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A B S T R A C T

The advent of generative artificial intelligence (AI) applications, such as ChatGPT, has significantly impacted 
various aspects of human life, including higher education. This study explores university students’ attitudes 
toward ChatGPT, focusing on the cognitive, affective, and behavioral components of attitudes, on the basis of 
Mitcham’s philosophical framework of attitudes toward technology. A total of 595 university students from six 
public and private universities in northern Peru participated in an online survey. The results of the structural 
equation modeling (SEM) analysis revealed that the affective component (β = 0.672***) and the cognitive 
component (β = 0.260**) positively influence the behavioral component of students’ attitudes when ChatGPT is 
used. Moreover, the cognitive component (β = 0.931***) positively influences the affective component of stu
dents’ attitudes. However, gender and age did not have significant moderating effects on the relationships be
tween the cognitive and affective components and the behavioral component. The discussion highlights that 
these findings contribute to understanding the psychological mechanisms underlying the adoption of ChatGPT in 
educational settings and offer valuable guidance for implementing this technology in teaching and learning 
processes. In conclusion, this study represents a significant advancement in comprehending attitudes toward 
generative AI technologies in higher education and opens new avenues for future research in this field.

1. Introduction

Generative artificial intelligence applications, such as ChatGPT, 
significantly impact various aspects of human life. ChatGPT, developed 
by OpenAI, is a highly advanced AI chatbot that uses deep learning 
techniques to generate text in natural language (Choi et al., 2023). In 
terms of user engagement, ChatGPT reached a milestone of 100 million 
monthly active users within a two-month period (Hu, 2023). ChatGPT 
has been trained on an extensive array of online textual data, including 
journalistic articles, books, and web pages, enabling it to handle a wide 
range of requests—from questions and statements to data retrieval (Graf 
& Bernardi, 2023; Kasneci et al., 2023).

ChatGPT has been finely tuned with extensive data to understand 

and interpret user queries with high accuracy, establishing it as an 
advanced tool for natural language processing (NLP) driven by artificial 
intelligence (Perez-Castro et al., 2023; Thorp, 2023). Its ability to 
generate text mimicking human language proves invaluable for various 
writing applications, such as essay creation, narratives, marketing ma
terials, and literature summaries (Duong et al., 2023; Patel & Lam, 
2023).

In the context of higher education, the use of generative AI appli
cations has been explored in various ways. Researchers have investi
gated their potential in developing new student-centered curricula that 
promote innovation and creativity (Farhi et al., 2023; Squalli Houssaini 
et al., 2024). Additionally, there is a recognized need to prepare students 
and educators for employment in a society enhanced by generative AI, 
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with new learning outcomes such as AI literacy and an emphasis on 
interdisciplinarity and activity-based assessment (Chiu, 2024).

Several studies have demonstrated the positive impacts of ChatGPT 
in academic settings. Research has shown that ChatGPT can significantly 
improve the academic writing skills of university students who are 
nonnative English speakers (Mahapatra, 2024) and enhance the aca
demic performance of business students by positively impacting their 
motivation, self-efficacy, and future beliefs (Gao et al., 2024). Further
more, a randomized experiment with university students demonstrated 
that using ChatGPT improved self-efficacy, quality, elaboration, and 
originality in a complex creative problem-solving task (Urban et al., 
2024).

However, the integration of ChatGPT in higher education also pre
sents significant challenges. Concerns related to academic integrity and 
the detection of AI-generated texts have emerged. One study indicated 
that both novice and experienced teachers struggle to identify texts 
generated by ChatGPT among those written by students (Fleckenstein 
et al., 2024). Additionally, a study at a prominent Australian university 
revealed a lack of consensus and significant ambiguity among faculty 
regarding best practices in light of recent technological developments 
(Lee et al., 2024).

Ethical considerations surrounding the use of ChatGPT in academic 
settings have also been raised. Since artificial intelligence has the po
tential to replace many jobs, using it to write essays presents ethical and 
cheating concerns (Liebrenz et al., 2023; Tlili et al., 2023). As a result, 
various educational institutions forbade ChatGPTs on their platforms 
and devices in 2023, and numerous higher education institutions 
released statements that caution students against using ChatGPTs for 
academic purposes (Camilleri, 2024).

Given the complex landscape of ChatGPT’s integration in higher 
education, understanding students’ attitudes toward this technology 
becomes crucial. Ajzen (2001) defines attitude as an assessment of a 
psychological object, which is delineated by dimensions such as agree
able versus disagreeable, pleasurable versus unpleasant, or good versus 
bad. Traditionally, attitudes are often divided into three different com
ponents: affective, cognitive, and behavioral (Breckler, 1984; Fishbein & 
Ajzen, 1975; Svenningsson et al., 2022).

Recent studies have begun to explore university students’ attitudes 
toward ChatGPT. The attitudes of university students toward ChatGPT 
are generally positive across cognitive, affective, and behavioral com
ponents, with high utilization and favorable opinions about its educa
tional benefits (Ajlouni et al., 2023). Previous studies have suggested 
that university students generally have positive perceptions of ChatGPT 
as a valuable resource for supporting their learning and enhancing their 
skills (Gao et al., 2024; Mahapatra, 2024).

Factors influencing students’ adoption of ChatGPT have also been 
investigated. It has been reported that behavioral intention has the most 
significant effect (0.424) on usage behavior, followed by habits (0.255) 
and facilitating conditions (0.188) (Strzelecki, 2023). Additionally, 
there is a positive correlation between these perceptions and the 
acceptance of ChatGPT by students, indicating that their overall attitude 
toward the tool is likely to be positive if they find ChatGPT to be simple 
to use and beneficial (Albayati, 2024).

However, potential negative effects of excessive or inappropriate use 
of ChatGPT have also been identified. These include procrastination, 
memory loss, and decreased academic performance (Abbas et al., 2024). 
Concerns related to misinformation, technological unemployment, and 
the relationship between humans and computers have been noted (Lian 
et al., 2024).

A recent study by Acosta-Enriquez et al. (2024) evaluated the atti
tudes of university students toward ChatGPT and determined that 
importance, ease of use, risk, interest, boredom, positive emotions, and 
acceptance influence their intention to use, verify information, and 
responsibly use this language model. This study demonstrated that the 
cognitive and affective components determine the behavioral compo
nent of university students’ attitudes toward ChatGPT.

Despite these insights, further research is necessary to fully under
stand the attitudes of students toward ChatGPT and how these attitudes 
may influence their use of this language model. Few studies have 
analyzed attitudes toward ChatGPT from the perspective of current 
psychological theory, where the cognitive, affective, and behavioral 
components establish relationships that determine the use of ChatGPT 
among university students.

This study aims to address this gap by providing valuable informa
tion on attitudes toward ChatGPT and can aid in the design of more 
effective educational interventions and policies that ethically regulate 
the use of artificial intelligence in academic settings. Integrating the 
theory of attitudes into the study of generative AI technology offers a 
robust framework for understanding how students’ perceptions and 
behaviors are shaped by their cognitive and affective experiences. By 
examining these dimensions more deeply, educators and developers can 
create strategies that promote a more conscious and responsible use of 
these tools.

The primary goal of this study is to analyze attitudes toward 
ChatGPT from the perspective of the cognitive, affective, and behavioral 
components among university students in northern Peru. To achieve this 
objective, we designed a structural equation model (SEM) to analyze 
attitudes toward ChatGPT on the basis of Mitcham’s philosophical 
framework of attitudes toward technology (Mitcham, 1994; Sven
ningsson et al., 2022).

This study is justified given the growing interest in understanding 
how emerging technologies such as ChatGPT impact education and 
prepare students for the demands of the workforce. For this reason, this 
study aims to evaluate attitudes toward ChatGPT among university 
students, the linguistic model of which has been widely accepted.

In terms of theoretical contributions, this study proposes providing 
empirical evidence of the relationships between the components of at
titudes toward technology within the philosophical framework of Mit
cham, distinguishing between technology as an object and technology as 
an activity. This approach will enable the unraveling not only of the 
perception of technology itself (cognitive component) but also of the 
emotional interaction with it (affective component) and its influence on 
behavior (behavioral component). Finally, the study seeks to provide 
evidence-based recommendations for educators and technology educa
tion designers on how to maximize the benefits of these tools while 
minimizing associated risks, such as technological dependency and 
challenges to academic integrity. By analyzing the dimensions of atti
tudes (cognitive, affective, and behavioral), this study contributes 
significantly to the field of educational technology in terms of the 
interaction between university students and generative artificial intel
ligence technologies and their impact on higher education.

2. Literature review

2.1. General implications of the ChatGPT

ChatGPT has been popularized and extensively adopted since its 
launch in November 2022, primarily because of its user-friendly inter
face and capacity to produce responses that resemble those of a human 
person. ChatGPT was developed via an instruction-based learning 
approach to generate more coherent responses that are aligned with user 
intentions, leveraging advancements in deep learning and natural lan
guage processing (Sleiman et al., 2022).

ChatGPT has evolved through several iterations, each with an 
increasing number of parameters: ChatGPT-1 utilized 117 million pa
rameters, ChatGPT-2 expanded to 1.5 billion parameters, ChatGPT-3 
further increased to 175 billion parameters, and the latest version, 
ChatGPT-4, incorporates an estimated 100 trillion parameters. This 
progression demonstrates the rapid advancements in the model’s 
complexity and potential capabilities. To generate texts that closely 
resemble human speech and accomplish unprecedented performance 
levels, ChatGPT-4 has been able to enhance its parameters (Albayati, 
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2024; OpenAI et al., 2024).
At present, the GPT-3.5 version is a freely accessible language model 

that has been optimized for dialog via reinforcement learning with 
human feedback (OpenAI, 2023). This makes it more accessible to 
university students, who can readily access it by creating an account. 
The GPT-3.5 database was most recently updated in September 2021 
(Qureshi et al., 2023). Conversely, the GPT-4.0 version, which is more 
creative than its predecessor and requires a paid subscription, has the 
ability to process images, create captions, perform classifications, and 
conduct analyses (Camilleri, 2024; Qureshi et al., 2023).

In the realm of higher education, ChatGPT has several potential 
benefits, such as assisting in the development of student-centered 
curricula that foster innovation and creativity (Squalli Houssaini et al., 
2024), enhancing students’ academic writing skills (Mahapatra, 2024), 
and fostering creative problem solving (Urban et al., 2024). Moreover, 
ChatGPT has the potential to transform higher education by offering 
benefits such as increased student motivation and engagement (Rahman 
et al., 2023), as well as personalized and enriched learning experiences 
(Chiu, 2024; Kanabar, 2023; Kong et al., 2023). ChatGPT can be a 
valuable tool to complement teaching and learning, enabling students to 
acquire new skills and knowledge more effectively. Intrinsic motivation 
is highlighted as a key factor in the intention to use ChatGPT among 
university students (Lai et al., 2023).

However, the implementation of ChatGPT in higher education also 
presents significant challenges that need to be addressed. There is 
concern that students may become overly dependent on the tool or use it 
in unethical ways, which could affect the development of critical 
thinking skills and academic integrity (Ali et al., 2023; Fleckenstein 
et al., 2024). Additionally, challenges such as the difficulty in detecting 
AI-generated texts (Fleckenstein et al., 2024), the lack of consensus on 
best practices for their use (Lee et al., 2024), and the potential negative 
effects of excessive or inappropriate use by students, such as procrasti
nation and memory loss (Abbas et al., 2024), need to be considered. 
Furthermore, the ethical and legal implications of using AI in fields such 
as healthcare must be carefully considered (Aljamaan et al., 2024; 
Bernabei et al., 2023; Kanabar, 2023; Sallam et al., 2023).

2.2. Attitudinal components of Mitcham’s philosophical framework

2.2.1. Overview of Mitcham’s framework
Mitcham’s philosophical framework of technology, encompassing 

objects, knowledge, activity, and volition, has been widely recognized as 
a significant contribution to the philosophy of technology (Mitcham, 
1994). This multidimensional approach provides a solid foundation for 
analyzing the complex interactions between technology and humanity, 
particularly in educational contexts.

Fig. 1 shows a graphical representation of Mitcham’s philosophical 
framework applied to the attitudinal components toward technology. 
This model shows the interrelationships among the cognitive, affective, 

and behavioral components, which form the basis of our study of atti
tudes toward ChatGPT.

In Mitcham’s framework, technology is conceptualized not only as 
physical objects but also as a form of knowledge, a type of activity, and 
an expression of human will or volition. This comprehensive view allows 
for a nuanced understanding of how individuals perceive, feel about, 
and interact with technology.

Building on Mitcham’s framework, researchers have identified three 
distinct components of attitudes toward technology: cognitive, affective, 
and behavioral (Breckler, 1984; Eagly & Chaiken, 1993, p. xxii; Fishbein 
& Ajzen, 1975). These components align with Mitcham’s multidimen
sional approach to technology. 

1. Cognitive Component: This component relates to Mitcham’s con
cepts of technology as knowledge and objects. It encompasses an 
individual’s beliefs, thoughts, and perceptions about technology 
(Schepman & Rodway, 2020; Svenningsson et al., 2022). In the 
context of ChatGPT, this might include beliefs about its usefulness or 
complexity.

2. Affective Component: This aligns with Mitcham’s notion of volition, 
reflecting an individual’s emotional responses to technology. It in
cludes feelings, whether favorable or unfavorable, toward technol
ogy (Suh & Ahn, 2022; Svenningsson et al., 2022). For ChatGPT, this 
could involve feelings of excitement or apprehension about its use.

3. Behavioral Component: This component corresponds to Mitcham’s 
concept of technology as an activity. It refers to observable actions or 
behaviors exhibited in response to technology, such as adoption, 
continued use, or rejection (Ankiewicz, 2019; Svenningsson et al., 
2022). In the case of ChatGPT, this might manifest as the frequency 
of use or ways of integrating it into academic work.

2.2.2. Literature review on the attitudinal components of technology 
acceptance

The relationships among the cognitive, affective, and behavioral 
components, as formulated in Mitcham’s framework and illustrated in 
Fig. 1, form the basis of our research hypotheses: the cognitive compo
nent (CC) influences the affective component (AC); the cognitive 
component (CC) influences the behavioral component (BC); and the 
affective component (AC) influences the behavioral component (BC) 
(Svenningsson et al., 2022).

Studies applying this framework in educational contexts have 
demonstrated its effectiveness in linking these attitudinal components 
with technology, highlighting how they influence each other and differ 
according to factors such as gender (Ankiewicz, 2019; Svenningsson 
et al., 2022). In addition to its application in higher education, Mit
cham’s conceptual framework has generated more nuanced debates 
about the epistemological dimensions of technology and engineering, 
acting as a bridge that connects engineering and humanities perspec
tives in the philosophy of technology (Svenningsson et al., 2018).

Recent studies have provided insights into attitudes toward AI 
technologies such as ChatGPT in educational settings. Acosta-Enriquez 
et al. (2024) demonstrated that positive emotions and the intention to 
use ChatGPT are frequently significant predictors of positive attitudes 
among college students. This finding aligns with the affective and 
behavioral components of Mitcham’s framework, emphasizing the 
connection between emotional responses and intended actions.

The cognitive component plays a crucial role in shaping attitudes 
toward ChatGPT. Abdaljaleel et al. (2024) reported that factors such as 
awareness and alertness significantly impact attitudes toward ChatGPT 
among university students. This underscores the importance of the 
cognitive aspect in Mitcham’s framework, where knowledge and un
derstanding of technology influence overall attitudes.

Zhang et al. (2024) reported a pattern of cautious optimism among 
university students toward the ChatGPT. This nuanced attitude reflects a 
balance between enthusiasm and a rational assessment of potential risks, 
illustrating the complex interplay between the cognitive and affective 

Fig. 1. Graphical representation of Mitcham’s philosophical framework 
applied to the attitudinal components toward technology. Adapted from 
(Svenningsson et al., 2022).
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components in Mitcham’s framework.
The social context also influences attitude formation. Sánchez-Reina 

et al. (2024) explored how social influence affects undergraduates’ at
titudes toward ChatGPT, suggesting that technology acceptance is 
determined not only by individual perceptions but also by broader social 
factors. This finding adds depth to Mitcham’s framework, emphasizing 
the need to consider external influences on attitude formation.

However, attitudes toward AI technologies such as ChatGPT are not 
uniformly positive. Schönberger (2023, pp. 331–338) and Šedlbauer 
et al. (2024) noted that some educators and students expressed concerns 
about the ethical implications and potential misuse of AI technologies in 
academic settings. These cautious attitudes highlight the importance of 
considering ethical dimensions within Mitcham’s framework, particu
larly in the context of emerging technologies.

The review of scholarly articles that cite this framework underscores 
its adaptability and fundamental role in enhancing our understanding of 
the philosophical, educational, and social dimensions of technology, 
thus establishing a solid basis for the study of attitudinal components 
toward technology in various contexts (Ankiewicz, 2019; Svenningsson 
et al., 2022).

By applying Mitcham’s framework to ChatGPT, this study aims to 
connect philosophical conceptualizations of technology with practical 
applications in educational settings. This research advances the under
standing of university students’ attitudes toward ChatGPT by analyzing 
these intercomponent influences. Unlike previous studies (e.g., Rahman 
et al., 2023; Masa’deh et al., 2024; Acosta-Enriquez et al., 2024), this 
study provides empirical evidence of how these components influence 
each other, elucidating how college students adopt a new technology 
such as ChatGPT.

3. Proposed research model and formulation of the research 
hypotheses

Fig. 2 presents the proposed research model, which consists of three 
components of attitudes (cognitive, affective, and behavioral) and two 
sociodemographic variables: gender and age. The model is grounded in 
Mitcham’s philosophical framework on attitudes toward technology 
(Mitcham, 1994; Svenningsson, 2020; Svenningsson et al., 2018, 2022) 
and involves three direct hypotheses and four moderation hypotheses.

Perceived usefulness (PU) and perceived informativeness, which are 
cognitive components, significantly influence students’ attitudes toward 
using ChatGPT for learning, subsequently predicting their behavioral 
intention to use it (Rahman et al., 2023). PU is an important factor 
influencing students’ attitudes and behavioral intentions toward 

ChatGPT (Masa’deh et al., 2024; Duong et al., 2023; Strzelecki, 2023). 
These findings align with research in technology education, where in
dividual interest (affective component) relates to the cognitive compo
nent and behavioral intentions, particularly in girls (Svenningsson et al., 
2022).

Although affect tends to exert a stronger influence than cognition 
does on overall attitudes and behavior when individuals exhibit 
affective-cognitive ambivalence, cognition has a roughly equal influence 
when affect and cognition are similarly valenced (Lavine et al., 1998). In 
STEM fields, social support can directly affect both cognitive and af
fective components, leading to more positive attitudes (Rice et al., 
2013). Brown et al. (2017) showed that cognitive and affective com
ponents can be distinctly measured and that these attitudes can vary 
across different courses, implying that the cognitive component impacts 
the affective attitude. Consequently, it can be inferred that the cognitive 
component positively influences the affective component of attitudes 
toward ChatGPT among university students. Thus, the following hy
pothesis is formulated. 

Hypothesis 1. The cognitive component positively influences the af
fective component of attitudes toward ChatGPT among university 
students.

The influence of the cognitive component on the behavioral 
component of attitudes toward ChatGPT has been demonstrated in 
several studies. Perceived usefulness has a significant positive effect on 
students’ behavioral intention to use ChatGPT (Duong et al., 2023; 
Masa’deh et al., 2024; Strzelecki, 2023). Rahman et al. (2023) reported 
that perceived usefulness and informativeness substantially influence 
students’ attitudes toward using ChatGPT for learning, thus predicting 
their behavioral intentions. These findings align with research in tech
nology education, where the cognitive component directly relates to 
behavioral intentions, particularly among girls (Svenningsson et al., 
2022). Cognitive strategies are strong predictors of academic achieve
ment, indicating that cognitive aspects significantly influence students’ 
behaviors in educational contexts (Peng, 2012). Social factors can 
moderate the impact of cognitive beliefs on behavioral outcomes, as 
evidenced by the relationship between cognitive attitudes toward math 
and science and behavioral intentions to pursue STEM courses and ca
reers (Rice et al., 2013). Thus, the following hypothesis is developed. 

Hypothesis 2. The cognitive component positively influences the 
behavioral component of attitudes toward ChatGPT among university 
students.

Recent studies have explored the influence of the affective compo
nent on the behavioral component of attitudes toward ChatGPT. Lai 
et al. (2023) identified intrinsic motivation as the strongest motivator 
for ChatGPT use intention among undergraduates. Masa’deh et al., 
(2024) reported that enjoyment and motivation contribute to a favor
able attitude toward using ChatGPT in learning environments. Students 
exhibit a positive affective attitude toward ChatGPT, which is associated 
with a high level of behavioral intention to use it as a learning tool 
(Ajlouni et al., 2023). A positive emotional response toward ChatGPT 
correlates with actual usage (Hyeon Jo, 2023). Affective attitudes to
ward academic subjects, including technology, can vary over time and 
may influence cognitive attitudes, which could affect behavioral in
tentions (Brown et al., 2017). Thus, the following hypothesis is 
developed. 

Hypothesis 3. The affective component positively influences the 
behavioral component of attitudes toward ChatGPT among university 
students.

Recent studies have examined how gender and age moderate the 
impact of cognitive and affective components on the behavioral 
component of attitudes toward ChatGPT. Strzelecki and ElArabawy 
(2024) reported that gender does not substantially influence the re
lationships between various factors and the behavioral intention to use 

Fig. 2. Proposed research model. Note: Cognitive Component = CC, Affective 
Component = AC, Behavioral Component: BC.
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ChatGPT. However, the level of study moderated the impact of effort 
expectations on behavioral intentions.

Previous research on attitudes toward computers has shown that age 
and experience, rather than gender, significantly affect attitudes 
(Pope-Davis & Twing, 1991). However, female university students show 
greater adherence to cognitive learning strategies than their male 
counterparts do (Kesici et al., 2009). The internal locus of control is a 
significant factor in cognitive learning strategies and attitudes toward 
computers among university students (Kesici et al., 2009).

Older female students achieved greater deep learning and satisfac
tion with their profession (Rubin et al., 2018), suggesting that older 
women may engage more thoroughly with technologies such as 
ChatGPT when they perceive a deeper learning experience. Gender may 
affect how cognitive and affective components influence behavioral 
intentions toward educational technologies (Kesici et al., 2009). 
Age-related differences in emotional intelligence and social and aca
demic adjustment could influence behavioral intentions to adopt new 
technologies for academic purposes (Noor-Azniza et al., 2011). Age was 
a stronger predictor of deep learning among women than men in the 
context of emotional intelligence and learning approaches (Rubin et al., 
2018).

Recent studies have further explored the roles and impacts of 
ChatGPT in educational contexts. Lai and Tu (2024) investigated the 
roles, strategies, and research issues of generative AI in mobile learning, 
providing insights into how ChatGPT might be integrated into diverse 
learning environments. Tu and Hwang (2023) examined university 
students’ conceptions of ChatGPT-supported learning through drawing 
and epistemic network analysis, offering a unique perspective on how 
students perceive and conceptualize this technology. Chang and Hwang 
(2024) explored ChatGPT-facilitated professional development, 
focusing on learning achievements, self-worth, and self-confidence 
among professional trainers. Tu (2024) investigated the roles and 
functionalities of ChatGPT for students with different growth mindsets, 
highlighting the importance of individual differences in technology 
adoption.

This study aims to explore how gender and age may moderate the 
influence of cognitive and affective components on the behavioral 
component of attitudes toward ChatGPT among university students. By 
examining these demographic factors in relation to the attitudinal 
components of ChatGPT, this study seeks to provide a more nuanced 
understanding of how individual characteristics can shape perceptions 
and use of this generative AI technology in educational contexts. 
Consequently, the following hypotheses are formulated. 

Hypothesis 4. Gender moderates the influence of the cognitive 
component on the behavioral component of attitudes toward ChatGPT 
among university students.

Hypothesis 5. Gender moderates the influence of the affective 
component on the behavioral component of attitudes toward ChatGPT 
among university students.

Hypothesis 6. Age moderates the influence of the cognitive compo
nent on the behavioral component of attitudes toward ChatGPT among 
university students.

Hypothesis 7. Age moderates the influence of the affective component 
on the behavioral component of attitudes toward ChatGPT among uni
versity students.

4. Methods and materials

To test the research hypotheses, an empirical evaluation was con
ducted (Singh et al., 2020), in which a survey was administered to 
university students with experience using ChatGPT.

4.1. Participants

The study involved the participation of 595 university students from 
six public and private universities located in northern Peru. The sample 
was chosen by nonprobability convenience sampling, which entailed 
selecting people who were readily accessible and willing to engage 
willingly (Arrogante, 2022). This sampling strategy is appropriate for 
the study because it enables rapid and efficient data collection in situ
ations where limited accessibility and the desire to participate can 
impose constraints. While this strategy cannot ensure that the sample is 
representative of the entire university population, it is valuable in 
exploratory research where the main goal is to find first trends and 
patterns rather than make sweeping generalizations. Nevertheless, the 
lack of representativeness of the sample in this study hinders the ca
pacity to extrapolate the findings to the broader population. The sta
tistical power may be compromised, as the findings from this sample fail 
to accurately represent the actual characteristics of the university stu
dent population in Peru. According to Table 1, 54.62% (325 partici
pants) of the total university students surveyed were female, and 
45.37% (270 participants) were male. In terms of age, 31.42% (187 
participants) were in the 21- to 23-year-old age range, followed by 
22.51% (134 participants) in the 18- to 20-year-old age range. Addi
tionally, the data reveal an almost equal distribution in terms of the type 
of university, with 50.420% (300 participants) attending public uni
versities and 49.580% (295 participants) attending private universities.

With respect to the faculty of study, the majority of the students 
belonged to the faculty of education, with 31.76% (189 participants). 
This group was followed by students from the social sciences, who 
accounted for 16.63% (99 participants) of the sample. Notably, all the 
respondents indicated that they had prior experience using ChatGPT in 
the university context, which reflects a total integration of this tech
nology in their academic environment.

Table 1 
Sociodemographic characteristics of the sample (n = 595).

Gender fi %

Female 325 54.62
Male 270 45.37

Age fi %

[18–20] 134 22.51
[21–23] 187 31.42
[24–26] 89 14.95
[27–29] 78 13.10
[30–32] 63 10.58
[33 to more] 44 7.40

Type of university fi %

Private 295 49.580
Public 300 50.420

Faculty of studies fi %

Education 189 31.76
Health sciences and medicine 67 11.26
Engineering and architecture 56 9.41
Social sciences 99 16.63
Business sciences 32 5.38
Law and political science 45 7.56
Economics and accounting 24 4.03
Agricultural Sciences 33 5.54
Physical sciences, mathematics, statistics, and computer science 50 8.40

Do you have previous experience using ChatGPT at the 
university?

fi %

Yes 595 100.0
No 0 0

Note: fi = absolute frequency; % = percentage.
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4.2. Instruments

To select the data collection instrument used in the literature, a re
view of the literature was conducted, which helped identify the 

cognitive, affective, and behavioral components of attitudes toward 
technology, grounded in Mitcham’s philosophical framework (Mitcham, 
1994; Svenningsson et al., 2022). Furthermore, for the drafting of the 
items, an adaptation of the validated instrument authored by 

Table 2 
Results of the confirmatory factor analysis-CFA.

Items Loadings DE AVE Construct Support

I am willing to use ChatGPT as a tool to improve my academic performance. BC1 0.888 1.424 0.696 Behavioral 
Component (BC)

Suh and Ahn (2022)
I am willing to use ChatGPT as part of my learning process at university. BC2 0.898 1.361
I am open to use ChatGPT as part of my learning process at university. BC3 0.898 1.393
I prefer to use ChatGPT as a complementary tool in my academic activities. AC1 0.913 1.457 0.763 Affective 

Component (AC)
(Suh & Ahn, 2022; 
Svenningsson et al., 2022)I am attracted to the possibility of using ChatGPT to improve my academic 

productivity and efficiency.
AC2 0.844 1.427

I feel enthusiastic about using ChatGPT to seek solutions and answers to my 
academic concerns.

AC3 0.736 1.457

I find using ChatGPT in my academic activities boring. AC4 0.854 1.349
ChatGPT offers practical and useful solutions to academic and/or personal 

challenges and tasks.
AC5 0.895 1.348

ChatGPT is a useful tool to understand and comprehend complex topics in my 
courses.

AC6 0.897 1.319

Using ChatGPT in my academic activities is important because it enhances my 
learning experience.

CC1 0.84 1.387 0.721 Cognitive 
Component (CC)

(Singh et al., 2020; 
Svenningsson et al., 2022)

ChatGPT improves my productivity and efficiency in performing academic 
activities.

CC2 0.858 1.381

Using ChatGPT in my academic activities contributes to the efficiency and 
effectiveness of my learning process.

CC3 0.873 1.298

ChatGPT is a tool that enhances my ability to develop academic projects and 
activities.

CC4 0.854 1.352

ChatGPT interface is user-friendly and easy to use. CC5 0.882 1.401
I find it difficult to tailor ChatGPT responses to my specific academic needs. CC6 0.891 1.433
I find it difficult to filter relevant information from the answers generated by 

ChatGPT.
CC7 0.887 1.456

Using ChatGPT in my academic activities allows me to develop complex projects 
and tasks more efficiently and effectively.

CC8 0.882 1.452

Artificial intelligence systems like ChatGPT can help students feel happier. AC7 0.903 1.373 0.763 Affective 
Component (AC)

Schepman and Rodway 
(2020)I am impressed by what I can do using ChatGPT in my academic activities. AC8 0.907 1.382

I believe that ChatGPT can have positive effects on students’ well-being. AC9 0.892 1.392
I dislike the idea that technology such as ChatGPT replaces certain human skills 

such as inferring, information seeking, analyzing, writing, etc.
AC10 0.862 1.342

I will use ChatGPT frequently in my academic activities over a long period of time. BC4 0.836 1.348 0.696 Behavioral 
Component (BC)

Suh and Ahn (2022)
I plan to maintain continuous and frequent use of ChatGPT as a virtual expert to 

guide me in my academic activities.
BC5 0.838 1.365

I intend to incorporate frequent use of ChatGPT into my academic routine to obtain 
answers and support on a consistent basis.

BC6 0.836 1.393

I will corroborate information obtained through ChatGPT by seeking additional 
sources before considering it as completely accurate.

BC7 0.856 1.337

I will validate the information provided by ChatGPT by comparison with academic 
sources and experts in the relevant field.

BC8 0.844 1.331

It is not necessary to check the veracity of the information provided by ChatGPT 
because it always provides valid and reliable information.

BC9 0.793 1.324

Using ChatGPT in my academic activities develops my autonomous and self- 
directed learning skills.

CC9 0.873 1.375 0.721 Cognitive 
Component (CC)

(Schepman & Rodway, 2020; 
Singh et al., 2020)

Using ChatGPT in my academic activities allows me to explore different 
perspectives and approaches to address the contents of my subjects.

CC10 0.904 1.366

Frequent use of ChatGPT, diminishes my abilities to think critically and solve 
problems independently.

CC11 0.91 1.384

I am aware that not all answers provided by ChatGPT are correct. CC12 0.867 1.238
Frequent use of ChatGPT poses a threat to the privacy and security of my personal 

data.
CC13 0.849 1.373

Irresponsible use of ChatGPT can diminish the development of my professional 
skills.

CC14 0.782 1.371

I am concerned that frequent use of ChatGPT may limit my ability to think and solve 
problems independently.

AC11 0.907 1.33 0.763 Affective 
Component (AC)

Schepman and Rodway 
(2020)

I am concerned that excessive use of ChatGPT will diminish my interest in 
researching and reading diverse sources of information.

AC12 0.898 1.385

When using ChatGPT I carefully check my answers to ensure that they are correct, 
complete, and free of bias.

BC10 0.871 1.365 0.696 Behavioral 
Component (BC)

(Conrad & Munro, 2008)

I use ChatGPT responsibly by not presenting technology-generated responses as if 
they were my own work product, without proper attribution.

BC11 0.85 1.347

I use ChatGPT responsibly and ethically, ensuring that the answers obtained are a 
tool to support my learning and not a replacement for my own intellectual effort.

BC12 0.86 1.329

I use ChatGPT responsibly and ethically, avoiding the generation of misleading, 
false and/or biased content.

BC13 0.861 1.357

I strive to understand the limitations of ChatGPT and its potential to generate 
incorrect or biased responses, which motivates me to use it with caution and 
discernment.

BC14 0.862 1.356
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Acosta-Enriquez et al. (2024) was made. This instrument analyzes the 
constructs underlying students’ attitudes and determines their in
tentions to use, verifies information, and responsibly uses ChatGPT.

For its application to participants, Google Forms were used to create 
an online form with the data collection instrument, which was divided 
into three sections. The first section included informed consent where all 
study details were provided, and the anonymity of the participants was 
assured when completing the survey; at the end of the informed consent, 
a branching question was asked if they agreed to participate voluntarily 
in the study. If they indicated “yes,” they proceeded to complete the 
survey; otherwise, “no” automatically closed the survey. The second 
section included sociodemographic questions such as questions about 
age, gender, type of university, and the academic program being pur
sued. In the third section, 40 items were organized, with 14 items 
belonging to the cognitive component (CC), 12 items belonging to the 
affective component (AC), and 14 items belonging to the behavioral 
component (BC). All the items were rated on a 5-point Likert scale 
ranging from (1) “strongly disagree” to (5) “strongly agree”.

4.3. Procedure and data analysis

The survey was conducted in the months of October, November, and 
December 2023 and in January, February, and March 2024. Prior to its 
deployment, permission was requested from universities and higher 
education institutions (HEIs) for the administration of the online survey. 
After obtaining the necessary approvals, the survey link was distributed 
via email, where the purpose of the study was explained, and recipients 
were invited to participate by responding. Additionally, coordination 
with faculty members was undertaken to share the link through the 
WhatsApp messaging application, where the purpose of the study was 
also communicated, and recipients were invited to complete the survey. 
All participants provided informed consent.

To ensure baseline consistency among the six participating public 
and private universities, a standardized data collection protocol was 
implemented. This protocol included uniform training for survey ad
ministrators, identical instructions for participants, and a synchronized 
data collection period across all institutions.

For data analysis, the first step involved cleaning and preprocessing 
the data via Microsoft Excel, during which missing values and incom
plete surveys were identified and removed. Second, descriptive statistics 
were applied to create Table 1, which presents the sociodemographic 
results of the participant population. Third, a confirmatory factor 
analysis (CFA) was conducted to assess convergent validity through 
indicators such as factor loadings and average variance extracted (AVE), 
which exceeded the thresholds of 0.70 and 0.50, respectively (Table 2). 
Internal consistency reliability was also evaluated via Cronbach’s alpha 
and composite reliability (CR) measures (rho_a and rho_c), with values 
surpassing the 0.70 threshold. Discriminant validity was assessed via the 
Fornell & Larcker criterion and the heterotrait–monotrait ratio (HTMT) 
criterion, with the results deemed acceptable (Table 3).

Finally, structural equation modeling via the partial least squares 
(PLS-SEM) technique was performed with the statistical software 
SMART-PLS v.4.0 version 8.0 (Ringle et al., 2022) to test the proposed 
research hypotheses.

5. Results

5.1. Results of the measurement model

The partial least squares structural equation modeling (PLS‒SEM) 
method was applied to assess the research hypotheses. As a result, items 
CC15 and AC13 were eliminated from the confirmatory factor analysis 
(CFA) to evaluate the convergent validity of the measurement model, as 
their factor loadings were significantly less than 0.40. After the modi
fication, the measurement model was reprocessed, and as shown in 
Table 2, the factor loadings of the items were above 0.70, meeting Hair’s 
(2009) criterion. Additionally, all measured constructs present average 
variance extracted (AVE) values exceeding the threshold of 0.50 pro
posed by Hair et al. (2017). On the other hand, the standard deviation of 
the items is between 1.238 and 1.457, indicating that it seems that the 
items are not excessively dispersed with respect to their means.

Table 3 displays the findings from the tests of discriminant validity 
and reliability. The metrics Cronbach’s alpha (α) and composite reli
ability (CR) (rho_a and rho_c) were employed to evaluate the reliability 
of the constructs. Values above 0.70 are regarded as sufficient according 
to Hair et al. (2017) and Nunnally and Bernstein (1994) criteria; as 
Table 2 shows, all the constructs exceeded this level. Additionally, the 
coefficient of determination (R2) values indicate that the cognitive 
component (CC) explains 86.7% of the variation in the affective 
component (AC). Moreover, CC and AC together explained 87.5% of the 
variation in BC.

The discriminant validity was determined in accordance with the 
Fornell and Larcker, (1981), which requires that the square root of the 
average variance extracted (AVE) (numbers on the diagonal) exceed the 
correlations with other constructs (numbers off-diagonal in the same 
row and column) to establish discriminant validity. The constructs all 
met this criterion, as illustrated in Table 3. Additionally, the hetero
trait–monotrait ratio (HTMT) was employed, where AC had a value of 
0.656, BC had a value of 0.537, and CC had a value of 0.637, all of which 
are below the threshold of 0.85 (Rasoolimanesh, 2022, pp. 1–8), thereby 
reaffirming that the measurement instrument possesses discriminant 
validity.

The goodness-of-fit indices of a measurement model constitute a 
relevant measure for determining convergent validity (Farhi et al., 
2023); however, according to Hair (2009), these criteria provide a 
reference for researchers to determine to what extent the values ob
tained are well adjusted to the expected values. Table 4 shows the values 
of the goodness-of-fit indices of the measurement model, where the 
standardized root mean square residual (SRMR) presented a value of 
0.073, satisfying the criteria of (Sun, 2005), where it must be less than 
0.85 to be acceptable. The value of Chi-square/gl (χ2/df) shows that the 

Table 3 
Reliability, discriminant validity, and coefficients of determination.

Contruct α CR(rho_a) CR(rho_c) R2 AC BC CC HTMT

AC 0.844 0.898 0.883 0.867 0.873 ​ ​ 0.656
BC 0.964 0.975 0.970 0.875 0.546 0.834 ​ 0.537
CC 0.931 0.946 0.939 – 0.499 0.678 0.849 0.637

Table 4 
Model fit.

Criteria Estimated 
model

Threshold Author Decision

SRMR 0.073 <0.85 Sun (2005) Acceptable
d_ULS 5.856 ​ ​ ​
d_G 2.379 ​ ​ ​
χ2/df 2.432 Between 1 

and 3
Escobedo Portillo 
et al. (2016)

Acceptable

NFI 0.913 >0.90 Escobedo Portillo 
et al. (2016)

Acceptable

B.G. Acosta-Enriquez et al.                                                                                                                                                                                                                   Computers and Education: Artiϧcial Intelligence 7 (2024) 100320 

7 



model has an acceptable fit since it has a value between 1 and 3, as 
suggested by (Escobedo Portillo et al., 2016). Finally, the value of the 
normed fit index (NFI) is 0.913, which satisfies the criteria of Escobedo 
Portillo et al. (2016), where for it to be acceptable, it must exceed the 
threshold of 0.90.

5.2. Testing the research hypotheses

In Table 5 and Fig. 3, the main results of the analysis conducted via 
standardized path coefficients (β) are displayed, along with the p values 
and confidence intervals for β. Path analysis enables the determination 
of path values between the relationships of exogenous and endogenous 
variables in the study and the direction of these effects (Hair, 2009; 
Kelcey et al., 2021). Hypothesis 1 (H1) showed a significant effect be
tween the affective component (AC) and the behavioral component 
(BC), with a path coefficient of β = 0.672*** and a p value of p >
0.000***, demonstrating that the affective component influences the 
behavioral component of university students’ attitudes toward using 
ChatGPT. Hypothesis 2 (H2) revealed a significant effect between CC 
and AC, with a path coefficient β = 0.931*** and a p value > 0.000***, 
thus proving that the cognitive component influences the affective 
component of university students’ attitudes toward using ChatGPT. 
Hypothesis 3 (H3) presented a significant effect between CC and BC, 
with a path coefficient β = 0.260*** and a p value > 0.005***, illus
trating how the cognitive component influences the behavioral 
component of students’ attitudes toward using ChatGPTs. Finally, Hy
potheses 4, 5, 6, and 7 did not have significant effects and were therefore 
rejected.

6. Discussion

This study examined the cognitive, affective, and behavioral com
ponents of university students’ attitudes toward ChatGPT. The research 
model demonstrated acceptable goodness-of-fit indices, convergent 
validity, and reliability through confirmatory factor analysis (CFA), with 
determination coefficients indicating that independent variables 
adequately account for dependent variables in the SEM.

Hypothesis 1 confirmed that the behavioral component (BC) is 
positively influenced by the affective component (AC) (β = 0.672***, p 
> 0.000***). This aligns with prior research identifying intrinsic moti
vation as a key determinant of ChatGPT usage intention (Lai et al., 2023; 
Masa’deh et al., 2024). These findings support the link between affective 
attitudes and behavioral intentions (Ajlouni et al., 2023; Hyeon Jo, 
2023).

Hypothesis 2 revealed that the CC positively influences AC (β =
0.931***, p > 0.000***), which is consistent with studies showing that 
perceived usefulness and informativeness impact attitudes toward 
ChatGPT (Rahman et al., 2023). This relationship is also observed in 
STEM fields, where cognitive factors affect affective components (Brown 
et al., 2017; Rice et al., 2013).

Hypothesis 3 demonstrated CC’s positive effect on BC (β = 0.260**, 
p > 0.005**), supporting previous findings that perceived utility in
fluences behavioral intentions to use ChatGPT (Duong et al., 2023; 
Masa’deh et al., 2024; Strzelecki, 2023). This aligns with research 

showing that cognitive strategies are predictors of academic perfor
mance (Peng, 2012).

Hypotheses 4, 5, 6 and 7 revealed no significant moderating effects of 
gender or age on the relationships between components. While this 
contrasts with some previous technology adoption studies, it may reflect 
the unique nature of ChatGPT or the homogeneity of the university 
student sample. Future research could explore additional demographic 
variables or employ qualitative methods to uncover nuanced in
teractions between demographics and attitudes toward AI technologies.

These findings provide new insights into attitudes toward ChatGPT, 
highlighting the interplay between cognitive, affective, and behavioral 
components. They also raise questions about the relevance of traditional 
demographic moderators in this context, suggesting the need to consider 
other influencing factors.

6.1. Theoretical and practical implications

Theoretically, this study enhances the understanding of generative 
AI technology adoption in higher education by applying Mitcham’s 
philosophical framework (Mitcham, 1994; Svenningsson et al., 2022). 
This study confirms the influence of cognitive and affective components 
on behavioral intentions and establishes a framework for future research 
on attitudes toward AI in education.

Practically, these findings inform strategies for integrating ChatGPT 
into educational settings. Educators can design pedagogical approaches 
emphasizing the benefits of ChatGPT while addressing potential risks. 
Administrators can develop policies promoting ethical use and academic 
integrity. Educational technology designers can create interfaces that 
enhance perceived utility and emotional appeal, optimizing user expe
riences for meaningful engagement.

Table 5 
Path, p value, confidence intervals, standard deviation and decision coefficients.

Hypothesis β p value 2.50% 97.50% SD Decision

H1 AC→BC 0.672*** 0.000*** 0.437 0.829 0.089 Acepted
H2 CC→AC 0.931*** 0.000*** 0.915 0.951 0.009 Acepted
H3 CC→BC 0.260** 0.005** 0.082 0.441 0.092 Acepted
H4 GENDER x CC→BC − 0.007 0.949 − 0.238 0.196 0.111 Rejected
H5 AGE x AC→BC 0.058 0.247 − 0.058 0.165 0.050 Rejected
H6 AGE x CC→BC − 0.049 0.334 − 0.162 0.067 0.051 Rejected
H7 GENDER x AC→BC 0.034 0.753 − 0.167 0.259 0.109 Rejected

Note. Path = path coefficient; SE = standard deviation; ***p < 0.001; **p < 0.01; *p < 0.05.

Fig. 3. Resolved research model. Note: At the intersections of the relationship 
lines are the path coefficients on the left and the p values on the right (inside 
the parentheses).
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6.2. Limitations and future studies

This study, while providing valuable insights, is subject to certain 
limitations that should be considered when interpreting its results. The 
primary limitation is the geographical focus on northern Peru, which 
may limit the generalizability of the findings to other cultural and so
cioeconomic contexts. Additionally, the use of nonprobabilistic sam
pling methods introduces potential selection bias, as participants who 
chose to complete the online survey may not be fully representative of 
the broader student population.

The cross-sectional nature of the study captures attitudes at a single 
point in time, precluding the observation of how these attitudes might 
evolve as students gain more experience with ChatGPT or as the tech
nology itself develops. Furthermore, the reliance on self-reported data 
may introduce biases such as social desirability or inaccurate self- 
assessment.

To address these limitations and further advance our understanding 
of attitudes toward ChatGPT in educational settings, future research 
could pursue several avenues. Expanding the study to diverse cultural 
and socioeconomic contexts would increase the generalizability of the 
findings. Employing probability sampling methods could mitigate se
lection bias and provide a more representative sample. Longitudinal 
studies would allow for tracking changes in attitudes over time, offering 
insights into how perceptions evolve with increased exposure and 
technological advancements.

Complementing self-report measures with objective methods, such 
as direct observation of ChatGPT usage or in-depth interviews, could 
provide a more nuanced and comprehensive understanding of students’ 
attitudes. Exploring additional moderating variables, such as academic 
discipline or level of technological skill, might uncover important fac
tors influencing attitudes toward ChatGPT. Finally, the use of mixed- 
method approaches, which combine quantitative surveys with qualita
tive interviews, could offer a more holistic view of student perceptions 
and experiences with this emerging technology.

7. Conclusions

This investigation, framed by Mitcham’s philosophical framework of 
attitudes toward technology, provides valuable insights into the psy
chological mechanisms underlying the adoption of ChatGPT among 
university students. The study’s findings illuminate the complex inter
play between the cognitive, affective, and behavioral components of 
attitudes toward this generative AI technology in the educational sector.

The key results of this research include the significant influence of 
both affective and cognitive components on the behavioral component 
of attitudes toward ChatGPT. This underscores the importance of stu
dents’ emotions, sentiments, beliefs, and perceptions in determining 
their intention to use this tool. Furthermore, the study revealed a posi
tive effect of the cognitive component on the affective component, 
suggesting that students’ emotional responses to ChatGPT can be shaped 
by their perceptions of its utility and informativeness.

Interestingly, the study revealed no substantial moderating effects of 
gender or age on the relationships between attitudinal components. This 
finding challenges some traditional assumptions about demographic 
factors in technology adoption and suggests the need for a more nuanced 
understanding of how individual characteristics interact with attitudes 
toward AI technologies in educational contexts.

These results substantially contribute to our understanding of the 
factors influencing ChatGPT adoption among university students. By 
elucidating the critical role of cognitive and affective components in 
attitude formation and their impact on behavioral intentions, this study 
establishes a solid foundation for future research and implementation 
efforts in educational practice.

The insights gained from this investigation have the potential to 
inform the development of effective strategies for encouraging the 
responsible use and adoption of ChatGPT in educational settings. By 

addressing the key factors that influence students’ attitudes, educators 
and administrators can work toward smoother and more effective inte
gration of this technology into the teaching–learning process.

Ultimately, this study represents a significant advancement in our 
comprehension of attitudes toward generative AI technologies in higher 
education. It opens new avenues for research in this rapidly evolving 
field, paving the way for further exploration of how these technologies 
can be best leveraged to enhance educational experiences and outcomes. 
As AI continues to transform the landscape of higher education, studies 
such as this will be crucial in guiding the development of policies, 
practices, and pedagogical approaches that maximize the benefits of 
these technologies while addressing potential challenges and concerns.
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Singh, N., Sinha, N., & Liébana-Cabanillas, F. J. (2020). Determining factors in the 
adoption and recommendation of mobile wallet services in India: Analysis of the 
effect of innovativeness, stress to use and social influence. International Journal of 
Information Management, 50, 191–205. https://doi.org/10.1016/j. 
ijinfomgt.2019.05.022

Sleiman, K. A. A., Jin, W., Juanli, L., Lei, H. Z., Cheng, J., Ouyang, Y., & Rong, W. (2022). 
The factors of continuance intention to use mobile payments in Sudan. Sage Open, 12 
(3). https://doi.org/10.1177/21582440221114333. Scopus.

Squalli Houssaini, M., Aboutajeddine, A., Toughrai, I., & Ibrahimi, A. (2024). 
Development of a design course for medical curriculum: Using design thinking as an 
instructional design method empowered by constructive alignment and generative 
AI. Thinking Skills and Creativity, 52. https://doi.org/10.1016/j.tsc.2024.101491. 
Scopus.

Strzelecki, A. (2023). Students’ acceptance of ChatGPT in higher education: An extended 
unified theory of acceptance and use of technology. Innovative Higher Education. 
https://doi.org/10.1007/s10755-023-09686-1. Scopus.

Strzelecki, A., & ElArabawy, S. (2024). Investigation of the moderation effect of gender 
and study level on the acceptance and use of generative AI by higher education 
students: Comparative evidence from Poland and Egypt. British Journal of Educational 
Technology. https://doi.org/10.1111/bjet.13425. Scopus.

Suh, W., & Ahn, S. (2022). Development and validation of a scale measuring student 
attitudes toward artificial intelligence. Sage Open, 12(2), Article 
21582440221100463. https://doi.org/10.1177/21582440221100463

Sun, J. (2005). Assessing goodness of fit in confirmatory factor analysis. Measurement and 
Evaluation in Counseling and Development, 37(4), 240–256. https://doi.org/10.1080/ 
07481756.2005.11909764. Scopus.

Svenningsson, J. (2020). The Mitcham Score: Quantifying students’ descriptions of 
technology. International Journal of Technology and Design Education, 30(5), 
995–1014. https://doi.org/10.1007/s10798-019-09530-8
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