factor structure. The EFA model can be
represented as follows:

X = LF + E (1)

where

• X is the matrix of observed variables;
• L is the factor loading matrix;
• F is the matrix of latent factors;
• E is the matrix of unique variances (errors).

The adequacy of the factor model was assessed using measures such as the Kaiser–
Meyer–Olkin (KMO) test for sampling adequacy and Bartlett’s test of sphericity.

Confirmatory Factor Analysis (CFA) was performed to validate the factor structure
identified by the EFA.
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The CFA can be specified as follows:

X = Λξ + δ (2)

where

• Λ is the factor loading matrix;
• ξ is the vector of latent variables;
• δ is the vector of measurement errors.

3.4. Structural Equation Modeling

A comprehensive Structural Equation Modeling (SEM) framework was employed to
examine the relationships between the latent variables [65]. SEM is an advanced statistical
technique that combines features of factor analysis and multiple regression, allowing for the
examination of complex relationships between observed and latent variables. The model
was also estimated using Maximum Likelihood with robust standard errors (MLR) to
account for deviations from normality and provide more accurate parameter estimates [66].
This robust estimation technique enhances the validity of our findings, particularly in
handling non-normal data typical of survey research.

The use of SEM is particularly appropriate for this study due to the following reasons:
(i) SEM is ideal for modeling complex relationships between multiple dependent and inde-
pendent variables simultaneously. In this study, we hypothesize multiple interrelated paths
among constructs, whereas traditional regression techniques would not adequately capture
these interdependencies [67,68]. (ii) SEM allows for the inclusion of latent variables, which
are not directly observed but rather inferred from multiple indicators. For example, con-
structs like “perceived usefulness” and “ease of use” are measured through several survey
items. SEM provides a robust framework to model these latent constructs and their relation-
ships accurately [69]. (iii) SEM accounts for measurement error in the observed variables,
providing more accurate estimates of the relationships between latent constructs. This is
crucial in survey-based research, where measurement error can be significant [70]. (iv) The
use of SEM also allows for the assessment of both direct and indirect effects, providing a
comprehensive view of the relationships between variables, including mediation effects
that would be challenging to identify using traditional regression techniques. (v) SEM
provides comprehensive fit indices (e.g., CFI, TLI, RMSEA, and SRMR) to evaluate how
well the proposed model fits the observed data. This allows for a more rigorous validation
of the hypothesized model compared to traditional statistical methods [66,71]. (vi) SEM
offers modification indices that suggest potential improvements to the model. This feature
facilitates the refinement of the model to achieve a better fit with the data, making SEM a
flexible and iterative approach to model building [72].

The structural model can be represented as follows:

η = Bη + Γξ + ζ (3)

where

• η is the vector of endogenous latent variables;
• B is the matrix of coefficients for the relationships among endogenous variables;
• Γ is the matrix of coefficients for the relationships between exogenous and endoge-

nous variables;
• ξ is the vector of exogenous latent variables;
• ζ is the vector of disturbances (errors).

Of note, in conducting the statistical analyses for this study, including Exploratory
Factor Analysis (EFA), Confirmatory Factor Analysis (CFA), and Structural Equation Mod-
eling (SEM), several key assumptions were assessed to ensure the validity and reliability
of the results. The normality of the data was evaluated using the Shapiro–Wilk test, and
visual inspections with QQ plots revealed deviations from normality, characteristic of
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ordinal data. The linearity between variables and factors was assessed through scatter
plot analysis, which indicated some degree of linearity, despite the ordinal nature of the
data. Homoscedasticity was checked using the Breusch–Pagan test, which is particularly
important for reliable parameter estimates in CFA and SEM. Additionally, the absence of
multicollinearity was verified by calculating the Variance Inflation Factor (VIF) for all pre-
dictor variables, ensuring distinct and interpretable factors. Although preliminary checks
indicated some violations of the assumptions, robust estimation methods were employed
to address these issues, thereby supporting the robustness of the statistical findings.

Additionally, post-estimation diagnostics were also performed to further ensure the
reliability of the findings. Goodness-of-fit indices, including CFI, TLI, RMSEA, and SRMR,
were evaluated to assess the model fit. Composite Reliability (CR) and Average Variance
Extracted (AVE) were calculated to ensure the reliability and validity of the constructs.
Modification indices were inspected to identify potential areas for model improvement,
and residual analysis was conducted to check for systematic patterns that could indicate
model misspecification. Multi-collinearity diagnostics were also performed to confirm the
absence of multicollinearity among the variables. These comprehensive checks ensure the
robustness and reliability of this study’s findings.

4. Results
4.1. Exploratory Factor Analysis (EFA)

The Exploratory Factor Analysis (EFA) was conducted using the “minres” (minimum
residual) method and varimax rotation. The “minres” method, as outlined by [73], is a
commonly used approach in EFA for estimating the factor loadings by minimizing the
sum of the squared residuals, which represents the difference between the observed and
predicted correlations. This method is particularly useful in providing a more accurate
representation of the underlying factor structure, especially when the data do not perfectly
fit the assumed model [74].

Varimax rotation, an orthogonal rotation technique developed by [75] was applied
to the factor solution to simplify the interpretation of the factors. The goal of varimax
rotation is to maximize the variance of the squared loadings of a factor across the variables,
thereby producing factors that are more easily interpretable. Each factor tends to have high
loadings for a smaller number of variables, while the remaining variables have loadings
closer to zero, which clarifies the relationship between the variables and factors [76].

The combination of the “minres” method and varimax rotation yielded a five-factor
solution that accounts for a cumulative variance of 49%, as presented in Table 2.

Table 2. EFA Results.

Standardized Loadings MR1 MR4 MR2 MR3 MR5 h2 u2 com

familiarity_AI 0.68 0.21 0.06 0.05 0.04 0.52 0.48 1.2
access_to_AI 0.73 0.18 0.15 0.06 0.04 0.59 0.41 1.2

university_subscription 0.07 0.03 0.46 −0.05 0.13 0.24 0.76 1.2
own_subscription 0.24 0.1 0.21 0.03 0.07 0.12 0.88 2.6
usage_frequency 0.65 0.29 0.23 −0.02 −0.05 0.57 0.43 1.7

efficiency_increase 0.42 0.75 0.11 0.04 −0.02 0.76 0.24 1.6
quality_increase 0.35 0.79 0.21 −0.02 0.15 0.81 0.19 1.6

ease_of_use 0.46 0.3 −0.1 −0.01 −0.1 0.33 0.67 1.9
formal_training 0.01 0.02 0.71 0.01 −0.25 0.57 0.43 1.2

training_usefulness 0.04 0.08 0.66 −0.01 −0.08 0.45 0.55 1.1
general_attitude 0.33 0.59 0.09 −0.21 −0.09 0.52 0.48 2

concern_inaccuracy 0.02 −0.05 −0.02 0.62 −0.07 0.39 0.61 1
concern_cheating 0.12 −0.04 −0.08 0.75 −0.1 0.6 0.4 1.1
concern_privacy −0.06 0 0.04 0.55 0.24 0.37 0.63 1.4
AI_integration 0.19 0.12 0.64 −0.03 0.18 0.49 0.51 1.4
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Factor 1 (MR1) primarily captures items related to AI awareness, including familiarity
with AI, access to AI, and usage frequency, with substantial loadings of 0.68, 0.73, and
0.65, respectively, indicating the degree of AI familiarity and accessibility. Factor 2 (MR2)
encompasses items related to training and integration, such as formal training, training
usefulness, and AI integration, with significant loadings of 0.71, 0.66, and 0.64, respectivley,
reflecting the emphasis on training and its usefulness for AI integration. Factor 3 (MR3)
is characterized by items pertaining to concerns about AI, including concerns about in-
accuracy, cheating, and privacy, with strong loadings of 0.62, 0.75, and 0.55, respectivley,
suggesting this factor measures various apprehensions regarding AI use. Factor 4 (MR4)
pertains to efficiency and quality, encapsulating efficiency increase, quality increase, and
general attitude towards AI, with notably high loadings of 0.75, 0.79, and 0.59, respectivley,
indicating perceived improvements in efficiency and quality due to AI. Factor 5 (MR5) has
relatively low loadings and does not distinctly capture any specific theme, contributing
only 2% to the cumulative variance. Given its low loadings and minimal variance con-
tribution, MR5 is not considered meaningful and will not be retained in the subsequent
Confirmatory Factor Analysis (CFA). Model fit indices further support the adequacy of this
factor structure, with an RMSR of 0.02, an RMSEA of 0.033 (90% CI: 0.017–0.047), and a
Tucker–Lewis Index (TLI) of 0.974, indicating a good fit.

This refined factor structure, visually represented in Appendix C, provides a compre-
hensive basis for the subsequent CFA, ensuring a more parsimonious and theoretically
sound model.

4.2. Confirmatory Factor Analysis (CFA)

Confirmatory Factor Analysis (CFA) was conducted to validate the factor structure
identified by the Exploratory Factor Analysis (EFA). Its results demonstrate a robust fit for
the measurement model, confirming the validity of the hypothesized latent constructs. Of
note, the estimated CFA model specified the following four latent factors: awareness of
AI (MR1), training and integration (MR2), concerns about AI (MR3), and efficiency and
quality (MR4) and was estimated using Maximum Likelihood (ML), converging after 46
iterations. The corresponding fit indices are reported in Table 3.

Table 3. CFA model fit indices.

Fit Index Value

Comparative Fit Index (CFI) 0.957

Tucker–Lewis Index (TLI) 0.941

Root Mean Square Error of Approximation (RMSEA) 0.059

90% Confidence Interval of RMSEA 0.048–0.070

Standardized Root Mean Square Residual (SRMR) 0.049

The Comparative Fit Index (CFI) of 0.957 indicates a good fit, as values above 0.90 are
generally considered acceptable in Structural Equation Modeling [77]. The Tucker–Lewis
Index (TLI) of 0.941, above the recommended threshold of 0.90, also reinforces this con-
clusion. The Root Mean Square Error of Approximation (RMSEA) is 0.059, with a 90%
confidence interval ranging from 0.048 to 0.070, further confirming the robustness of the
factor structure identified.

Additionally, the Standardized Root Mean Square Residual (SRMR) of 0.049 is within
the acceptable range (less than 0.08), supporting the model’s adequacy. Consequently,
the CFA results support the validity of the four-factor model, confirming the structure
proposed by the EFA, with all specified factors showing significant and substantial loadings
on their respective items. The exclusion of MR5 from the CFA model is justified by its low
loadings and minimal contribution to the explained variance in the EFA, ensuring a more
parsimonious and interpretable model.
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The parameter estimates reported in Table 4 reveal that the latent variable MR1
(general awareness and familiarity with AI tools) significantly loads on familiarity_AI
(0.713), access_to_AI (0.740), and usage_frequency (0.756). MR2 (formal training and inte-
gration of AI tools) significantly loads on formal_training (0.665), training_usefulness
(0.717), and AI_integration (0.621). MR3 (concerns regarding AI) significantly loads
on concern_inaccuracy (0.627), concern_cheating (0.767), and concern_privacy (0.494).
MR4 (perceived usefulness and positive attitudes towards AI) significantly loads on effi-
ciency_increase (0.888), quality_increase (0.867), and general_attitude (0.668).

Table 4. CFA standardized factor loadings.

Latent Variables Estimate Std.Err z-Value p (>|z|) Std.lv Std.all

MR1 =~
familiarity_AI 1 0.66 0.713
access_to_AI 1.123 0.075 14.917 0 0.741 0.74

usage_frequncy 1.203 0.08 15.13 0 0.795 0.756

MR2 =~
formal_trainng 1 0.253 0.665
trainng_sflnss 4.7 0.445 10.558 0 1.191 0.717
AI_integration 2.439 0.234 10.428 0 0.618 0.621

MR3 =~
concern_nccrcy 1 0.554 0.627
concern_chetng 1.487 0.183 8.113 0 0.823 0.767
concern_privcy 0.923 0.108 8.556 0 0.511 0.494

MR4 =~
efficincy_ncrs 1 0.861 0.888
quality_incres 0.974 0.04 24.128 0 0.838 0.867
general_attitd 0.603 0.034 17.567 0 0.519 0.668

Moreover, the variances of the latent constructs are well defined (see Table 5), with MR1
(1.000), MR2 (1.000), MR3 (1.000), and MR4 (1.000) indicating well-identified constructs.
The residual variances for the observed variables are moderate, indicating that a substantial
portion of the variance in the observed measures is explained by the latent constructs.
As such, the CFA results provide strong evidence for the reliability and validity of the
measurement model, confirming the hypothesized factor structure and supporting the use
of these latent constructs in subsequent Structural Equation Modeling (SEM) analyses.

Table 5. Estimated variances of the latent constructs.

Variances Estimate Std.Err z-Value P(>|z|) Std.lv Std.all

.familiarity_AI 0.423 0.033 12.913 0 0.423 0.492
.access_to_AI 0.455 0.037 12.203 0 0.455 0.453

.usage_frequncy 0.474 0.04 11.705 0 0.474 0.428
.formal_trainng 0.081 0.007 11.183 0 0.081 0.558
.trainng_sflnss 1.345 0.143 9.421 0 1.345 0.487
.AI_integration 0.608 0.049 12.485 0 0.608 0.614
.concern_nccrcy 0.472 0.045 10.51 0 0.472 0.606
.concern_chetng 0.476 0.083 5.765 0 0.476 0.412
.concern_privcy 0.808 0.057 14.266 0 0.808 0.756
.efficincy_ncrs 0.199 0.024 8.232 0 0.199 0.212
.quality_incres 0.233 0.024 9.541 0 0.233 0.249
.general_attitd 0.333 0.022 15.217 0 0.333 0.553

MR1 0.436 0.049 8.904 0 1 1
MR2 0.064 0.009 7.169 0 1 1
MR3 0.307 0.051 6.035 0 1 1
MR4 0.741 0.058 12.722 0 1 1
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To further explore the relationships among the observed variables, a correlation
heatmap was generated (Figure 1). This heatmap provides a visual representation of
the pairwise correlations between the variables included in this study. The intensity and
color of the circles indicate the strength and direction of the correlations, with red hues
representing positive correlations and blue hues representing negative correlations.
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Figure 1. Correlation heatmap of observed variables.

The correlation heatmap reveals several notable patterns. Positive correlations, such as
the strong association between efficiency_increase and quality_increase (r = 0.77), indicate
that improvements in the perceived efficiency are closely linked with enhancements in the
perceived quality. Conversely, some variables, although not prominently featured, show
weaker negative correlations. This visual representation allows for a quick assessment of
how variables are interrelated, which is crucial for understanding the underlying structure
of the data. Certain variables, like concern_cheating and concern_privacy, exhibit low cor-
relations with most other variables, indicating that they may represent distinct dimensions
of the students’ perceptions and concerns about AI tools.

These insights from the correlation heatmap complement the findings from the CFA
by providing a broader context of how individual variables interact with each other. This
holistic view aids in validating the constructs identified through EFA and CFA, offering a
more comprehensive understanding of the data.
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4.3. Structural Equation Model (SEM) Results

The Structural Equation Modeling (SEM) analysis was conducted to examine the
complex interrelationships among the latent factors identified through Exploratory Factor
Analysis (EFA) and Confirmatory Factor Analysis (CFA), complemented by the correlation
analysis. The final SEM was specified as follows:

# Measurement model
MR1 =~ familiarity_AI + access_to_AI + usage_frequency
MR2 =~ formal_training + training_usefulness + AI_integration
MR3 =~ concern_inaccuracy + concern_cheating + concern_privacy
MR4 =~ efficiency_increase + quality_increase + general_attitude
# Structural model
MR4 ~ MR1 + MR2 + MR3
MR3 ~ MR1 + MR2
MR2 ~ MR1
usage_frequency ~ MR2 + MR3 + MR4
Of note, in the context of our study, we introduced a path for usage frequency in

the SEM, despite its absence in the CFA, to better capture the behavioral component of
the students’ interaction with AI tools. While the CFA primarily validated the latent
constructs related to awareness, training, concerns, and attitudes, it became evident that
understanding the actual frequency of AI tool usage was crucial for a comprehensive
analysis. Incorporating usage frequency into the SEM allows us to explicitly examine
how formal training, concerns about AI, and positive attitudes towards AI directly and
indirectly influence students’ engagement with AI tools. This addition provides a more
nuanced understanding of the practical implications of the identified latent factors and
their impact on actual behavior, thereby enhancing the overall explanatory power and
relevance of our model.

The SEM demonstrates excellent fit to the data, as indicated by the high CFI (0.962) and
TLI (0.945), both being well above the threshold of 0.90. The RMSEA value of 0.055, with a
90% confidence interval ranging from 0.043 to 0.065, is within acceptable limits, indicating
a reasonable error of approximation. The SRMR of 0.046, being below the threshold of
0.08, further confirms the good fit of the model. Additionally, it should be mentioned
that the robustness of these results was confirmed by re-estimating the model using the
Maximum Likelihood with robust standard errors (MLR). The robust estimation yielded
consistent results, reinforcing the reliability of the findings. The model fit indices for both
error specifications are presented in Table 6.

Table 6. SEM model fit indices.

Fit Index SEM (Conventional) SEM with Robust Standard Errors

Comparative Fit Index (CFI) 0.962 0.965

Tucker–Lewis Index (TLI) 0.945 0.949

Root Mean Square Error of Approximation (RMSEA) 0.055 0.054

90% Confidence Interval of RMSEA 0.043–0.065 0.043–0.067

Standardized Root Mean Square Residual (SRMR) 0.046 0.046

The parameters for the robust model estimation using the MLR estimator are reported
in Table 7.

The standardized factor loadings for the latent variables are strong and significant,
affirming that the observed variables are robust indicators of their respective constructs.
For MR1 (awareness and familiarity with AI Tools), the factor loadings are as follows:
familiarity with AI (0.739), access to AI (0.762), and usage frequency (0.584). MR2 (formal
training and integration) shows loadings of formal training (0.664), training usefulness
(0.718), and AI integration (0.621). MR3 (concerns about AI) includes concerns about
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inaccuracy (0.626), concerns about cheating (0.767), and concerns about privacy (0.495).
MR4 (perceived usefulness and positive attitudes towards AI) consists of efficiency increase
(0.890), quality increase (0.864), and general attitude (0.669).

Table 7. Robust SEM estimation results.

Latent Variables Estimate Std.Err z-Value P(>|z|) Std.lv Std.all

MR1 =~
familiarity_AI 1 0.685 0.739
access_to_AI 1.115 0.077 14.523 0 0.764 0.762

usage_frequncy 0.896 0.117 7.682 0 0.614 0.584
MR2 =~

formal_trainng 1 0.253 0.664
trainng_sflnss 4.713 0.39 12.076 0 1.193 0.718
AI_integration 2.439 0.27 9.018 0 0.617 0.621

MR3 =~
concern_nccrcy 1 0.553 0.626
concern_chetng 1.49 0.228 6.527 0 0.823 0.767
concern_privcy 0.927 0.122 7.595 0 0.512 0.495

MR4 =~
efficincy_ncrs 1 0.862 0.89
quality_incres 0.969 0.039 24.908 0 0.836 0.864
general_attitd 0.602 0.037 16.305 0 0.519 0.669

Regressions Estimate Std.Err z-value P(>|z|) Std.lv Std.all

MR4 ~
MR1 0.835 0.078 10.673 0 0.663 0.663
MR2 0.422 0.164 2.583 0.01 0.124 0.124
MR3 −0.182 0.083 −2.177 0.029 −0.116 −0.116
MR3 ~
MR1 0.12 0.06 1.994 0.046 0.148 0.148
MR2 −0.218 0.146 −1.495 0.135 −0.1 −0.1
MR2 ~
MR1 0.096 0.024 3.985 0 0.261 0.261

usage_frequency ~
MR2 0.569 0.194 2.94 0.003 0.144 0.137
MR3 −0.079 0.084 −0.941 0.347 −0.044 −0.042
MR4 0.173 0.075 2.319 0.02 0.149 0.142

The structural model path coefficients reveal significant relationships between the
latent variables, shedding light on the intricate dynamics at play. Specifically, MR1 (general
awareness and familiarity with AI tools) exerts a substantial positive influence on MR4
(perceived usefulness and positive attitudes), with a standardized path coefficient of 0.663.
This finding shows that heightened awareness and familiarity with AI tools significantly
enhance students’ perceptions of the usefulness of these tools and foster more positive
attitudes toward their adoption.

Moreover, MR2 (formal training and integration) exhibits dual effects, as follows:
it positively influences MR4 with a path coefficient of 0.124 and negatively influences
MR3 (concerns regarding AI) with a coefficient of −0.116. These results indicate that
structured training programs and effective integration of AI tools within the educational
framework not only bolster students’ perceptions of the tools’ usefulness and generate
positive attitudes, but also alleviate concerns related to the accuracy, privacy, and ethical
implications of AI use.

On the other hand, MR3 demonstrates a negative influence on MR4, with a path
coefficient of −0.116, signifying that increased concerns about AI can detract from its
perceived usefulness and foster negative attitudes towards its use. This relationship
highlights the importance of addressing and mitigating student concerns in order to
promote a more favorable perception of AI tools.
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Crucially, the model elucidates the factors driving the frequency of AI tool usage
among students. MR2 exerts a direct positive influence on usage frequency, evidenced by a
path coefficient of 0.137. This underscores the pivotal role of formal training and integration
in fostering regular and effective use of AI tools. Students who receive comprehensive
training and perceive the integration of AI into their curriculum as beneficial are more
likely to use these tools frequently.

Furthermore, MR4 also positively influences usage frequency, with a path coefficient
of 0.142. This relationship suggests that students who perceive AI tools as useful and
hold positive attitudes towards them are more inclined to incorporate these tools into their
routine activities. The alignment of positive perceptions and attitudes with actual usage
behavior underscores the critical role of fostering a favorable outlook on AI tools to drive
their adoption and utilization.

In conclusion, the strong fit indices, significant factor loadings, and meaningful path
coefficients collectively illustrate the intricate dynamics between students’ awareness, train-
ing, concerns, attitudes, and their actual usage of AI tools. The robustness checks, using
the MLR estimator, further solidify the validity of these results, ensuring that the conclu-
sions drawn are not only statistically sound, but also practically relevant for enhancing AI
adoption in educational contexts.

This comprehensive analysis, depicted in the path diagram in Figure 2, provides a
detailed understanding of the factors influencing students’ engagement with AI tools. It
underscores the importance of enhancing awareness and familiarity, providing formal
training, and addressing concerns to foster positive attitudes and increase the frequency of
AI tool usage among students.
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5. Discussion

The findings from this study provide valuable insights into the factors influencing uni-
versity students’ use of AI tools in their academic activities. The results of the Exploratory
Factor Analysis (EFA), Confirmatory Factor Analysis (CFA), and Structural Equation Mod-
eling (SEM) offer a robust framework for understanding these dynamics.

The analysis of AI tools familiarity among students revealed several insightful trends.
The majority of students reported familiarity with AI chatbots, such as ChatGPT, indi-
cating a widespread awareness and use of conversational AI technologies, with 81.3% of
respondents indicating familiarity with chatbots. This high level of recognition underscores
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the integration of conversational AI in everyday academic and personal tasks, reflecting
broader global trends where chatbots are increasingly used for various applications [78].
A study by [29] has similar findings, with over 80% of higher education students and
professors declaring that they are familiar with AI tools such as Google Translate, ChatGPT,
and DeepL.

Interestingly, 36.1% of the students were familiar with AI tools integrated with Mi-
crosoft Office applications, such as Microsoft 365 Copilot. This significant penetration
highlights the growing adoption of AI in productivity tools that are commonly used in
academic settings. Similarly, AI tools for data analysis, such as Tableau, Microsoft Power
BI, IBM Watson Analytics, and DataRobot, were familiar to 14.3% of students. This sug-
gests an engagement with sophisticated AI applications that support analytical tasks and
data-driven decision making [79].

Additionally, 14% of students reported familiarity with AI tools for image generation,
such as Dall-E, Midjourney, and Adobe Firefly. This indicates an interest in creative AI
applications, which are becoming increasingly relevant in various fields of study, including
art and design. However, there remains a notable proportion of students (9.4%) who
reported no familiarity with any AI tools. This gap indicates an opportunity for educational
institutions to enhance AI literacy and provide more targeted AI-related education and
training programs [80].

Addressing this gap is crucial for ensuring that all students can benefit from the poten-
tial advantages that AI tools offer in academic and future professional settings. Overall,
these insights into the specific AI tools that students are familiar with provide a detailed
understanding of the current state of AI tool adoption in higher education. This information
is valuable for educational policymakers and institutions aiming to design interventions
and programs that can further integrate AI technologies into the academic curriculum,
thereby improving student engagement and learning outcomes.

The final SEM demonstrated an excellent fit to the data, with high values for the
Comparative Fit Index (CFI) and the Tucker–Lewis Index (TLI), and acceptable values for
the Root Mean Square Error of Approximation (RMSEA) and the Standardized Root Mean
Square Residual (SRMR). These fit indices confirm the robustness of our model, consistent
with the benchmarks suggested by Hu and Bentler (1999) [77]. This robust model fit
suggests that the hypothesized effects are well supported by the data. The structural model
path coefficients reveal significant relationships between the latent variables. Specifically,
awareness and familiarity with AI tools (MR1) positively influence the perceived usefulness
and positive attitudes towards AI (MR4), with a coefficient of 0.663. This finding indicates
that higher awareness and familiarity with AI tools enhance students’ positive perceptions
and attitudes towards AI. Formal training and integration (MR2) also positively influence
the perceived usefulness and attitudes (MR4), with a coefficient of 0.124, while negatively
influencing concerns about AI (MR3), with a coefficient of −0.116. These results suggest
that structured training programs not only improve students’ perceptions of AI, but also
help to mitigate their concerns. Additionally, concerns regarding AI (MR3) negatively
influence the perceived usefulness and positive attitudes (MR4), with a coefficient of
−0.116. Furthermore, MR2 positively influences the frequency of AI tool usage, with a
coefficient of 0.137, and MR4 positively influences usage frequency, with a coefficient of
0.142, indicating that both formal training and positive attitudes are crucial drivers of AI
tool usage.

These findings underscore the significance of institutional support mechanisms, which
extend beyond individual awareness and familiarity with AI tools. For instance, peer influ-
ence and collaboration among students are increasingly recognized as vital components of
AI adoption in educational settings. As [34] suggest, social dynamics and recommenda-
tions from peers can significantly enhance the willingness to engage with AI technologies.
This phenomenon aligns with broader theories of social learning, where the diffusion of
innovation within peer networks can accelerate the adoption of new technologies.
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Moreover, faculty training and curriculum integration are critical in shaping student
attitudes toward AI. As indicated by [46], the ongoing professional development for
educators is essential for the effective integration of AI tools into teaching practices. By
equipping faculty with the necessary skills and knowledge, educational institutions can
foster a learning environment where AI technologies are seamlessly integrated, thereby
enhancing both teaching effectiveness and student engagement.

In addition to these institutional factors, this study also highlights the varied purposes
that different AI tools serve in the academic context. While AI chatbots and productivity
tools have gained widespread recognition, other applications, such as data analysis and
creative AI tools, remain underutilized. This discrepancy points to the need for targeted
interventions that not only broaden student exposure to diverse AI tools, but also align
these tools with specific academic needs and disciplines. As [60] notes, when AI tools are
integrated into learning environments in a way that resonates with students’ interests and
academic requirements, there is a marked increase in engagement and motivation.

A more detailed view can be gained by specifying indirect effects within the structural
model. This approach explores how awareness, training, and concerns about AI interrelate
and collectively impact AI tool usage and attitudes. The extended SEM analysis includes
the following indirect effects:

• Ind 1. The influence of general awareness and familiarity with AI tools (MR1) on
perceived usefulness and positive attitudes towards AI (MR4) through formal training
and integration (MR2).

• Ind 2. The influence of general awareness and familiarity with AI tools (MR1) on per-
ceived usefulness and positive attitudes towards AI (MR4) through concerns regarding
AI (MR3).

• Ind 3. The influence of general awareness and familiarity with AI tools (MR1) on the
frequency of AI tool usage through formal training and integration (MR2).

• Ind 4. The influence of general awareness and familiarity with AI tools (MR1) on the
frequency of AI tool usage through concerns regarding AI (MR3).

• Ind 5. The influence of general awareness and familiarity with AI tools (MR1) on
the frequency of AI tool usage through perceived usefulness and positive attitudes
towards AI (MR4).

• Ind 6. The influence of formal training and integration (MR2) on the frequency of AI
tool usage through perceived usefulness and positive attitudes towards AI (MR4).

• Ind 7. The influence of concerns regarding AI (MR3) on the frequency of AI tool usage
through perceived usefulness and positive attitudes towards AI (MR4).

Table 8 presents the results.

Table 8. Indirect effects estimation results.

Indirect Effect Estimate Std.Err z-Value P(>|z|) Std.lv Std.all

Ind1 0.041 0.016 2.51 0.012 0.032 0.032
Ind2 −0.022 0.014 −1.557 0.12 −0.017 −0.017
Ind3 0.055 0.018 3.029 0.002 0.038 0.036
Ind4 −0.009 0.011 −0.87 0.384 −0.007 −0.006
Ind5 0.145 0.06 2.4 0.016 0.099 0.094
Ind6 0.073 0.044 1.678 0.093 0.019 0.018
Ind7 −0.031 0.018 −1.756 0.079 −0.017 −0.017

The extended SEM analysis reveals several noteworthy indirect effects. The indirect
pathway from MR1 to MR4 through MR2 is statistically significant, with an indirect effect of
0.041. This indicates that formal training and integration significantly mediate the positive
influence of awareness and familiarity on perceived usefulness and attitudes towards AI.
Another significant indirect effect is from MR1 to usage frequency through MR2, with an
estimate of 0.055, highlighting the crucial role of formal training in translating awareness
into actual usage behavior.
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The analysis also shows a significant indirect effect of MR2 on usage frequency through
MR4, with an estimate of 0.073. This finding underscores the importance of developing
positive perceptions and attitudes towards AI, which in turn drive higher usage rates.
Although the indirect effects involving MR3 are not all statistically significant, they provide
valuable insights. For instance, the pathway from MR3 to usage frequency through MR4,
though marginally significant, suggests that concerns can negatively impact attitudes, yet
their overall influence on usage behavior is relatively weaker. This is consistent with the
findings of [51], stating that concerns about accuracy, privacy, and ethical issues induce
negative attitudes, which act as barriers to the adoption of AI tools by students.

This study’s findings are consistent with several key studies in the field of technology
acceptance and usage. For instance, the Technology Acceptance Model (TAM) has been
widely used to explain the determinants of technology acceptance and usage, emphasizing
the perceived ease of use and perceived usefulness as critical factors [81,82]. However,
our study uniquely highlights the intermediary role of access, particularly in the context
of AI tools for academic purposes. Recent studies by [82,83] have also indicated that
access to technology significantly impacts students’ perceptions and adoption behaviors,
reinforcing the importance of addressing access issues to enhance the effectiveness of AI
tools in education.

The findings of this study have significant implications for educational institutions
and policymakers. Firstly, educational institutions should prioritize the integration of AI
tools into their curricula. This can be achieved by offering targeted training programs for
both students and faculty to increase their familiarity and competence with AI technologies.
Such programs could include workshops, seminars, and online courses tailored to different
disciplines in order to ensure broad coverage and relevance.

Secondly, institutions should ensure that students have easy access to a variety of
AI tools. This could involve providing subscriptions or licenses to AI software programs
as part of the institution’s educational resources. This would limit the potential negative
socio-economic impact on students from lower-income backgrounds. Access to these tools
can be facilitated through university-provided subscriptions, partnerships with software
providers, and leveraging open-source AI tools where feasible.

The findings of this study underscore the importance of ensuring equitable access to
AI tools in higher education, particularly as the costs associated with these technologies
continue to rise. The potential shift towards more expensive AI models, driven by the in-
creasing costs of energy and development, raises significant concerns about socio-economic
disparities. Students from lower-income backgrounds may find it increasingly difficult to
afford access to the most advanced AI tools, which could exacerbate existing inequalities in
educational outcomes.

To mitigate these risks, educational institutions must prioritize providing universal
access to AI tools, ensuring that all students, regardless of their socio-economic status, can
benefit from these technologies. This could involve partnerships with software providers
to offer discounted or free licenses to students, as well as leveraging open-source AI tools
that are accessible to a broader audience. Additionally, policymakers should consider
implementing funding mechanisms, such as grants and subsidies, to support institutions
in acquiring these tools and making them available to all students.

Furthermore, institutions should develop targeted programs that address the specific
needs of lower-income students, such as providing additional training and support to
help them to effectively utilize AI tools. By taking these steps, the potential negative
socio-economic impact of AI in education can be minimized, ensuring that AI serves as a
tool for enhancing educational equity, rather than reinforcing existing disparities.

Policymakers can support these initiatives by funding improvements in technological
infrastructure and developing policies that encourage the adoption and effective use of AI
in educational settings. For example, grants and subsidies for educational institutions to
acquire AI tools and training resources can significantly enhance their capabilities.
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Furthermore, to address the observed gap in AI tool familiarity among some students,
institutions should implement targeted AI literacy programs. These programs can help
to ensure that all students, regardless of their initial level of exposure, can benefit from
AI technologies. Additionally, creating collaborative environments where students can
share their experiences and knowledge about AI tools can foster a community of practice,
enhancing the overall adoption and effective use.

By focusing on these areas, educational institutions can significantly enhance the
perceived usefulness and actual usage of AI tools, thereby improving educational outcomes
and preparing students for the evolving job market. These efforts will not only bridge the
gap in AI tool adoption, but also ensure that students are well equipped with the necessary
skills to leverage AI technologies in their future careers.

6. Conclusions

The integration of artificial intelligence (AI) in higher education is increasingly recog-
nized as a transformative force with the potential to enhance academic outcomes signifi-
cantly. However, the factors influencing university students’ adoption and utilization of
AI tools in their educational pursuits remain underexplored, particularly within specific
academic disciplines. This study addresses this gap by examining the relationships between
students’ awareness of AI tools, their access to these tools, and the perceived effective-
ness and usefulness of AI in academic settings. Focusing on economics students, who
are uniquely positioned at the nexus of technology and economic analysis, this research
provides valuable insights into how AI might be integrated into future economic practices
and educational paradigms.

The current findings reveal that, while a substantial number of students are familiar
with AI tools such as chatbots (81.3%) and AI-integrated applications like Microsoft Office
(36.1%), such awareness is not universal, with over 9% of respondents indicating no
familiarity with any AI tools. This underscores the critical importance of enhancing
awareness and addressing barriers to AI adoption. Through a rigorous methodological
approach, including Exploratory Factor Analysis (EFA), Confirmatory Factor Analysis
(CFA), and Structural Equation Modeling (SEM), this study identified significant pathways
through which awareness, training, and institutional support influence AI tool usage.
Furthermore, the expanded SEM analysis reveals significant indirect effects that further
elucidate the pathways through which awareness, training, and concerns about AI interact
to influence usage behavior. The critical role of formal training and positive attitudes
in driving AI tool adoption underscores the importance of comprehensive educational
strategies that address both the technical and attitudinal dimensions of AI integration.

The findings of this study are not only relevant to the field of economics education, but
also have broader implications across various domains where AI adoption plays a critical
role. In fields such as business, healthcare, engineering, and social sciences, understanding
the factors that influence the adoption and effective use of AI tools is essential for designing
educational programs and professional development initiatives. For instance, in healthcare,
AI tools are increasingly used for diagnostic purposes and personalized treatment plans,
making the insights from this study valuable for enhancing AI literacy and acceptance
among medical professionals. Similarly, in engineering and business, where AI is applied to
optimize processes and decision making, the identified factors can guide the development of
targeted training programs that improve the integration of AI technologies into professional
practice. Therefore, this study’s conclusions contribute not only to the academic discourse
on AI in education, but also offer practical implications for various industries undergoing
digital transformation.

However, several limitations warrant acknowledgment. Firstly, this study’s geo-
graphic focus on Romania restricts the generalizability of the findings to other regions
with different educational systems, technological infrastructures, and cultural attitudes
toward AI. Recognizing this limitation, the conclusions drawn are not intended to represent
universal AI adoption patterns but rather to provide a foundation for further research in
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diverse contexts. Future studies should incorporate a broader geographical scope in order
to enhance the external validity of the findings.

Secondly, the cross-sectional nature of this study limits the ability to draw causal infer-
ences regarding the relationships between the awareness, access, and perceived usefulness
of AI tools. While current results offer valuable preliminary insights, longitudinal studies
would be instrumental in tracking changes in AI adoption over time and in understanding
the long-term impacts of awareness and training on AI usage behavior. The dynamic
and rapidly evolving nature of AI technologies further emphasizes the need for ongoing
research that can capture these temporal changes.

The reliance on self-reported data is another limitation that may introduce response
biases, such as social desirability bias, where students might overestimate their familiarity
with or positive attitudes toward AI tools. Although anonymity was ensured to encourage
candid responses, the potential for bias cannot be entirely eliminated. Future research
should consider employing complementary data collection methods, such as observational
studies or usage analytics, to validate self-reported measures.

Moreover, while this study concentrated on economics students, due to their strategic
role in understanding the impact of AI on business and economic decision making, there is
a clear need to explore AI adoption across a wider range of disciplines. Different academic
fields may encounter unique challenges and opportunities in integrating AI, which could be
overlooked when focusing solely on a single discipline. Future research could explore how
disciplinary differences shape AI adoption, thus providing a more nuanced understanding
of the factors that influence AI integration in higher education.

In addition, although this study acknowledges the importance of institutional support
mechanisms, such as faculty training and curriculum integration, further exploration is
warranted. Understanding how these factors interact with student awareness and attitudes
could offer a more comprehensive view of AI adoption in educational settings. Expanding
research to investigate the influence of peer networks and social learning dynamics on AI
usage could also yield valuable insights, particularly given the increasingly collaborative
nature of higher education environments.

This study significantly contributes to the existing body of knowledge by providing a
detailed analysis of the factors influencing AI adoption among university students. The
findings underscore the importance of awareness, access, and positive attitudes in the
successful integration of AI tools in higher education. By highlighting both the strengths
and limitations of the current study, we pave the way for future research that can build
on these insights, offering a deeper understanding of the complex dynamics at play in AI
adoption across diverse educational contexts.

Author Contributions: Conceptualization, all authors; introduction, R.I.D. and C.V.T.; literature
review, C.V.T. and R.I.D.; data gathering (survey responses), all authors; methodology, C.T. and
R.S.; software, C.T. and R.S.; validation, C.T.; formal analysis, C.T. and R.S.; data curation, C.T.;
investigation, all authors; writing—original draft preparation, all authors; writing—review and
editing, all authors. All authors have read and agreed to the published version of the manuscript.

Funding: This work was partially funded by the European Union’s NextGenerationEU instrument
through the National Recovery and Resilience Plan of Romania—Pillar III-C9-I8, managed by the
Ministry of Research, Innovation, and Digitalization of Romania, within the project with code CF
194/31.07.2023, contract no. 760243/28.12.2023.

Data Availability Statement: Data are contained within the article.

Conflicts of Interest: The authors declare no conflicts of interest.



Electronics 2024, 13, 3632 24 of 30

Appendix A. The Survey Instrument

Section Item Assessment Type

Demographics

Age Single-choice answer

Gender Single-choice answer

Education level Single-choice answer

University affiliation
Single-choice answer, including an

open text response

Specialization
Single-choice answer, including an

open text response

Domicile type Single-choice answer

Familiarity with AI Tools Level of familiarity with AI Tools 5-point Likert scale

Known and Used AI Tools

Known AI Tools—including a variety of AI
Tools with applications in higher education

Multiple-choice answers, including an
open text response

Used AI Tools—including a variety of AI
Tools with applications in higher education

Multiple-choice answers, including an
open text response

Access to AI Tools Access to AI tools 5-point Likert scale

Subscription to AI Tools
University-provided subscriptions Yes/No

Personal subscriptions Yes/No

Frequency and Impact of AI Tool Usage

Frequency of AI tool usage in academic tasks 5-point Likert scale

Perceived impact on academic efficiency 5-point Likert scale

Perceived impact on quality of work 5-point Likert scale

Ease of use 5-point Likert scale

Training and Support
Formal training received Yes/No

Usefulness of training 5-point Likert scale

General Attitudes and Concerns

General attitudes towards AI tools 5-point Likert scale

Concerns about inaccuracy 5-point Likert scale

Concerns about cheating 5-point Likert scale

Concerns about privacy 5-point Likert scale

Integration of AI Tools
Integration into the curriculum and

academic activities
5-point Likert scale
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