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 Since ChatGPT-3.5 has been available to the public, the potentials and challenges regarding 

chatbot usage in education have been widely discussed. However, little evidence exists whether 
and for which purposes students even apply generative AI tools. The first main purpose of the 
present study was to develop and test scales that assess students’ (1) knowledge about ChatGPT, 
(2) actual ChatGPT usage and perceived value of use, and (3) attitude towards ChatGPT. Our 
second aim was to examine the intercorrelations between these scales, and to investigate 
differences (a) across five academic fields (i.e., human sciences, social sciences, teaching 
profession, health sciences, and law and economics) and (b) between stages of education (i.e., 
number of semesters). N = 693 students from various German universities participated in our 
online survey. Quality checks (Cronbach’s alpha, MacDonald’s omega, and confirmatory factor 
analyses) show satisfactory results for all scales. The scales all positively relate to each other, 
except for the knowledge and attitude scales. This means that more knowledge about ChatGPT 
is connected to a less favorable attitude regarding the generative AI tool. Lastly, MANOVA and 
subsequent Bonferroni corrected ANOVA tests show that ChatGPT is mostly used by law and 
economics students, and most frequently by students in the third year of higher education. 

Keywords: ChatGPT in higher education, student knowledge, student use, student attitude, 
scale development, assessment, large language models (LLMs) 

INTRODUCTION 

Since ChatGPT-3.5 (OpenAI, 2023) has been openly available to the public, the use of natural language 
processing (NLP) systems for generating texts has been a controversially discussed trend topic. While some 
try out these tools to explore and illustrate their capability, others find entertainment in evoking inaccuracies 
and provocative responses (Alkaissi & Mcfarlane, 2023; Mogali, 2023; Rasul et al., 2023; Rudolph et al., 2023; 
Shen et al., 2023; Xames & Shefa, 2023). 

Reactions in the educational field have been mixed. Various discussion papers emerged, highlighting the 
potentials and opportunities of ChatGPT for student learning, but also voicing concerns about its application 
in educational settings (Chan & Hu, 2023; Farrokhnia et al., 2023; Kasneci et al., 2023; Kooli, 2023; Lim et al., 
2023; Mills et al., 2023; Schön et al., 2023; Sok & Heng, 2023). Government departments and ministries have 
published handbooks for educational leaders and policy makers, providing guidance on integrating artificial 
intelligence (AI)-based applications in the classroom to enhance learning (Hessisches Kultusministerium, 
2023; Office of Educational Technology, 2023). Several research papers focus on the role of generative AI tools 
particularly in higher education (Cotton et al., 2023; Fauzi et al., 2023; Firat, 2023; O’Dea & O’Dea, 2023; Rasul 
et al., 2023; Rudolph et al., 2023a, 2023b; Schön et al., 2023; Sullivan et al., 2023). Schön et al. (2023) proclaim 
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that the use of AI-based applications will change higher education in its entirety, influencing the learning 
experience, the learning assessment, the teaching concepts, and the degree program regulations. 

However, little evidence exists whether and for which purposes students in higher education even apply 
generative AI tools (Bonsu & Baffour-Koduah, 2023; Strzelecki, 2023). Further, O’Dea and O’Dea (2023) argue 
that the usefulness of generative AI technologies to improve learning yet has to be demonstrated. In order to 
examine influences of these tools on educational outcomes in the first place, scales that assess the knowledge 
about these tools, the extent of generative AI tool usage, and the attitude toward these tools are needed. 
Therefore, the present study focuses on students’ knowledge about ChatGPT, their actual and intended 
ChatGPT use, and their attitude towards ChatGPT. It investigates how these constructs are related, and 
whether specific groups of students differ on these constructs. 

University Students’ Knowledge about Generative AI Tools 

Very few psychometrically evaluated instruments exist that assess knowledge about generative AI tools. 
Wang et al. (2022) developed the “artificial intelligence literacy scale”, consisting of twelve items on four 
dimensions (i.e., awareness, usage, evaluation, and ethics), with the dimension usage referring to the successful 
application of the AI tool (e.g., “I can skillfully use AI applications or products to help me with my daily work”). 
As is evident from the example, the items are based on self-assessments, which might be subjective.  

In a similar fashion, Laupichler et al. (2023) developed a scale to assess AI literacy of non-experts with 38 
items (e.g., “I can explain how machine learning works at a general level”), which students evaluated on a 
seven-point Likert scale (from “strongly disagree” to “strongly agree”). As for the scale developed by Wang, the 
assessment is highly subjective, and individuals with the same level of expertise might select very different 
categories. 

University Students’ Use of Generative AI Tools 

Measurement instruments assessing student use are also relatively sparse. Grájeda et al. (2023) focused 
on a private university in Latin America, assessing the five dimensions effectiveness use of AI tools, effectiveness 
use of ChatGPT, student’s proficiency using AI tools, teacher’s proficiency in AI, and advanced student skills in AI. The 
developed items for the scales were subject (i.e., field of study) and teacher specific, however. 

Strzelecki (2023) conducted a study at a Polish University to examine the predictors of students’ intended 
and actual use of ChatGPT. The intention to use ChatGPT was measured with three items that inquired about 
the general plan to use ChatGPT “in the future”, “in my studies”, and “frequently”. Actual ChatGPT use was 
assessed with a single item that asked about usage frequency. Bonsu et al. (2023) investigated the perceived 
usefulness, the ease of use, and the intentions to use ChatGPT in a diverse student sample at a Ghanaian 
university. The scales measuring perceptions and intentions of use consisted of seven items each, but actual 
ChatGPT use was assessed with a single item. Sallam et al. (2023) investigated the usage of ChatGPT in higher 
education in Jordan. The four usage subscales were perceived usefulness, perceived risks, perceived ease of use, 
and behavior. The behavior subscale consists of three items, inquiring about general ChatGPT use.  

The limitations of the scales employed in the described studies are that items were either very general or 
that the scale consisted of a single item. In several studies, the quality of the scales was not evaluated. Further, 
many of the studies are based on the technology acceptance model (TAM; Davis, 1989) or its extension, the 
unified theory of acceptance and use of technology (UTAUT) model (Venkatesh et al., 2003, 2012). Although TAM 
has been applied in various contexts involving new technologies (e.g., Liu et al., 2009), the model has 
limitations. The two scales developed by Davis (1989) assess the perceived usefulness of the technology and 
the perceived ease of use, but not the actual usage. The UTAUT model also identifies predictors of the 
intention to use a technology, and although the intention is considered a good predictor for actual technology 
usage (Davis, 1989), the actual usage is not measured. 

University Students’ Attitude towards Generative AI Tools 

Several scales measuring the general attitude toward AI exist (e.g., Schepman & Rodway, 2020; 
Sindermann et al., 2021), containing items such as “Artificial intelligence is exciting” (Schepman & Rodway, 
2020) or “I fear artificial intelligence” (Sindermann et al., 2021). However, instruments measuring the attitude 
towards generative AI tools are sparse. Sallam et al. (2023) developed an attitude scale specifically regarding 
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ChatGPT in higher education, which consists of 13 items assessing the three subscales perceived risks, 
technology/social influence, and anxiety. They base their scales on the TAM. 

The Present Study 

The main purpose of the present study was to develop short scales (with a maximum of 10 items) assessing 
students’  

(1) knowledge about ChatGPT,  

(2) actual ChatGPT usage and perceived value of use, and  

(3) attitude towards ChatGPT.  

Note that our interest lies in large language model (LLM) applications in general, not in a specific software. 
After careful consideration, we deliberately decided to examine ChatGPT in particular, as it is presently the 
most widely known. Specifically, we developed a knowledge scale, a usage scale, and an attitude scale, which 
all contain no more than ten items. We further evaluated the dimensionality and the reliability of the scales. 
A secondary aim was to examine the intercorrelations between the scales, and to investigate group 
differences  

(a) across academic majors and  

(b) between stages of education. 

The study is relevant insofar that students in higher education are increasingly learning online, using the 
Internet as their main source of information (Gasser et al., 2012; Maurer et al., 2019). The quality of web-
based texts varies considerably, and students are confronted with the task of finding, selecting, and 
integrating online information in an adequate manner (Molerov et al., 2020; Nagel et al., 2020). In recent years, 
a growing body of research emerged in this area, investigating students’ literacy and critical online reasoning 
skills (Koltay, 2011; Molerov et al., 2020; Murray & Pérez, n.d.; Nagel et al., 2020; Sparks et al., 2016; Zlatkin-
Troitschanskaia et al., 2021). For the 2025 cycle, the Programme for International Student Assessment (PISA) 
even initiated the assessment Learning in the Digital World, which focuses on students’ capacity to use 
technology for acquiring new knowledge and skills (PISA, 2023). The critical evaluation of internet and media 
content is a highly valued literacy, and one that both politicians and researchers deem relevant to promote 
(Hessisches Kultusministerium, 2023; National Research Council, 2012). The possibility of using generative AI 
tools adds to the information landscape, which increases the complexity of internet-based sources. Student 
knowledge and use of generative AI tools are relevant for investigating students’ digital literacy and their 
ability to critically evaluate online information. It is therefore important to have psychometrically evaluated 
instruments that assesses students’ knowledge about generative AI tools, use of generative AI tools, and 
attitude toward generative AI tools. In addition to the scale development, the present study investigates the 
relationship between the dimensions. Further, differences between academic tracks and between stages of 
education are examined. 

METHOD 

Construction of the Scales 

We constructed the three scales knowledge about ChatGPT, ChatGPT use, and attitude towards generative 
AI tools in a bottom-up process. For the knowledge scale, we searched peer-reviewed articles for common 
misconceptions about ChatGPT, which, for example, resulted in the item “ChatGPT may provide content that 
is not based on facts”. We further included well-documented errors ChatGPT makes, which a common user 
might not expect from an AI tool. This, for example, resulted in the item “ChatGPT can solve math problems 
reliably”. Lastly, we used our own experience from teaching courses, which, for example, resulted in the item 
“ChatGPT performs web searches” (for a full list of items, see Appendix A). 

Regarding the use scale, the potential theoretical foundations are the TAM (Davis, 1989) and its extended 
UTAUT model (Venkatesh et al., 2003, 2012). Since we aim to assess students’ actual – and not their intended 
– ChatGPT use in our study, we constructed our own items. We developed specific study-related tasks based 
on the recommendations for LLM usage in higher education. Researchers claim that LLMs can facilitate 
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adaptive learning when students use them as ‘personal tutors’ to help them understand a learning content 
better, as a writing tool, for example, for proofreading and editing, or for brainstorming (Chan & Hu, 2023; 
Cotton et al., 2023; Farrokhnia et al., 2023; Firat, 2023; Kasneci et al., 2023; Kooli, 2023; Lim et al., 2023; Rasul 
et al., 2023; Rudolph et al., 2023a; Sullivan et al., 2023). The items we developed are therefore direct and task 
specific (e.g., “I have used ChatGPT to get feedback on texts I wrote” or “I have used ChatGPT to have texts 
summarized”; for a full list of items, see Appendix A). 

The development of the items for the attitude scale was also a bottom-up process that was largely based 
on print- and online-media articles discussing ChatGPT, and on our own experience in constructing items that 
assess attitude. For example, several articles pointed out high energy costs (Kasneci et al., 2023; Rasul et al., 
2023), which resulted in the item “ChatGPT consumes too much electricity”. “Chatbots such as ChatGPT are 
among the most important inventions of the 21st century” is an item we developed to enquire about the 
perceived relevance of generative AI tools.  

After the construction, the items were evaluated by a group of subject matter experts. We revised the 
items accordingly. 

Procedure 

This study was approved by the ethics committee of the DIPF | Leibniz Institute for Research and 
Information in Education in Frankfurt. We sent the participation-invitation with the link to the survey to several 
colleagues from different fields and universities, who distributed it to students via e-mail, teaching platforms, 
and WhatsApp groups. The sample was therefore a convenience sample. We promoted the study by giving 
out amazon vouchers á 25 Euros to twenty randomly drawn participants. Entering the e-mail address to 
partake in the prize draw was optional. All participants gave their informed consent to the study. 

Participants 

Since we aimed at comparing students between different fields of studies and between stages of 
education, we used G*Power (version 3.1; Faul et al., 2009) to determine the necessary sample size prior to 
the data acquisition. Based on our recruiting strategy, we expected a larger body of students in at least four 
academic majors. For finding a medium effect of 𝑓𝑓 = .25 between four groups when calculating a one-way 
multivariate analyses of variance (MANOVA) with four dependent variables when fixing the type-I-error at 𝛼𝛼 =
.05 and the power at 1 − 𝛽𝛽 = .9, the required sample size was n = 31 students per group. With respect to the 
six stages of education (1. & 2. semester, 3. & 4. semester, 5. & 6. semester, 7. & 8. semester, 9. & 10. semester, 
and 11. & >11. semester), the required sample size was n = 19 students per stage of education. We kept the 
online survey accessible until those requirements were met. 

The participants of the study were N = 730 students at various German universities, who filled out the 
questionnaire in November and December of 2023. We excluded 5% of students with the fastest response 
times, since the majority of those students showed suspicious response patterns (i.e., consistently selecting 
the same category) on at least one of the three scales. The remaining sample of N = 693 students were at 
various stages in their curriculum (see Table 1), ranging from the first undergraduate semester, which 
typically lasts for six semesters in Germany, to students in an advanced phase of their graduate degree, which 
typically lasts for four semesters. The students fell into one of ten academic fields (see Table 1). Mainly 
represented in the sample were students studying human sciences, social sciences, teaching profession, 
health sciences, and law and economics. 

Measures 

Additional to the three main scales knowledge, use, and attitude, we included three global items in the 
questionnaire. The first one assessed how well students feel informed about ChatGPT (“I feel well informed 
about ChatGPT”) on a 4-point Likert scale from absolutely disagree to absolutely agree. The second global item 
asked about the general frequency of ChatGPT use (“How often do you use ChatGPT in context with your 
studies per month?”) on a 4-point Likert scale with the response options never, 1-2 a month, weekly, and (almost) 
daily. These two items were assessed prior to the three main scales. The third global item was included at the 
end of the questionnaire, inquiring whether universities should inform more about generative AI tools (“More 
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information should be provided about chatbots (such as ChatGPT) in university courses”) on a 4-point Likert 
scale from absolutely disagree to absolutely agree. 

The knowledge scale consisted of six items with a dichotomous response format (correct vs. incorrect) and 
an I don’t know option. We included a note on the top of the page, informing the students that the questions 
pertain to the free-of-charge version 3.5 of ChatGPT. In the use scale, items were formulated in the present 
perfect (i.e., “I have used ChatGPT to ...”). The ten items had four response options:  

a) No, I don’t intend to either,  

b) no, but I can imagine it, 

c) yes, but was not helpful, 

d) yes, was helpful.  

This response scale therefore reflects two dimensions:  

(1) dichotomous information about the usage (i.e., yes vs. no), and  

(2) the perceived usefulness of ChatGPT for the specific task (i.e., people who do not intend to use it or do 
not consider it helpful vs. people who intend to use it or are already using it and finding it helpful).  

The attitude scale consisted of eight items with a 4-point Likert scale from absolutely disagree to absolutely 
agree. 

Statistical Analyses 

In an initial step, we scored the responses on the knowledge scale such that responses in the I don’t know 
category were considered incorrect. We also rescored items such that a correct response was scored as 1 and 
an incorrect response as 0. For the use scale, we scored the responses on two dimensions: actual usage and 
use value (see Table 2). The actual usage dimension therefore informs about whether a particular ChatGPT 
interaction takes place whereas the value dimension informs about the perceived usefulness of a particular 
ChatGPT interaction. 
 

Table 2. Scoring of usage scale items to obtain the two dimensions actual usage and use value 
Response options No, I don’t intend to either No, but I can imagine it Yes, but was not helpful Yes, was helpful 
Actual usage 0 0 1 1 
Use value 0 1 0 1 

 

 

All analyses were conducted in R (R Core Team, 2023). The syntax for our empirical analyses in R and the 
data are available on OSF (https://osf.io/dqby5/). To check the internal consistency among the items within 
each of the dimensions, we estimated Cronbach’s alpha (Cronbach, 1951) and McDonald’s omega (McDonald, 
2013) using the psych package (version 2.3.9; Revelle, 2023) and the GPArotation package (version 2023.11-1; 
Bernaards & Jennrich, 2005), respectively. To test the unidimensionality assumption, we conducted 
confirmatory factor analyses (CFA) for each of the four dimensions knowledge, actual usage, use value, and 
attitude with the lavaan package (version 0.6-16; Rosseel, 2012). Model fit was assessed with the comparative 

Table 1. Number of students listed by academic field and semester 

Academic field 
1./2. 

semester 
3./4. 

semester 
5./6. 

semester 
7./8. 

semester 
9./10. 

semester 
11./>11. 

semester 
Human Sciences 28 21 22 21 11 28 
Sport Sciences 0 0 1 0 0 0 
Law and Economics 8 11 6 10 10 6 
Mathematics, Natural Sciences 3 3 1 0 1 0 
Health Sciences 0 44 4 1 2 3 
Agricultural, Forestry and Nutritional Sciences, Veterinary 
Medicine 

0 0 0 0 0 0 

Engineering Sciences 2 3 1 1 3 3 
Art Sciences 3 3 1 1 1 0 
Social Sciences 48 40 28 35 37 37 
Teaching Profession 40 33 32 31 38 27 
Total 132 158 96 100 103 104 
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fit index (CFI), the Tucker-Lewis index (TLI), the root-mean-square error of approximation (RMSEA), and the 
standardized root-mean-square residual (SRMR). According to Hu and Bentler (1998), CFI and TLI values above 
.9, RMSEA values below .05, and SRMR values below .08 indicate a satisfactory to good model fit. 

After the evaluation of the scales and the decision of whether to drop any of the items, we estimated the 
latent correlations between the four scales, running a four-factor CFA model. To investigate differences  

(a) across academic majors and  

(b) between stages of education, we conducted two one-way MANOVA, one for each factor.  

Note that the data-base slightly differed between the two: For the MANOVA across academic majors, we only 
included students from the five main academic fields health sciences, human sciences, law and economics, 
social sciences, and the teaching profession; between stages of education, all students were included. For 
each MANOVA, the four dependent variables were the mean scale scores on the four dimensions. Note that 
the number of groups regarding the academic major comparison slightly differs from the one we used in our 
power analysis. However, for a comparison of five groups, a smaller number of students per group is 
necessary (20 students per group), which means our sample suffices to detect a medium effect. After testing 
whether the assumptions for conducting a MANOVA hold, we calculated the MANOVAs, and added post-hoc 
Bonferroni adjusted ANOVAs separately for each scale. 

RESULTS 

Descriptive Analyses 

Regarding the global items, the results showed that most students rather agree to the statement that they 
feel well informed about ChatGPT (M = 2.66, SD = 0.76). Most students use ChatGPT only once or twice a month 
(M = 2.17, SD = 0.91). The majority of the students want to learn more about ChatGPT at their university (M = 
3.37, SD = 0.74). 

With respect to knowledge about ChatGPT, most students know that ChatGPT sometimes provides content 
that is not based on facts. The item which most students answer incorrectly was the one asking about ChatGPT 
reliably solving mathematical tasks, which many students believed to be true (see Table B1, Appendix B). 
Students mostly use ChatGPT to clarify subject content, and to get an overview of a new topic (see Table B2, 
Appendix B). They rarely use it for motivation or advice about their management. Regarding the items on the 
attitude scale, students are hardly concerned about ChatGPT needing too much energy or not being 
transparent with regard to the underlying text basis. Most agree to the item stating that Chatbots are among 
the most important inventions of the 21st century (see Table B3, Appendix B). 

Scale Evaluation 

Internal consistency was acceptable for all four dimensions (see Table 3). For the knowledge scale with a 
Cronbach’s alpha below .6, we checked if removing any of the items would improve reliability, which was not 
the case. Note that this scale is the shortest one with only six items, and Cronbach’s alpha increases with test 
length (Cronbach, 1951). 
 

Table 3. Reliabilities and model fit indicators of CFA for the four scales knowledge about ChatGPT, actual 
usage of ChatGPT, the value of ChatGPT use, and attitude towards ChatGPT 
 α ω CFI TLI RMSEA SRMR 
Knowledge 0.57 0.84 .95 .92 .06 .07 
Actual usage 0.78 0.91 .95 .94 .08 .11 
Use value 0.78 0.92 .93 .91 .10 .12 
Attitude 0.70 0.82 .96 .94 .08 .06 

 

 

The CFA for the knowledge scale revealed good model fit indicators (see Table 3). For the actual usage and 
the use value scales, the values were moderate (see Table 3). Given that the two dimensions were constructed 
by scoring the students’ item responses on two dimensions, the results are still remarkable. The attitude 
dimension showed acceptable values (see Table 3).  
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Taking all quality checks into account, the scales work well in measuring knowledge, actual usage, use value, 
and attitude. We decided against removing any of the items for the consecutive analyses, since none of them 
decreased the reliability except for the item “Chatbots such as ChatGPT are amongst the most important 
inventions of the 21st century” on the attitude scale, which is probably due to the fact that people respond to 
it irrespective of other concerns regarding the chatbot. The correlation to the remaining rather critical 
statements is therefore lower. In terms of its content, we argue that it measures the attitude dimension and 
therefore kept it in our analyses. Future users of this scale might consider removing it. 

Relationships Between Dimensions 

The latent correlations between the four dimensions are depicted in Table 4. The highest correlation is 
between actual usage and use value, which makes sense and is also the result of both dimensions stemming 
from the same item response. However, the two dimensions measure different constructs, which is also 
evident in the deviating correlations to the other dimensions. For example, ChatGPT knowledge has a medium 
correlation with actual ChatGPT use but a low correlation with the value of ChatGPT use. The attitude toward 
ChatGPT has a medium positive relationship with actual usage and use value, but a weak negative relationship 
to knowledge. Obviously, people who are better informed about ChatGPT have a more critical attitude toward 
it. 
 

Table 4. Latent correlation coefficients (and standard errors) between the four dimensions knowledge about 
ChatGPT, actual usage of ChatGPT, the value of ChatGPT use, and attitude towards ChatGPT (confidence 
intervals are displayed in the upper triangle) 
 1 2 3 4 
1. Knowledge 1 [.45, .63] [.08, .30] [-.30, -.08] 
2. Actual usage .52 (.046) 1 [.59, .72] [.23, .41] 
3. Use value .19 (.054) .66 (.032) 1 [.41, .57] 
4. Attitude -.19 (.056) .32 (.046) .49 (.041) 1 

 

 

Group Comparisons 

Between different study fields 

The mean scale scores for the five main academic fields health sciences, human sciences, law and 
economics, social sciences, and the teaching profession are depicted in Figure 1. Differences between the 
five fields are smallest on the knowledge scale and largest regarding actual usage. 

 

 
Figure 1. Mean scale scores for different study fields. Note that the attitude scale has a different metric (scale 
from 0 to 3) than the others (dichotomous 0/1). (Source: Authors) 
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The assumptions for conducting a MANOVA were met: The Q-Q plot to assess the multivariate normality 
of the variables showed no outliers, and Box’s M test for homogeneity of the variance-covariance matrices 
was not significant. Using the Mahalanobis distance test, we detected one outlier, which was removed from 
the MANOVA. The one-way MANOVA to determine whether there is a difference between the five study fields 
on ChatGPT variables (knowledge, actual usage, use value, and attitude) was significant (𝐹𝐹(4, 656) = 2.45, 𝑝𝑝 =
.001, partial eta squared =  0.01). Subsequent Bonferroni-adjusted ANOVA tests per dependent variable 
showed significant differences between the five study fields only regarding actual usage (𝐹𝐹(4, 656) = 3.89, 𝑝𝑝 =
.004). Students in health sciences use ChatGPT the least while students studying law or economics use it the 
most. The effect size was low (𝜂𝜂2 = .02), however, meaning that that the study field did not have much 
explanatory value. 

Between years of education 

Descriptively, the knowledge about ChatGPT is greater for students who are at least in their second year 
of higher education as compared to those who are in their first year (see Figure 2). Actual usage is greatest 
for students who are in their third year of higher education. The value of usage seems rather unaffected by 
years of education. A positive attitude is highest in the first year of education. 

 

 
Figure 2. Mean scale scores for different semesters. Note that the attitude scale has a different metric (scale 
from 0 to 3) than the others (dichotomous 0/1). (Source: Authors) 
 

As before, we conducted tests of whether the assumptions for conducting a MANOVA all held, which was 
the case. Again, we excluded one outlier – the same one – from the MANOVA. Results reveal a significant 
difference between years of education on ChatGPT variables (𝐹𝐹(5, 686) = 2.73, 𝑝𝑝 < .001, partial eta squared =
 0.02). Post-hoc Bonferroni-adjusted ANOVA tests per dependent variable showed significant differences 
between the years of education regarding knowledge (𝐹𝐹(5, 686) = 4.03, 𝑝𝑝 = .001, 𝜂𝜂2 = .03) and actual usage 
(𝐹𝐹(5, 686) = 4.41, 𝑝𝑝 < .001, 𝜂𝜂2 = .03). Students at the beginning of their studies know the least about ChatGPT 
and are also the ones who use it the least. Students towards the end of their bachelor’s or master’s degree 
know the most and use it the most, especially those in their 5th or 6th semester (i.e., typically toward the end 
of a bachelor’s degree). 

DISCUSSION 

The release of ChatGPT has raised controversies and concerns in the education sector. Practitioners and 
educational researchers are only just beginning to investigate and understand its implications for students 
and educational institutions. The purpose of the current study was to provide measurement instruments with 
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which students’ knowledge about ChatGPT, their actual usage and perceived value of ChatGPT use, and their 
attitude towards ChatGPT can be assessed. These could be beneficial for future research, for example, to 
answer the question of whether heavy ChatGPT use hinders the development of certain skills such as problem 
solving or critical thinking. We further investigated the relationship between the four dimensions, and 
whether differences exist between academic tracks or between stages of education. 

Our results showed satisfactory qualities of the developed scales. This means that they can be used in 
future studies that aim to assess any of the four dimensions knowledge, actual usage, value of use, or attitude. 
We further found that students who use ChatGPT more frequently also perceive it as more valuable, they 
know more about it, and their attitude toward it is more positive. At the same time, students with more 
background knowledge about the tool are more critical towards it. Another finding of the study was that 
general usage was not very high, with most students using it only once or twice a month. Law and economics 
students show the highest use, whereas students in health sciences use it the least. There were no significant 
differences between study fields on the other three dimensions. Regarding the stages of education, actual 
usage and knowledge were lowest for the first and second-semester students. 

Our findings are in line with previous studies investigating students’ attitudes toward ChatGPT, indicating 
that these are generally positive (Abdaljaleel et al., 2024; Grájeda et al., 2023; Sallam, 2023). However, 
differences in student ChatGPT knowledge, use, and attitude are probable between different countries and 
other sub-populations, especially where exposure to generative AI tools is not as prevalent. Abdaljaleel et al. 
(2024) for example showed that the country of residence and the grade point average (GPA) were significant 
predictors of ChatGPT usage. Grájeda et al. (2023) even showed differences between students from distinct 
academic disciplines, which also existed in some of the study fields we investigated. 

More future research is needed to understand how the use of generative AI affects the educational 
process (Firat, 2023). A current line of research focuses on integrating generative AI tools into the feedback 
process, for example, for essay writing or to give personalized formative feedback during problem-solving 
tasks (Banihashem et al., 2024; Küchemann et al., 2024). Despite the voiced fears that the use of generative 
AI tools might hinder the development of problem-solving skills (Chan & Hu, 2023; Farrokhnia et al., 2023; 
Kasneci et al., 2023; Sok & Heng, 2023; Sullivan et al., 2023), Kasneci et al. (2023) also see the possibility of 
LLMs enhancing students’ critical thinking skills in the classroom. Overall, generative AI tools have the 
potential to improve educational outcomes (Noroozi et al., 2024). However, a beneficial use of such tools must 
be trained and need a responsible integration into educational practices (Küchemann et al., 2024; Noroozi et 
al., 2024).  

A limitation of our study is that it is not representative of all students in Germany. Several study fields are 
not represented at all. Also, the fact that we drew a convenience sample may distort the average values on 
the scales – overall and for the group comparisons. Since some of the colleagues we asked to distribute the 
link to the online survey only taught one or two courses at the time, students in a particular semester 
dominated the entire study field. This was particularly prevalent in health sciences, where the majority of the 
participants were in their third or fourth semester. This means that the study year and the study field are not 
completely independent of each other in our sample, which is relevant to keep in mind when interpreting 
results on group differences. Another limitation of the study is that we used manifest aggregated values, 
which contain measurement error, for the group comparisons. The differences between the groups could 
theoretically also be estimated in a structural equation model with the four dimensions as latent factors and 
the group variables as predictors. However, we decided against this approach, since our sample size per study 
field was rather small for such a complex model with potentially free item loadings for all groups. 

Overall, the scales we developed lay the groundwork for further empirical investigations in investigating 
students’ literacy and critical online reasoning skills, as they allow the assessment of four relevant and person 
specific dimensions regarding generative AI use. They are applicable to students at various educational stages 
and can be adapted to other generative AI tools. Clearly, the item content needs to be updated continuously 
as changes in technology and the performance of the LLMs occur. 
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CONCLUSION 

The usage of generative AI in educational settings is a pertinent topic, which brings opportunities and 
challenges. This study provided first valuable insights into students’ current knowledge, actual use, perceived 
usefulness, and attitude towards ChatGPT as well as tools for assessing these dimensions. Generative AI 
literacy is closely linked to digital literacy and critical online reasoning skills and needs to be taken into 
perspective in terms of interrelations and a differentiation. All three are highly valued skills that need to be 
trained and promoted. It is therefore relevant to pursue this line of research, and to integrate its results into 
recommendations for generative AI implementation in educational settings. 
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APPENDIX A 

 
 
 
 
  

Table A1. Full list of items 
Scale Items 
Global I feel well informed about ChatGPT. 

How often do you use ChatGPT in the context of your studies per month? 
There should be more information about chatbots (such as ChatGPT) in university teaching. 

Knowledge ChatGPT can reliably solve mathematical problemsa. 
ChatGPT provides the same answer to the same questiona. 
ChatGPT is designed to imitate human speech behavior as closely as possible. 
ChatGPT performs web searchesa. 
ChatGPT may provide content that is not based on facts. 
ChatGPT retrieves daily updated informationa. 

Use I have used ChatGPT to get feedback on the texts I created. 
I have used ChatGPT to have content explained to me that was not immediately clear to me in 
class/lecture. 
I have used ChatGPT to create an outline for a writing project. 
I have used ChatGPT to have emails pre-written for me. 
I have used ChatGPT to have texts summarized. 
I have used ChatGPT to get an overview of a topic that was new to me. 
I have used ChatGPT to get content ideas for a paper. 
I have used ChatGPT to create text modules. 
I have used ChatGPT to motivate myself for a task (e.g. using ChatGPT to talk about my stress and 
anxiety). 
I have used ChatGPT to get advice (e.g. on time management). 

Attitude ChatGPT is reliable. 
ChatGPT harbors risks when using personal dataa. 
ChatGPT reproduces stereotypes and prejudicea. 
The use of ChatGPT leads to problems with copyrightsa. 
ChatGPT consumes too much powera. 
Chatbots such as ChatGPT are amongst the most important inventions of the 21st century. 
ChatGPT is not transparent with regard to the underlying text basisa. 
ChatGPT contributes to the spreading of misinformationa. 

aItems were reverse coded 
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APPENDIX B 

 
 

 

Table B1. Descriptive data for knowledge scale 
Item M SD 
1a 0.16 0.37 
2a 0.54 0.50 
3 0.61 0.49 
4a 0.27 0.45 
5 0.75 0.44 
6a 0.42 0.49 

aItems were reverse coded 

Table B2. Descriptive data for use scale 
Item M SD 
1 2.39 1.16 
2 2.96 1.19 
3 2.50 1.19 
4 2.19 1.22 
5 2.69 1.18 
6 2.96 1.18 
7 2.71 1.23 
8 2.25 1.22 
9 1.41 0.84 
10 1.56 0.91 

 

Table B3. Descriptive data for attitude scale 
Item M SD 
1 1.61 0.65 
2a 0.96 0.78 
3a 1.42 0.83 
4a 0.96 0.81 
5a 1.96 0.84 
6 1.87 0.87 
7a 0.87 0.77 
8a 1.16 0.77 
Items were re-coded onto a scale from 0 to 3. 
aItems were reverse coded 


	INTRODUCTION
	University Students’ Knowledge about Generative AI Tools
	University Students’ Use of Generative AI Tools
	University Students’ Attitude towards Generative AI Tools
	The Present Study

	METHOD
	Construction of the Scales
	Procedure
	Participants
	Measures
	Statistical Analyses

	RESULTS
	Descriptive Analyses
	Scale Evaluation
	Relationships Between Dimensions
	Group Comparisons
	Between different study fields
	Between years of education


	DISCUSSION
	CONCLUSION
	REFERENCES
	APPENDIX A
	APPENDIX B

