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Abstract:
							                           
The perception and satisfaction of students about a virtual assistant based on OpenAI ChatGPT 3.5, integrated in 21 different subjects of the virtual campus of an online university, have been analyzed in this study. Using a mixed methodological approach, information was collected on a sample of 391 students using the validated COMUNICA questionnaire, which included four constructs: Virtual Assistant Efficiency, Learning Impact, Skill Development, and Technical and Accessibility Aspects. The analysis included descriptive statistics, inferential statistical tests, Exploratory Factor Analysis (EFA) and Confirmatory Factor Analysis (CFA), complemented by a qualitative analysis of student and teacher comments. The quantitative results highlight that the female gender values the effectiveness of the assistant more than the male gender. The CFA confirmed that the factors can be grouped under a single latent variable: student satisfaction. In addition, the efficiency of the virtual assistant was found to be the most significant factor in the perception of student satisfaction, followed by the impact on learning, skill development and technical aspects. The qualitative analysis revealed mostly positive perceptions, highlighting the usefulness of the assistant in learning, an interest in extending its use to other subjects and suggestions for improvement in the accuracy of answers and functionality. It is concluded that virtual assistants have a positive impact on higher education, optimizing autonomous learning and educational interaction, although technical and design challenges persist that limit their full potential.



Keywords: 
artificial intelligence, chatbot, ChatGPT, higher education, online teaching, technology.
		                         


Resumen:
						                           
En este estudio se han analizado la percepción y satisfacción de los estudiantes sobre un asistente virtual basado en OpenAI ChatGPT 3.5, integrado en 21 asignaturas diferentes del campus virtual de una universidad en línea. Utilizando un enfoque metodológico mixto se recopiló información sobre una muestra de 391 estudiantes mediante el cuestionario validado COMUNICA, que incluyó cuatro constructos: eficiencia del asistente virtual, impacto en el aprendizaje, desarrollo de habilidades, y aspectos técnicos y de accesibilidad. El análisis incluyó estadística descriptiva, pruebas estadísticas inferenciales, análisis factorial exploratorio (AFE) y confirmatorio (AFC), complementado con un análisis cualitativo de comentarios del alumnado y docentes. Los resultados cuantitativos destacan que el género femenino valora más la eficacia del asistente que el masculino. El AFC confirmó que los factores se pueden agrupar bajo una única variable latente: la satisfacción del alumnado. Además, la eficiencia del asistente virtual resultó ser el factor más significativo en la percepción de satisfacción del alumnado, seguido por el impacto en el aprendizaje, desarrollo de habilidades y aspectos técnicos. El análisis cualitativo reveló percepciones mayoritariamente positivas, resaltando la utilidad del asistente en el aprendizaje, un interés en extender su uso a otras asignaturas y sugerencias de mejora en la precisión de las respuestas y la funcionalidad. Se concluye que los asistentes virtuales tienen un impacto positivo en la educación superior, optimizando el aprendizaje autónomo y la interacción educativa, aunque persisten desafíos técnicos y de diseño que limitan su potencial completo.



Palabras clave: inteligencia artificial, chatbot, ChatGPT, educación superior, enseñanza en línea, tecnología.
                                








INTRODUCTION




General context


In recent years, online education has experienced significant growth, driven by technological advances and the increasing demand for flexible and accessible learning modalities (Pokhrel & Chhetri, 2021). The COVID-19 pandemic accelerated the adoption of digital technologies in education, highlighting the need for innovative solutions to maintain the quality and continuity of distance learning through virtual mobility (Ruiz-Corbella & García-Aretio, 2023).


Chatbots are conversational agents, or “virtual assistants”, created by software that use artificial intelligence to simulate human conversations; they have emerged as promising tools in the educational context (Labadze et al., 2023). The ability of these virtual assistants to provide immediate and personalized assistance makes them valuable tools for enhancing the online educational experience.

In this scenario, where there is a clear relationship between self-regulated learning and academic performance (Cheng et al., 2023), virtual assistants have been used to address frequent queries, offer technical support and provide basic academic guidance, helping to alleviate the workload of faculty and administrative staff (Dwivedi et al., 2021; Thottoli et al., 2024).





State of the art


The application of artificial intelligence in education has been extensively discussed (Chen, Chen & Lin, 2020), as well as more specifically in higher education (Wang et al., 2023). The implementation of these virtual assistants in higher education has generated academic interest and debate (Hwang & Chang, 2023; Perez et al., 2020; Peters et al., 2024) because of their potential to improve interaction between students and their educational institutions. These tools can offer real-time support, answer frequently asked questions, provide personalized learning resources, and facilitate communication, especially in online courses where human interaction may be limited (Okonkwo & Ade-Ibijola, 2021).

The implementation of virtual assistants in educational environments has demonstrated multiple benefits according to recent academic literature (Kuhail et al., 2023; Perez et al., 2020). In terms of access and availability, virtual assistants provide educational support without time constraints, allowing students to access resources and assistance at any time. This is particularly valuable for students with unconventional schedules, or in different time zones with respect to the teacher (Winkler & Soellner, 2018).

Personalization of learning is another aspect that has been analyzed (Pérez-Marín, 2021). Virtual assistants can adapt their interaction according to the level of knowledge and learning pace of each student, with results indicating significant improvements in information retention when a personalized approach is used. They also enable greater efficiency in teaching management by reducing the workload of teachers, allowing them to focus on more complex pedagogical tasks (Chen, Xie et al., 2020; Onal & Kulavuz-Onal, 2024).

Educational virtual assistants present a number of challenges in their implementation, ranging from technical to pedagogical and ethical issues (Hwang & Chang, 2023). Among the technical challenges are limited technical functionality to handle variations in questions, and the need for continuous training to improve their performance (Okonkwo & Ade-Ibijola, 2021)

Another technical difficulty is to mimic human language in an authentic and natural way. Virtual assistants must be able to construct coherent conversations based on previous messages, which is complex; however, since the release of OpenAI ChatGPT (Adiguzel et al., 2023), there has been not only a qualitative but also a quantitative leap in terms of commercialization and popularization of Large Language Models(LLM’s) (Han et al., 2021; Tamkin et al., 2021), which are part of deep learningin neural networks (Perrotta & Selwyn, 2020), and this in turn in the field of machine learning, which belongs to artificial intelligence.

The effectiveness of virtual assistants in educational environments (Al-Emran et al., 2024) depends on several key factors: The efficiency of the virtual assistant, their actual impact on the learning process, their contribution to the development of specific skills, and the technical and accessibility challenges they present are determinants of student satisfaction. Understanding how these factors influence the educational experience is crucial to optimize the design and implementation of these tools in online education.





Objective


This study aims to analyze the satisfaction of students in an online university with a virtual assistant implemented on campus through an interface to OpenAI ChatGPT (Adiguzel et al., 2023; Tlili et al., 2023) in 21 different virtual classrooms in 13 different university studies. ChatGPT was chosen because it was considered the LLM with the easiest to develop virtual campus integration and because of its recognition and acceptance by the general public (Zhao et al., 2023).

Through a validated and reliable questionnaire and an inferential statistical analysis, differences by gender, age group or academic center are sought in relation to the four constructs studied: efficiency of the virtual assistant, impact on learning, development of skills, and technical and accessibility aspects.

Relationships of these constructs with student satisfaction are also sought by confirming a proposed factor model.

Additionally, the comments provided by the students are analyzed.







METHODOLOGY




Source


The present research uses a mixed (mostly quantitative) non-experimental, cross-sectional, descriptive and inferential methodology. The sample of students (n=391) used in this study was obtained through non-probabilistic convenience sampling, facilitated by the collaboration of 21 teachers from 5 academic centers of a Spanish online university that provided access to a population of N=3,419 students. A first teacher and researcher provided access to his students as a pilot in the first Applied Teaching Innovation Project (PIDA, Proyecto de Innovación Docente Aplicada) to obtain, through a structured questionnaire, information on the use of a virtual assistant with artificial intelligence integrated in the online campus of his subject. This first PIDA was entitled "Primus: first AI virtual assistant in the PROEDUCA group".

Following the pilot, the academic coordinators of all university departments were contacted to distribute a request for collaboration in a new PIDA entitled “Evaluation of the impact of an artificial intelligence virtual assistant on the learning experience of university students in an online educational environment”. From the teachers who responded, the 20 teachers with the largest number of students were selected and they provided this PIDA with direct access to their classrooms and students.

As for the pedagogical methodology and the means used, in addition to the implementation of the virtual assistant on the campus, no additional management, control or coordination was carried out in the different classrooms, with each teacher maintaining his or her academic freedom.





Instrument



Student questionnaire


As a research instrument to gather information from students, the structured questionnaire COMUNICA (Questionnaire of Opinion on the Management and Use of New Assisted Conversational Interfaces) was designed. This instrument, as shown in Table 1, consists of four items (Hair et al., 2019) for each of its four constructs: Virtual Assistant Efficiency, Learning Impact, Skill Development, and Technical and Accessibility Aspects. Each item includes a 5-value Likert scale, with 1 being equivalent to strongly disagree and 5 to strongly agree. All items are formulated in the affirmative (Haladyna et al., 2002) but, to avoid bias, half of the items (those numbered 3 and 4) were included with an opposite sense to the construct, so these items require scale inversion. An optional comments field was included at the end of the questionnaire. The instrument received a positive evaluation of suitability by the Research Ethics Committee of the online University, with reference UNIR CEI 101/2023.




Table 1




Items and constructs of the COMUNICA questionnaire









	





	
Construct

	
Item id.

	
Item




	Virtual Assistant Efficiency
	E1
	The AI virtual assistant helped me better understand the concepts of the subject.



	E2
	The AI virtual assistant provided information and examples that were relevant and applicable to the subject topics.



	E3
	The answers provided by the AI virtual assistant were difficult to comprehend.



	E4
	The AI virtual assistant provided inaccurate or irrelevant answers to my queries related to the subject.



	Learning Impact
	IM1
	The AI virtual assistant encouraged me to explore and learn autonomously beyond the contents of the subject.



	IM2
	Using the AI virtual assistant helped him to better understand the concepts of the subject.



	IM3
	The AI virtual assistant failed to clarify my doubts and questions related to the subject



	IM4
	The AI virtual assistant made it difficult for me to understand concepts in the subject.



	Skills Development
	D1
	The use of the AI virtual assistant prompted me to develop and apply critical thinking on the topics of the subject.



	D2
	Using the AI virtual assistant helped me improve my research and information-seeking skills.



	D3
	Interacting with the AI virtual assistant made it difficult to develop my ability to solve problems related to the subject.



	D4
	The AI virtual assistant made it difficult for me to practically apply the knowledge acquired in the subject.



	Technical and Accessibility Aspects
	A1
	Accessing the AI virtual assistant through the campus was simple and enjoyable.



	A2*
	When technical issues arose with the AI virtual assistant, they were quickly resolved.



	A3
	The AI virtual assistant's interface was complex and difficult to use.



	A4
	I encountered technical issues in using the AI virtual assistant.















Source: elaborated by the author.

Note:  *: Item A2 was finally eliminated due to reliability optimization criteria.








Within the first PIDA the instrument was validated by 6 experts, and subsequently a pilot was carried out with 66 students of the Physics I course of the Physics Degree of the University in the first term of the academic year 2023/2024, in which the only researcher of that first PIDA was also the teacher. The questionnaire for this pilot obtained responses from 17 students.

At the beginning of the second quarter of the same academic year, the second PIDA was carried out with the collaboration of 20 teachers from 5 of the 6 University centers (see Table 2): the Faculty of Health Sciences, the Faculty of Law, the Faculty of Business and Communication, the Faculty of Education, and the School of Engineering and Technology. The only academic center not present was the Faculty of Social Sciences and Humanities, from which there were no teachers with a sufficient number of students to be selected for the PIDA. A total of 374 students responded to the questionnaire for this second PIDA.




Table 2




Academic centers, studies and subjects involved in the research of the second PIDA









	





	
Teacher

	
Academic Center

	
Study

	
Year

	
Subject




	1
	Faculty of Education
	Bachelor's Degree in Primary Education
	3
	Knowledge of Social Sciences in Primary Education



	2
	Faculty of Education
	Bachelor's Degree in Primary Education
	3
	Knowledge of Social Sciences in Primary Education



	3
	Faculty of Education
	Bachelor's Degree in Primary Education
	3
	Didactics of Physical Education in Primary Education



	4
	Faculty of Education
	Bachelor's Degree in Early Childhood Education Teaching
	2
	Music education and its didactics



	5
	Faculty of Education
	Bachelor's Degree in Primary Education
	3
	Morphosyntax and Semantics of the English Language



	6
	Faculty of Education
	Bachelor's Degree in Primary Education
	2
	Music Education and its Didactics



	7
	Faculty of Education
	Bachelor's Degree in Primary Education
	2
	Mathematics Teaching in Primary Education



	8
	Faculty of Education
	Bachelor's Degree in Primary Education
	1
	Information Technologies Applied to Education II



	9
	Faculty of Education
	Bachelor's Degree in Early Childhood Education Teaching
	2
	Information Technologies Applied to Education I



	10
	Faculty of Education
	Bachelor's Degree in Early Childhood Education Teaching
	1
	Education and Coexistence Inside and Outside the Classroom



	11
	Faculty of Education
	Master's Degree in Teacher Training for Secondary Education, High School, and Vocational Education
	1
	Learning and development of the adolescent's personality



	12
	Faculty of Education
	Master's Degree in Teacher Training for Secondary Education, High School, and Vocational Education
	1
	Learning and development of the adolescent's personality



	13
	Faculty of Business and Communication
	Bachelor's Degree in Finance and Accounting
	1
	Microeconomics



	14
	Faculty of Business and Communication
	Bachelor's Degree in Business Administration
	1
	Personal and organizational communication



	15
	Faculty of Business and Communication
	Master in Digital Marketing
	1
	Mobile Marketing



	16
	Higher School of Engineering and Technology
	Master in Renewable Energies
	1
	Hydraulic and Geothermal Energy



	17
	Higher School of Engineering and Technology
	Master in Renewable Energies
	1
	Sea Energy



	18
	Faculty of Law
	Bachelor's Degree in Law
	1
	Fundamentals of Public Law



	19
	Faculty of Law
	Master's Degree in Access to the Legal Profession and the Attorney General's Office
	1
	Contentious-administrative procedural practice



	20
	Faculty of Health Sciences
	Master in Clinical Neuropsychology
	1
	Neuropsychological Rehabilitation















Source: elaborated by the author.








The 20 teachers in the second PIDA were trained by the principal researcher on the virtual assistant, who was also responsible for the configuration of the assistant in each subject. These teachers explained the PIDA to their students, informing them of the limitations of the assistant, including the possibility of biases and errors, and encouraged them to use their critical judgment and to search for confirmation from the teacher, or additional sources, when deemed necessary. At the end of their teaching, they provided their students with the questionnaire designed by the principal researcher, collecting a total sample of 374 responses in the second PIDA, which added to the 17 from the first PIDA constituted 391 total responses.

The data collected from the questionnaire were studied using descriptive statistics. After testing the internal consistency of each construct (Cronbach, 1951), the possible differences due to gender, age groups, and different academic centers in each of the four constructs were analyzed by means of inferential statistics.

 After verifying the adequacy of sampling for factor analysis, an Exploratory Factor Analysis (EFA) was performed as a preliminary and key step to identify underlying structures, as it allows detecting latent variables reflecting theoretical constructs relevant to the topic of study (Hair et al., 2019). This exploratory approach was necessary due to the initial absence of a clear initial hypothesis on factor structure, which required an exploration of the data before attempting to validate a proposed theoretical model. The tool used to develop the descriptive, inferential and EFA statistical analysis was IBM SPSS 29.0.2.

The EFA results were used to determine the number of dimensions, which provided a solid basis for the subsequent Confirmatory Factor Analysis (CFA) (Brown, 2015; Kline, 2023). The tool used for the development of the CFA was e1 R 4.4.2 programming language with the lavaan 0.6-19 library (Rosseel, 2012).

In order to minimize the impact of non-normality in the data (Curran et al., 2003) an Asymptotic Distribution-Free (ADF) estimation with a bootstrapping of 5000 resamples (Yung & Bentler, 1994) was employed in the AFC. This estimator is also known as Weighted Least Squares (WLS) in some tools, such as the R language lavaan library.

The four goodness-of-fit employed in the CFA and their respective cutoff values were: the Tucker-Lewis index TLI>0.95 (Hu & Bentler, 1999), the Standardized Root Mean Square Residual SRMR< .1 (Kline, 2023), the Comparative Fit Index CFI>.95 (Hu & Bentler, 1999), and the Root Mean Square Error of Approximation RMSEA<.05 (Browne & Cudeck, 1992).

Finally, the responses to the optional comments field available at the end of the questionnaire were analyzed in order to study the students' opinions in a qualitative way. First, the overall sentiment of the comments was evaluated with machine learning sentiment analysis techniques (Nandwani & Verma, 2021) using the R 4.4.2 programming language and the SentimentAnalysis library.

Secondly, to capture in a contextualized way the complexity of the perceptions, from technical aspects to ethical implications, a qualitative methodology with an inductive approach based on open coding and thematic categorization was employed. The data came from the corpus of 185 student comments, and three phases were followed:




	
Initial coding: An iterative reading of the comments was carried out to identify emerging concepts, using the grounded theory technique (Glaser et al., 1968) to avoid predefined biases.



	
Thematic grouping: The codes were organized into categories and subcategories through a process of constant comparison, prioritizing recurrence and pedagogical relevance.



	
Cross-validation: The internal consistency of the categories was verified by triangulation between two researchers, ensuring that each comment was assigned to the most accurate subcategory.








 Virtual assistant


Pedagogically, the virtual assistant takes the role of an assistant and coach, with an interaction chosen and initiated by the student (Pérez-Marín, 2021), who must select a link on the campus to display a window (an iframe in HTML language) integrated in the subject of the online campus.

The Application Programming Interface (API) of an LLM, namely OpenAI ChatGPT 3.5, was used. The student interface was integrated into the online campus of their respective subjects, see Figure 1. The virtual assistant template for the subjects was adjusted using the LLM API so that the LLM's temperature hyperparameter, which controls their level of creativity, was kept to a minimum, in order to reduce the possibility of hallucinations in student responses (OpenAI, n. d.).
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Figure 1



Example of integration of the virtual assistant in the online campus for a subject








Source: elaborated by the author.








Prompt engineering settings (White et al., 2023) were employed to configure the virtual assistant's LLM in its functions towards the specific knowledge domain of the corresponding subject, as well as to minimize the possibility of hallucinations and encourage self-directed learning (Chang et al., 2023). The wording of the text in request engineering is key to the quality of responses (Liu et al., 2024), and in this study the following template was implemented for all 21 virtual assistants:



"You are a virtual assistant for the students of the subject________ in the undergraduate/master's degree __________.

 Your goal is to enrich student learning through accurate, applicable and well-founded answers, while promoting intellectual curiosity and self-directed inquiry.

When responding, be sure to follow the guidelines below:




	1. 
						Base your answers on established academic principles and theories, citing relevant examples of real-life applications where possible.

	2. 
						Prioritize accuracy and academic relevance, avoiding unsubstantiated speculation.

	3. 
						Whenever possible, include case studies related to the topic in question, to facilitate understanding and application of the knowledge presented.

	4. 
						When providing statistical information or data, clarify the context and source of such information, and be transparent about the reliability and limitations of the data.

	5. 
						If a question is beyond the scope of your training or is too specific to be answered accurately, guide the user to consult with their teacher.

	6. 
						For questions involving multiple interpretations or approaches, present a spectrum of academic perspectives, highlighting the diversity of opinions and conclusions.

	7. 
						Use clear, formal language, appropriate for an academic context, explaining any subject-specific jargon."














RESULTS




Descriptive statistical analysis


Of the total students enrolled N=3.419 in the 21 subjects, 11% responses were obtained, with a sample (n=391) in which the gender distribution was 68% female, 32% male, and 0% other genders.

As for the different age generations, the distribution was as follows: born before 1964 (Baby Boomers) 1%, between 1965 and 1980 (generation X) 25%, between 1981 and 1996 (generation Y) 52%, and after 1997 (generation Z) 23%.

The student body of the sample was distributed in 5 of the 6 academic centers of the University. In the Faculty of Education 57%, in the Faculty of Business and Communication 20%, in the Faculty of Health Sciences 10%, in the School of Engineering and Technology 7%, and in the Faculty of Law 6%.


Figure 2 shows that there is a clear lack of normality in the distribution of the results. This last aspect is corroborated by a normality test (Anderson & Darling, 1952) on the four constructs: AE=17.35, AD=15.08, AI=15.90, AA=18.20, p<.001. A box plot of the questionnaire results for the four constructs shows distributions with a certain similarity; in addition, it can be seen that the four medians are found to be at a value of 4.5.
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Figure 2



Box plots of constructs








Source: elaborated by the author.












Inferential statistical analysis



Analysis of constructs according to gender, age groups and academic institution


For the construct of Virtual Assistant Efficiency, there is a higher rating in the female group, MD
f=4.50, versus the male group, MD
m=4.25, which by means of a median test for independent samples turns out to be significant p=.07 (α=.05). Furthermore, according to a Mann-Whitney test U(n
f=271, n
m=120, df=1, p=.03)=14.142.5 (non-parametric test for comparison of independent distributions) the null hypothesis that both distributions are equal between the two gender categories can be rejected. The effect size turned out to be small (Cohen, 2013; Hattie, 2023) with d=.22 as a measure of effect size that quantifies the difference between the means of two groups in standard deviation units, allowing to assess the practical magnitude of such a difference. For this same construct, and using Kruskal-Wallis tests (non-parametric comparison of independent distributions), no statistically significant differences were found between age groups H(n
BB=3, n
X=97, n
Y=202, n
Z=89, df=3, p=.42)=2.69, or between academic centers H(n
Education=224, n
Business=77, n
Health=40, n
Law=22, n
Engineering=28, df=4, p=.21)=6.73.

Regarding the construct Skill development and gender, no statistically significant differences were found between genders according to a Mann-Whitney test U(n
f=271, n
m=120, p=.89)=13.58.

For this same construct, and using Kruskal-Wallis tests, no statistically significant differences were found between age groups H(n
BB=3, n
X=97, n
Y=202, n
Z=89, df=3, p=.16)=5.23, or between academic centers H(n
Education=224, n
Business=777, n
Health=40, n
Law=22, n
Engineering=28, df=4, p=.23)=6.42.

Analyzing the Impact on Learning construct, no statistically significant differences were found between genders according to a Mann-Whitney test U(n
f=271, n
m=120, p=.28)=15.12.

For this same construct, and using Kruskal-Wallis tests, no statistically significant differences were found between age groups H(n
BB=3, n
X=97, n
Y=202, n
Z=89, df=3, p=.16)=5.83, or between academic centers H(n
Education=224, n
Business=777, n
Health=40, n
Law=22, n
Engineering=28, df=4, p=.19)=7.59

Finally, for the Technical Aspects and Accessibility construct, no statistically significant differences were found between genders according to a Mann-Whitney test U(n
f=271, n
m=120, p=.10)=15.72.

For this same construct, and using Kruskal-Wallis tests, no statistically significant differences were found between age groups H(n
BB=3, n
X=97, n
Y=202, n
Z=89, df=3, p=.79)=1.52, or between academic centers H(n
Education=224, n
Business=777, n
Health=40, n
Law=22, n
Engineering=28, df=4, p=.07)=9.89.


Validation, adequacy of sampling and reliability


For the validation of the instrument, the Scale Content Validity Index (S-CVI) was applied to evaluate the relevance and representativeness of the questionnaire items according to the 6 experts, reaching a high average S-CVI/Ave=99.31. In addition, an S-CVI/UA of 95.83% shows that a considerable proportion of items received unanimous agreement from the experts. These index values exceed the commonly accepted levels for confirming content validity (Haynes et al., 1995; Polit et al., 2007).

The adequacy of sampling for factor analysis has been verified from three perspectives. Firstly, a Kaiser-Meyer-Olkin test, obtaining a KMO=.946 which can be considered excellent (Kaiser, 1974). Secondly, a sphericity test (Bartlett, 1954) χ²=4543.25, gl=105, p<.001 was passed. And thirdly, an analysis of the correlation matrix was performed, resulting in r12=.59.

In this last analysis, the choice of a Promax rotation was consistent with the results of the correlation matrix, where the correlation is moderate, so the use of an oblique rotation is appropriate for this analysis, given that the factors are not orthogonal: The moderate correlation between components 1 and 2 (.59) may reflect a significant relationship between them, and they share approximately 35% of their variance, but they are not perfectly redundant.

The feasibility of the reliability analysis by Cronbach's alpha is supported by two aspects. First, by the existence of an eigenvalue 8.80>3 (Yurdugül, 2008), and secondly by a sample size that exceeds the minimum 141<n=391 (Bonett, 2002). This minimum has been obtained starting from a Cronbach's alpha value in the null hypothesis CA0=.7, an expected value CA1=.8, a power of 90%, a type I error probability α=.05, and four items per construct.

Analyzing the reliability of each of the four constructs (see Table 3), it can be seen that they have obtained Cronbach's alphas equal to or higher than .8, indicating a level of internal consistency adequate for basic research (Nunnally, 1978). Additionally, none of them exceeds a Cronbach's alpha of .9, which could indicate an unnecessary level of redundancy between items (Streiner, 2003).




Table 3




Cronbach's alphas of the COMUNICA questionnaire constructs









	





	
Construct

	
Items per construct (initial)

	
Initial Cronbach's Alpha

	
Item to remove to improve Alpha

	
Final Cronbach's Alpha

	
Items per construct (final)




	Virtual Assistant Efficiency
	4
	.82
	None
	.82
	4



	Skills development
	4
	.82
	None
	.82
	4



	Learning Impact
	4
	.80
	None
	.80
	4



	Technical and Accessibility Aspects
	4
	.79
	A2
	.80
	3















Source: elaborated by the author.








In the case of the Technical and Accessibility Aspects construct, it improves its Cronbach's alpha from CAA=.79 to CAA=.80 when item A2 is removed, so this item is removed from the rest of the analysis and this construct is left with the remaining 3 items. This value of 3 items per construct is sufficient for research (Hair et al., 2019) and compatible with the minimum sample size for 3 items per construct, 159<n=391 (Bonett, 2002).





Exploratory Factor Analysis


In a new exploratory factor analysis of 15 items of the instrument, not having previously established a theoretical framework that can explain correlations between factors, the principal components are studied with a Promax rotation, to obtain a simple and interpretable factor structure. Of these 15 items analyzed, two eigenvalues greater than 1 (8.80 and 2.09) were obtained, which explain a total accumulated variance of 58.13% and 71.27% respectively.




Table 4




EFA standard matrix









	





	
Item

	
Component




	
1

	
2




	A3
	.85
	-.04



	A4
	.83
	-.03



	D4
	.83
	.06



	I4
	.84
	.04



	E3
	.82
	-.02



	D3
	.80
	.02



	E4
	.77
	.02



	I3
	.74
	-.02



	D1
	-.12
	.92



	E1
	.02
	.85



	I1
	-.02
	.84



	I2
	.04
	.85



	D2
	.01
	.86



	E2
	.04
	.85



	A1
	.23
	.63















Source: elaborated by the author.









Table 4 shows the standard matrix, obtained in 3 iterations, which adjusts the factor loadings considering the correlation between components by using a Promax oblique rotation with Kaiser normalization. Two components can be clearly seen in it. In the first component the eigenvalue is equal to 8.80. This component contains all 8 items that were originally formulated with a negative association to their respective construct. They are easily recognizable by their numbering in the respective construct, with numerical identifier 3 or 4; their original Likert-scale data required a reversal for data processing.

As for the second component, it has an eigenvalue equal to 2.09. This component contains the 7 items that were formulated with a positive association to their respective construct. They are easily recognizable by their numbering in the construct with numerical identifier 1 or 2.

It is considered that this double component structure, separating questions with positive and negative associations, is nothing more than an effect of the method, that is, it has been produced by the tendency of the items formulated positively or negatively to be grouped into factors separated not by their actual content, but by the format in which they are formulated. Figure 3 shows the rotated space component plot. Responses to negative and positive items tend to load different components, even when both types of items purport to measure the same constructs (Marsh, 1996; Roszkowski & Soven, 2010). Due to this effect, it is estimated that a factor structure with a mirror reflection of the same component has been obtained, with only one differentiated real dimension that allows explaining a total of 71.27% of the variance.
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Figure 3



Components graph in rotated space








Source: elaborated by the author.












Confirmatory Factor Analysis



Figure 4 shows the model developed in the CFA, in which "Student satisfaction" has been defined as the main latent variable, which is reflected through the four observed variables: Efficiency of the virtual assistant, impact on learning, development of skills, and technical accessibility aspects. Each of these factors has been found to be associated with a factor loading (.95, .94, .91 and .89 respectively), showing the strength of the relationship between the latent variable and the observed indicators. In addition, each indicator includes an associated error term (εE, εI, εD and εA), with specific error variances (.10, .12, .17 and .20 respectively).
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Figure 4



Confirmatory Factor Analysis Model








Source: elaborated by the author.








On the other hand, the minimum sample size to perform this CFA, 30<n=391 (Wolf et al., 2013), with one latent variable and four factors with loadings λ≥.80, is exceeded.

As for the goodness-of-fit indices, the Tucker-Lewis index obtained is greater than 0.95 (Hu & Bentler, 1999) with TLI=0.97. The SRMR value obtained=.05. is lower than .09 (Hu & Bentler, 1999) and .1 (Kline, 2023). In the Comparative Fit Index, the CFI=.98>.95 (Hu & Bentler, 1999). Finally, an RMSEA index=0.04<0.05 (Browne & Cudeck, 1992). All the indicated indexes confirm the correctness of the fit.

Although the value of χ2/gl=1.63< 2 with p=.16> .05 may seem correct, it is only stated for information purposes only, as its use as a goodness-of-fit index is inadvisable (Brown, 2015;   Wheaton, 1987).





Qualitative analysis


Of the students who participated by answering the questionnaire (n=391), 47% (ncom=185) included their comments and suggestions in an optional field reserved for this purpose at the end of the questionnaire. The sentiments (Nandwani & Verma, 2021) of the 185 comments were analyzed with machine learning using the SentimentAnalysis library (Feuerriegel & Pröllochs, 2023) in the R 4.4.2 programming language, using the SentimentQDAP index. The result was mostly positive with a SentimentQDAP index=66%, where its original output range [-1.1] has been converted to [0.100], with 0% being totally negative, and 100% being totally positive.

Using an inductive approach based on open coding and thematic categorization, the categories and subcategories shown in Table 5, which includes a representative example of each, were obtained. Except for the “Other comments” category that includes acknowledgements without critical evaluation or neutral generic comments, the three most frequent subcategories and categories were: “Positive comments” of “General perception” (17%), “Academic support” in “Impact on learning” (10%), and requests for “Integration in other areas” such as “Suggestions for improvement” (8%).




Table 5




Categories and subcategories of comments









	





	
Category

	
Subcategory

	
Number of comments

	
Percentage

	
Representative example




	1. General perception
	1.1. Positive feedback
	32
	17%
	
"Excellent tool, congratulations."




	1.2. Negative comments
	7
	4%
	
"The chatbot is completely useless."




	1.3. Neutral comments
	5
	3%
	
"It's useful, but it doesn't replace the teacher."




	2. Functionality and usability
	2.1. Ease of use
	12
	6%
	
"Intuitive and easy to use."




	2.2. Accuracy of responses
	9
	5%
	
"Sometimes it gives erroneous or confusing information."




	2.3. Technical errors
	4
	2%
	
"It does not allow you to save a history of sessions."




	3. Impact on learning
	3.1. Academic support
	18
	10%
	
"It clarifies complex scientific concepts."




	3.2. Limitations
	8
	4%
	
"It does not solve practical problems, only theoretical ones."




	4. Comparison with other tools
	4.1. Virtual assistant vs. ChatGPT4
	6
	3%
	
"ChatGPT4 gives more complete answers."




	4.2. Competitive advantages
	3
	2%
	
"It is adapted to the specific syllabus."




	5. Suggestions for improvement
	5.1. Extension of functionalities
	10
	5%
	
"Include graphics or links to external resources."




	5.2. Training and support
	5
	3%
	
"Offer tutorials to use the tool."




	5.3. Integration into other areas
	14
	8%
	
"Implement it in all subjects."




	6. Educational innovation
	6.1. Acceptance of AI
	9
	5%
	
"It's the future of education."




	6.2. Resistance or concerns
	3
	2%
	
"It encourages laziness in some students."




	7. Other comments
	
	40
	22%
	
"Thank you for the tool" (acknowledgements without critical evaluation) or "All good" (neutral generic comments).
















Source: elaborated by the author.














DISCUSSION




Analysis of results



 Inferential statistical analysis


A statistically significant higher evaluation of the efficiency of the virtual assistant by the female gender was found. Differences in expectations and perceptions between genders may have influenced the evaluation of the efficiency of the virtual assistant, however the result is the opposite of that indicated by some authors (Cai et al., 2017), for whom the male gender shows a more favorable attitude towards the use of technology than the female gender, although with smaller differences.

After finding a single component in the EFA, and proposing student satisfaction as a latent variable, it can be affirmed that all the goodness-of-fit indices of the AFC indicate that the proposed model is acceptable, and therefore there is convergence of the model with the data. The CFA model suggests that “Virtual assistant efficiency” is the most significant indicator of satisfaction, while “Technical and accessibility aspects” have the lowest relationship. This model allows to evaluate the relative contribution of satisfaction to each factor according to the data and the proposed model.

The factor loadings found are within the range .5 and .95 (Bagozzi & Yi, 1989), specifically .89<λ<.95 p<.001, suggesting that the measured factors are mostly explained by the latent variable, student satisfaction. It is recommended (Hair et al., 2019) that the standardized factor loadings are greater than .7; this implies that the variance explained by the factor (communality) is at least 50% of the total variance of the variable, which in turn means that the uniqueness (error variance) is ε  <.5, indicating that the observed factors are adequately represented by the latent variable (Hair et al., 2019). These criteria ensure that the latent variable explains a significant proportion of the variance in the observed variables, confirming the validity of the model.


 Qualitative analysis


The sentiment analysis using machine learning yielded a mostly positive value (66%). To obtain a more complete picture, the inductive analysis shows that, in terms of the suggestions and opinions expressed by the students in the comments field of the questionnaire, among the three most commented aspects, the usefulness and contribution to learning was found in first place. Most of the students highlight that the AI virtual assistant is a very useful tool that has helped them to understand complex concepts, solve doubts quickly and improve their learning process in the subjects.

The second most commented aspect was the desire for implementation in other subjects. Many students expressed their interest and the need for the assistant to be incorporated into other subjects, considering that its use would be beneficial and would increase the effectiveness of their study in general.

The third most frequent aspect included observed limitations and suggestions for improvement. Some students noted areas of improvement for the virtual assistant, such as improving and accuracy and depth of responses, incorporating clearer examples, better guidance on how to use the tool effectively, and the ability to maintain conversation history, a functionality not present in the implementation conducted.

In some cases, they also expressed that the effectiveness of the virtual assistant was limited because they lacked more guidance on how to use the tool. In addition, some felt that the virtual assistant did not replace the value of critical thinking and interaction with teachers.

In general, the students' comments reflect a mostly positive perception of the virtual assistant as a complement in the educational process, recognizing its benefits, but also pointing out areas where it can be improved to maximize its learning potential. This mostly positive feeling in the comments is reflected in the quantitative analysis of feelings, and in the qualitative analysis of the 185 comments received in the COMUNICA questionnaire.

Although the clearly positive comments (17%) clearly outnumber the negative ones (4%), there were some qualified acceptances because it was perceived as a complement, not a replacement, for human interaction (“it does not replace the teacher”). In addition, 10% of the comments were related to the impact on learning in the academic support provided by the virtual assistant. Finally, the majority of suggestions (8% of all comments) requested the extension of the assistant's existence to all subjects of the students' studies. Overall, the qualitative analysis underscores the need to balance technological advances with student-centered pedagogies, ensuring that AI in education prioritizes academic rigor and accessibility.





Research limitations


This study employs non-probability convenience sampling, which limits the generalizability of the results. For future work, probability sampling and designing strategies to balance the sample by gender would be considered, the latter, although representative of the studies, is unbalanced with 68% women. In addition, a longitudinal analysis would enrich the understanding of the sustained effect of the tool on student learning and satisfaction. For this reason, a line of future research could be a longitudinal analysis to follow-up at various stages, which would certainly increase the robustness of the findings and offer a dynamic vision.

It was not possible to implement functions that would allow a subsequent learning analysis (Learning Analytics) (Chang et al., 2023), so in future implementations this feature should be included in order to extract more information about the use of the tool by the students, such as number of sessions, session duration, etc.

During the second term of the academic year 2023/2024, in the execution of the second PIDA with the 20 teachers involved, version 4 of ChatGPT (Peters et al., 2024) was already available, so some students made comparisons and found that in most cases the response with direct access to this version was more thorough than with version 3.5 implemented in the virtual campus for the assistant.

No specific mechanisms were incorporated to control for other external variables (e.g., socioeconomic conditions, previous experience with digital technologies, or other environmental factors) that could influence the perception of the virtual assistant. Future research could explore designs that allow for the control or inclusion of a greater number of covariates, as well as the use of statistical methods (e.g., multivariate analysis or structural modeling) to mitigate the impact of possible external variables.

The 20 teachers of the second PIDA were contacted in unstructured interviews, but no qualitative or quantitative research on their opinions was formally developed due to time constraints. These interviews mainly highlighted the need for greater customization in the configuration of the virtual assistant to adapt it to the particular characteristics of each subject, in order to improve the accuracy of their responses

For future research, it might be advisable to create a questionnaire as an additional structured instrument to collect the perceptions of teachers involved in the development of the assistant in their classrooms, which will provide valuable information in addition to that of the student body (Kasneci et al., 2023).





Conclusions


This study confirms the relevance and effectiveness of artificial intelligence-based virtual assistants in the field of online higher education, highlighting both their benefits and the challenges of their implementation, not only in a given field of knowledge (Polverini & Gregorcic, 2024; Taani & Alabidi, 2024; Vierhauser et al., 2024; Wardat et al., 2023) but for 21 different university degrees from different centers in an online university.

First, the quantitative findings show that the female gender has rated the efficiency of the virtual assistant more highly. Males and females differ significantly in how they perceive the usefulness and usability of technological tools, and in particular, women tend to be more influenced by social factors and to have different expectations about the usefulness of technology compared to men, which may be the reason for the higher valuation of the efficiency of the virtual assistant by the female gender. While the male gender only considers factors related to productivity, the female gender takes into account various aspects, including productivity as well, when making decisions about technology adoption and use (Venkatesh & Morris, 2000).

The results of the CFA underline that the efficiency of the virtual assistant is the most significant factor in the students' perception of satisfaction. This aspect is closely linked to the virtual assistant's ability to provide accurate and relevant answers, this reinforces its role as a support tool in autonomous learning, which is in agreement with Følstad & Brandtzæg (2017)


Likewise, the results of the confirmatory factor analysis show that the factors associated with the impact on learning, skill development, and technical and accessibility aspects also contribute significantly to the perceived usefulness of the virtual assistant, although to a lesser extent. These dimensions reflect both the pedagogical potential of virtual assistants and the importance of their technical design to ensure an optimal user experience (Bahrini et al., 2023).

However, in addition to analyzing the potential of virtual assistants (Grassini, 2023) this work also novelly identifies key limitations, such as significant differences in perceived assistant efficiency among students of different genders, as well as the lower significant correlation of technical and accessibility aspects with overall satisfaction. This indicates the need to further explore how to optimize these tools to ensure an equitable and accessible experience for all users.

On the other hand, the qualitative analysis is consistent with previous studies highlighting the relationship between artificial intelligence tools and improved autonomous learning (Ait Baha et al., 2024).

Finally, this study contributes to the existing literature by providing empirical evidence on the implementation and impact of virtual assistants in educational contexts (Motlagh et al., 2023). The findings have practical implications for academic institutions, educational technology developers, and policy makers, who will be able to make more informed decisions on how to integrate these tools effectively and sustainably into teaching and learning processes (Dempere et al., 2023).
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Asistente virtual (IA ChatGPT)

2Por qué el coeficiente de rozamiento de una rueda que no desiiza es el cosficiente de rozamiento
estético y no el dinamico?

X

‘Cuando una rueda no desiiza, significa que a velocidad de desiizamiento entre la rueda y la
superfcie es cero. En este caso, el coeficiente de rozamiento que debemos considerar es el
‘coeficiente de rozamiento estatico y no el coeficiente de rozamiento dingmico.

€l coeficiente de rozamiento esttico es el valor méximo de fuerza de rozamiento que puede
existir entre dos superficies en contacto antes de que una de ellas comience a deslizar sobre la
otra. Por otro lado, el coeficiente de rozamiento dinamico es el valor de la fuerza de rozamiento
una vez que las superfcies ya estén desiizando entre si.

‘Cuando una rueda no desiiza,la fuerza de rozamiento que se opone al movimiento proviene del
‘coeficiente de rozamiento esttico, ya que es el que se debe vencer para que a rueda comience
2 desiizar. Una vez que la rueda comienza a desiizar, Ia fuerza de rozamiento se comportard de.
‘acuerdo con el cosficiente de rozamiento dindmico.

En resumen, cuando una rueda no desiiza, el coeficente de rozamiento que debemos considerar
es el coeficient de rozamiento estdtco, minal fuerza de rozamiento
‘méxima antes de que se inicie el deslizar. SO 4 rueda comienza a deslizar,






