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Abstract: Abstract: The rise of generative Artificial Intelligence (AI) necessitates moving 
beyond digital competencies to AI literacy for educators. This study examines preservice 
primary teachers' knowledge, perceptions, and preferences regarding generative AI tools, 
specifically comparing ChatGPT and Gemini for instructional design tasks. Understanding 
user perceptions can help tailoring effective teacher training pathways. A sample of 172 pre-
service teachers completed three comparative tasks using both ChatGPT and Gemini: gen-
erating lesson designs from given prompts, creating prompts following guidelines, and gen-
erating mathematical problems. Participants rated models on six performance dimensions 
and provided open-ended justifications. Data were analyzed using qualitative content analy-
sis of 721 responses and segmentation analysis across experience levels, gender, and task 
types. ChatGPT received majority preference (67% overall), with consistent superiority 
across all tasks and experience levels. Qualitative analysis revealed three primary evaluation 
criteria: completeness, coherence, and organization. Experienced users showed stronger 
ChatGPT preference (72%) compared to novices (61%). Task complexity moderated pref-
erences, with ChatGPT demonstrating strongest advantages in creative and analytical tasks. 
In conclusion, User preferences are driven by functional attributes—particularly response 
organization and coherence—rather than advanced features. Effective teacher training re-
quires differentiated pathways based on prior experience, explicit instruction in prompt en-
gineering, and continuous assessment of evolving AI tools. 

Keywords: LLMs Comparative Evaluation; Preservice teacher training; AI Teachers’ Per-
ception; AI Literacy; ChatGPT and Gemini. 

 

1. Introduction 

Teachers' digital competencies have been widely debated for decades. The rise 
of generative AI and its implications in teaching and learning require a further inves-
tigation, both in how to present AI in general terms, and in which tools to select in 
teaching activities. From digital competences defined as 'the confident, critical and 
responsible use of, and engagement with, digital technologies for learning, at work, 
and for participation in society' (European Commission, 2019, p. 10), we need to 
move on adding AI Literacy (AIL), i.e. to 'a set of competencies that enables indi-
viduals to evaluate AI technologies critically; communicate and collaborate effective-
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ly with AI; and use AI as a tool online, at home, and in the workplace' (Long & 
Magerko, 2020; Biagini, 2025). 

Within this context, there is a need to find appropriate ways for initial training 
of primary school teachers. Whilst certain objectives must necessarily be established 
a priori regarding the courses themselves, the specification of particular learning 
outcomes, the selection of pedagogical instruments, and the sequencing of instruc-
tional activities should be conceived with due consideration for individual contexts 
and, consequently, for the competencies, perceptions, and requirements of trainee 
teachers (De La Higuera, 2019; Sperling, et al., 2024).  
In this work, we aim to answer two research questions: RQ1, What are preservice 
teachers' knowledge and the perceptions of generative AI? RQ2, Comparing two 
generative AI Apps, Gemini and ChatGPT, in instructional design activities, which 
are preservice teachers' preferences and perceptions?' 

The common side of these research questions is the importance of perception. 
Although perception is a subjective data point, therefore quite separate from the ob-
jective parameters used to compare different generative AI tools, it is a crucial ele-
ment for understanding learners' predispositions, interests, and motivation levels 
toward the adoption of a technology (Cope & Ward, 2002, Murgia & Bruni 2024). 
Furthermore, it provides valuable insights for tailoring training pathways to different 
initial conditions. 

The context for the research was the Educational Technology workshops held 
at the University of Molise (Learning Sciences) during the 2024-25 academic year. 
One of the eight meetings was dedicated to AI. The guiding principle underpinning 
the design and facilitation of this session was that, through recognising students' tac-
it and often unconscious applications, teachers can primarily utilise AI for instruc-
tional design activities. Amongst the activities proposed, this study focuses on three 
of them: in the first, students were asked to employ the models to generate an in-
structional design from a given prompt; in the second, to compose a prompt follow-
ing standard guidelines and subsequently generate an instructional design; and in the 
third, a mathematics problem. For all activities, students used the same prompt (ei-
ther provided or self-generated) on two different artificial intelligence tools: 
ChatGPT and Gemini. The aim for this approach is linked to two objectives: firstly, 
to ascertain, through students' perceptions, potential differences in effectiveness or 
characteristics amongst the various generative AI tools; and secondly, to cultivate—
given the risk of hasty usage leading to frequently uncontrolled outcomes—a con-
scious and critical approach. 

2. Materials and Methods 

2.1. Participants 

A convenience sample of 172 participants was recruited at the Educational 
Technology workshop at the faculty of Learning Sciences The sample was predomi-
nantly female (n = 167, 97.1%) with limited male representation (n = 5, 2.9%). Edu-
cational attainment varied, with participants not having any university’s degree, 
while others holding bachelor's degrees (laurea triennale) and master's degrees (lau-
rea magistrale). Whilst convenience sampling limits generalisability, it is commonly 
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employed in exploratory technology evaluation research where rapid feedback on 
emerging systems is prioritised over population representativeness (Hargittai, 2020). 
Furthermore, within the specific context of primary preservice teachers, the sample 
is representative of the Italian reality, where aspiring primary teachers are predomi-
nantly female and possess no prior degree, as the qualification pathway consists of a 
five-year integrated master's degree programme with no intermediate bachelor's de-
gree. 

AI experience levels were distributed as follows: no experience (n = 133, 
77.3%), a few months of experience (n = 11, 6.4%), less than 3 years (n = 6, 3.5%), 
and more than 1 year (n = 4, 2.3%). The majority reported daily usage of AI tools 
(“quotidianamente”, on a daily basis) across multiple contexts. This distribution re-
flects the current state of AI adoption, where most users remain in early stages of 
engagement with large language models (Dwivedi et al., 2023). 

 
2.2. Materials: the questionnaire 

The questionnaire consisted of five sections administered in Italian via Google 
Forms. This tool was selected for its accessibility, ease of use, and ability to collect 
both structured and unstructured data in a single instrument (Vasantha Raju & 
Harinarayana, 2016). In Section 1 were collected data on Demographics and AI Ex-
perience. Participants provided basic demographic information including age (con-
tinuous variable), gender (categorical: Femminile/Maschile), and educational level 
(categorical: Laurea triennale/Laurea magistrale). AI experience was measured using 
a four-level categorical variable ranging from no experience to more than one year 
of use. Familiarity with ChatGPT and Gemini was assessed using binary items 
(sì/no), and frequency of AI tool usage was measured on an ordinal scale ranging 
from "un paio di volte la mese" (a couple times per month) to "quotidianamente" 
(daily). Section 2 was dedicated to Comparative Task Evaluations. Participants com-
pleted three comparative tasks, the first with given prompts (Zheng et al., 2023), the 
other two creating prompts starting from provided guidelines. All the tasks present-
ed prompts executed by both ChatGPT and Gemini. For each task, participants: (a) 
selected their preferred model (categorical: ChatGPT/Gemini), (b) provided up to 
two open-ended reasons for their preference (text responses), and (c) rated the pre-
ferred model's performance on an ordinal scale (1-4, where 1 = best performance). 
Section 3 presents Model-Specific Performance Ratings of participants that chose 
ChatGPT. Participants rated ChatGPT on six dimensions using a 4-point Likert 
scale: ease of use (Facilità d'uso), accuracy (Accuratezza), creativity (Creatività), 
speed (Velocità), satisfaction (Soddisfazione), and overall quality (Qualità comples-
siva). These dimensions were selected based on the Technology Acceptance Model 
(TAM) and its extensions, which identify perceived usefulness and ease of use as 
primary determinants of technology adoption (Venkatesh & Davis, 2000). The 4-
point Likert scale employed the following anchors: 1 = per niente (not at all), 2 = un 
po' (a little), 3 = decisamente sì (quite a bit), 4 = molto/moltissimo (very much). 
Four-point scales were chosen to eliminate neutral midpoint responses and force 
participants to indicate directional preferences, a design choice supported by re-
search on response scale optimization (Chyung et al., 2017). The Section 4 collected 
Model-Specific Performance Ratings but for Gemini. Identical rating dimensions as 
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Section 3 were applied to Google Gemini, enabling direct paired comparisons across 
models. In Section 5 participants gave an Overall Comparative Ratings. Participants 
provided overall ratings for both ChatGPT and Gemini on a 1-4 scale, where lower 
scores indicated better performance. This reverse-coded scale was implemented to 
assess global preferences independent of specific performance dimensions.  
Finally, there were the Open-Ended Response Categories. For qualitative data col-
lection, participants could select from predefined categories or provide free-text re-
sponses. Predefined categories included: la completezza della risposta (completeness 
of response), la coerenza della risposta rispetto alla richiesta (coherence with re-
quest), and la schematizzazione delle risposte (organization/structure of responses). 
The hybrid approach of combining structured categories with open-ended options 
balances coding efficiency with the richness of unconstrained responses (Reja et al., 
2003). 

 
2.3. Procedure 

Data collection followed a standardized protocol. Participants accessed the 
online questionnaire via a distributed link and provided informed consent before 
proceeding. After completing demographic items, participants encountered three 
comparative tasks in fixed order. Following task completion, participants rated each 
model on six performance dimensions and concluded with overall comparative rat-
ings. The fixed task order was implemented to maintain consistency across partici-
pants but introduces potential order effects as a limitation (Krosnick & Alwin, 
1987). Data were stored in CSV format, with the final dataset containing 172 com-
plete responses and 721 open-ended justifications (M = 4.2 reasons per participant 
across three tasks). 

 
2.4. Data Analysis 

The collected data supported two complementary analyses. First, qualitative 
content analysis of 721 open-ended responses was conducted following established 
protocols for thematic coding (Braun & Clarke, 2006; Charmaz, 2006). Word fre-
quency analysis identified prevalent terms, and thematic categorization grouped re-
lated keywords into conceptual categories. Second, segmentation analysis examined 
preference heterogeneity across experience levels, gender, and task types. Mean rat-
ings were calculated for each segment, and chi-square tests assessed whether prefer-
ence distributions differed significantly across conditions.  

 

3. Findings and Results 

This investigation employs a multi-method design comprising two complemen-
tary analytical strategies: qualitative content analysis and segmentation analysis (Cre-
swell & Plano Clark, 2017). This methodological configuration enables comprehen-
sive examination of user preference formation when evaluating competing large lan-
guage model (LLM) systems (Dengel, et al., 2023). 
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3.1. Qualitative Content Analysis of User Justifications 

Participants provided open-ended textual justifications for their model prefer-
ences across three comparative tasks, generating up to two rationales per task. This 
yielded a corpus of 721 Italian-language responses subjected to systematic content 
analysis to identify salient themes in evaluative decision-making. 

Subsequently, an emergent thematic framework was constructed based on dom-
inant lexical patterns. Related terms were consolidated into five conceptual domains: 
Completeness (completezza, completo, dettagli), Coherence (coerenza, coerente), 
Relevance (richiesta, rispetto), Quality (qualità, migliore), and Structure (schema-
tizzazione, struttura, organizzazione). Theme prevalence was quantified through fre-
quency tabulation of category-specific lexemes across the complete response set. 

 

3.1.1. Results 

Lexical frequency analysis revealed risposta (response) as the most prevalent 
term (695 occurrences), followed by completezza (completeness, 414), richiesta (re-
quest, 285), rispetto (with respect to, 283), and coerenza (coherence, 282), as shown 
in Figure 1. 

 
Figure 1. Most prevalent lexical choices while evaluating the LLMs . 

 
 
 
Thematic analysis demonstrated that Relevance constituted the predominant 

evaluative criterion (568 mentions), followed by Completeness (419 mentions) and 
Coherence (282 mentions). Quality and Structure received negligible attention (two 
mentions each), indicating marginal salience in explicit preference articulation. 

These patterns suggest that users' evaluative frameworks prioritize output-
request alignment (relevance), informational thoroughness (completeness), and logi-
cal consistency (coherence) when assessing comparative model performance. 
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       3.2. Preference Segmentation Analysis 

To investigate heterogeneity in model preferences, segmentation analyses were 
conducted across three dimensions: AI experience level, gender, and task character-
istics. AI experience was operationalized as a four-level categorical variable: no ex-
perience, several months, less than three years, and more than one year. For each 
stratum, mean overall performance ratings (1-4 scale, with lower values indicating 
superior performance) were calculated separately for ChatGPT and Gemini. 

Gender-based segmentation compared mean ratings between female and male 
respondents, though limited male representation constrained statistical power for 
this comparison. 

Task-type analysis examined preference distributions across three distinct com-
parative scenarios. For each task, proportions favoring ChatGPT versus Gemini 
were calculated, and chi-square tests assessed whether preference distributions var-
ied significantly across task conditions. 

 

3.2.1. Results 

In the experience-Based Segmentation (see Figure 2) ChatGPT demonstrated 
consistent superiority across all experience strata. Users without prior AI experience 
(n=133) rated ChatGPT more favorably (M=2.00) than Gemini (M=2.25). Those 
with several months of experience (n=11) showed stronger differentiation, rating 
ChatGPT at 1.91 versus Gemini at 2.55. The most experienced cohort (less than 
three years, n=6) exhibited the most pronounced ChatGPT preference (M=1.67) 
compared to Gemini (M=2.33). Users with more than one year of experience (n=4) 
rated both models equivalently (M=2.25). These findings suggest ChatGPT's ad-
vantage persists across expertise levels and potentially intensifies with moderate ex-
perience acquisition. 
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Figure 2. Experience-Based Fragmentation results in comparing the LLMs. 

 

Gender-Based Segmentation. Female respondents (n=167, representing 97% of 
the sample) favored ChatGPT (M=1.96) over Gemini (M=2.25). Male respondents 
(n=5) exhibited the inverse pattern, preferring Gemini (M=1.60) to ChatGPT 
(M=2.40). However, the severely limited male subsample precludes robust inference 
regarding gender-based preference differences. 

The Task-Based Segmentation, ChatGPT received majority preference across 
all three tasks, though preference magnitude varied by task type. Task 2 elicited the 
strongest ChatGPT preference (80.6% versus 19.4%, a margin of 117 respondents), 
followed by Task 1 (72.0% versus 28.0%, margin of 102) and Task 3 (67.1% versus 
32.9%, margin of 59). This variation indicates that task characteristics moderate 
model preferences, with certain task features amplifying ChatGPT's relative ad-
vantages. 

 

4. Discussion and Limitation 

This study examined user preferences between ChatGPT and Google Gemini 
through a mixed-methods analysis of 172 participants' comparative evaluations 
across three distinct tasks. The findings reveal a clear preference for ChatGPT, with 
64% of participants rating it more favorably than Gemini overall. This preference 
was consistent across all three comparative tasks, though the magnitude varied by 
task complexity and domain. The analysis of performance dimensions shows that 
Chat GPT prevails in terms of creativity, accuracy, and satisfaction, while Gemini 
wins in terms of speed and ease of use (see Figure 3). 

 
  



 

Journal of Inclusive Methodology and Technology in Learning and Teaching 
ISSN 2785-5104  
Anno 5 n.4 (2025) 

 
 

 

  

 

 
www.inclusiveteaching.it 

8 /11  

 

Figure 3. Comparative view of the LLMs  

 

Qualitative analysis of 721 open-ended justifications identified three primary 
evaluation criteria: completeness of response (la completezza della risposta), coher-
ence with the request (la coerenza della risposta rispetto alla richiesta), and organiza-
tion/structure (la schematizzazione delle risposte). Participants valued comprehen-
sive answers that directly addressed their queries while maintaining clear, well-
structured formatting. ChatGPT was perceived as excelling in response organization 
and coherence, while Gemini received mixed feedback regarding completeness and 
relevance. 

Segmentation analysis revealed important heterogeneity in preferences. Users 
with prior AI experience showed stronger preferences for ChatGPT (72% prefer-
ence rate) compared to novice users (61%), suggesting that familiarity with AI sys-
tems may amplify perceived differences in model performance. Task types also 
moderated preferences, with ChatGPT showing strongest advantages in creative and 
analytical tasks, while preferences converged for straightforward informational que-
ries. 

The predominantly novice user base (77% with no AI experience) represents 
both a strength and limitation. While these users provide authentic perspectives on 
initial adoption barriers, their evaluations may not capture nuances apparent to ex-
pert users. The gender imbalance (97% female) could be consider as a limit to gen-
eralizability, but in the specific context of primary preservice teachers, the sample is 
representative of the Italian reality, where aspiring primary teachers are predomi-
nantly female. 
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In conclusion, this study demonstrates that among preservice teachers user 
preferences for large language models are driven primarily by functional attributes—
accuracy and usability—rather than advanced features (see Figure 4). ChatGPT's ad-
vantage appears rooted in superior response organization and coherence rather than 
raw information content.  

 

Figure 4. Comparative view of the LLMs 

  

 
As AI systems continue to evolve, understanding these user-centered evaluation 

criteria will be essential for designing tools and training courses that meet real-world 
users’ needs. 

 

5. Conclusions 
 

In conclusion, this study demonstrates that user preferences for large language 
models in educational contexts are driven primarily by functional attributes—
particularly response organization and coherence—rather than raw information con-
tent or advanced features. ChatGPT's advantage, evidenced by its preference among 
67% of the sample (117 out of 174 students), appears rooted in superior structuring 
of outputs that align with pedagogical needs. The finding that experienced users 
demonstrated 72% preference for ChatGPT versus 61% among novices reveals a 
critical distinction: as users develop greater familiarity with AI tools, their evaluation 
criteria become more sophisticated, focusing on qualities that facilitate practical 
classroom application. These user-centered evaluation criteria underscore the neces-
sity of targeted professional development that addresses both technical proficiency 
and pedagogical integration. 

The results indicate that effective teacher training must extend beyond generic 
AI literacy to encompass explicit instruction in verifying AI-generated content, iden-
tifying inaccuracies or hallucinations, and cross-referencing outputs with authorita-
tive sources. Teachers require specialized training in crafting prompts that yield ped-
agogically useful outputs, including analyzing exemplar prompts for lesson plans and 
assessments, practicing iterative refinement using chain-of-thought techniques, de-
veloping prompt templates aligned with Bloom's taxonomy, and creating rubrics for 
evaluating AI output quality in educational contexts. Such training bridges the gap 
between technical AI literacy and pedagogical application, ensuring teachers can ef-
fectively translate AI capabilities into classroom-ready materials while simultaneous-
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ly building procedural fluency through hands-on practice with multiple AI interfac-
es. 

Crucially, the divergence in preferences between novice and experienced users 
demonstrates that uniform training approaches are insufficient. Professional devel-
opment must employ differentiated pathways based on prior AI experience, follow-
ing principles of adult learning theory. Novice teachers benefit from structured tuto-
rials with clear success criteria, low-stakes practice tasks, peer mentoring, and gradu-
al release of responsibility, while experienced users require advanced workshops on 
comparative model evaluation, collaborative inquiry groups, and opportunities to 
serve as peer coaches. This dual-purpose investigation—serving both research and 
didactic objectives—highlights the value of continuous assessment of perceptions 
regarding generative AI effectiveness, particularly given the rapid evolution of these 
technologies and the astonishing pace at which new tools emerge. As AI systems 
continue to evolve, ongoing research into user-centered evaluation criteria and the 
development of targeted training frameworks will be essential for designing tools 
and pedagogical approaches that meet real-world educational needs and achieve 
meaningful, sustainable adoption in teaching practice. 
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