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Text-To-Image (TTI) generators are becoming widely used and are often promoted as "democratizing" the 
making of images independently of the skill set of the user. But relatively little is known about whether people 
with different educations, skill sets and literacies use these tools differently, and how their backgrounds 
influence the quality of the results. In this article we investigate the impact of Visual Literacy (VL), AI Literacy 
(AIL) and Prompt Engineering Literacy (PEL) on prompt use. More precisely we are examining how they each 
impact prompt usage patterns, linguistic and semantic composition, and the structure and morphology of 
prompts. Additionally, we employed Process Analysis to investigate how participants with different literacy 
approach the creative design process with TTI. Our results show that individuals scoring high on Visual Literacy 
(VL) tend to employ a larger vocabulary and more nuanced language, greater prompt variety and make more 
references to art genres, styles, and movements. In contrast, participants scoring high AI Literacy (AIL) 
demonstrated a deeper understanding of AI interaction, influencing their prompting strategies, and tended to 
adhere closely to the exact wording of the brief, treating it as precise specifications. The study's findings have 
the potential of significantly impacting educations, both by actively teaching students to experiment with 
prompt variations and deepen expressive visual vocabulary as well as designing curricula that incorporate 
structured exercises on iterative prompt refinement, explicitly teaching how to adjust prompts based on AI 
output to achieve desired visual outcomes. 

1 Introduction  
The advent of text-to-image (TTI) generation tools such as Dall-E (2024. Dall-E) and MidJourney 
(2024a. Midjourney), powered by generative artificial intelligence (AI), has revolutionized the way 
users create visual content. These tools, which translate textual prompts into images, have found 
applications in various domains, including art (Sivertsen et al. 2024), design (Zhou et al. 2024), 
education, and marketing, offering new creative possibilities and processes. This paper explores how 
factors such as users’ education in visual design and information technology, technical proficiency with 
generative AI influences the use and perception of text-to-image generators.  

Previous research has highlighted the importance of user background in the adoption and effective 
use of AI technologies (Druga et al. 2022). For instance, studies have shown that users with higher 
levels of education and technical literacy are more adept at leveraging AI tools for complex tasks (Han 
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et al. 2024). Additionally, there is some evidence that technical knowledge might play a crucial role in 
the ability to effectively use complex AI tools, with more experienced users often achieving better 
results and having a more positive experience (Stolpe and Hallström 2024). Furthermore, prior 
exposure to AI technologies can shape user expectations and satisfaction, as familiarity with AI 
capabilities can lead to more realistic and informed interactions (Morandini et al. 2023). Despite these 
insights, there remains a gap in understanding precisely how these factors collectively influence the 
process of generating images with text-to-image tools. 

To understand how different user groups engage with TTI tools and what background factors 
contribute to their success or challenges, we conducted a mixed-method exploratory study on based 
on 25 users, using a real-world design task. Our prior work (Canossa et al. 2025) aimed at providing a 
more fine-grained view of performance by evaluating not only the aesthetic value of generated 
images, but also if they are appropriate for a realistic function in a professional setting. The results of 
our preliminary study found no impact of any literacy (Visual, AI or Prompt Engineering) on the general 
visual appeal of the generated images, participants with high AI literacy reported more understanding 
of the TTI process, while images created by participants with high visual literacy were rated as better 
fulfilling the stated visual design task as such. The focus of this paper is to investigate the impact of 
Visual Literacy, AI Literacy and Prompt Engineering Literacy on prompt use. More precisely we are 
examining how the three different types of literacy impact users’ prompt usage patterns, linguistic 
and semantic composition, structure and morphology of prompts. Specifically, we seek to answer the 
following research questions (RQs): 

RQ1 - The Impact of Visual Literacy, AI Literacy and Prompt Engineering Literacy on prompt use:  
How do the three different types of literacy (VL, AIL, PEL) impact prompt usage patterns, linguistic and 
semantic composition, structure and morphology of prompts? 

RQ2 - AI-Assisted Creativity Process Analysis How do participants with different literacy approach the 
design process with TTI? 

We answer RQ1 by testing the following three hypotheses: 

• H1 Participants with higher visual literacy will use a larger vocabulary and will have finer-grained 
control of the domain. 

• H2 Participants with higher visual literacy will make more references to artists and art movements 
as well as to style in general. 

• H3 Larger vocabulary, use of expert language, and use of artistic references can predict Visual 
Appeal. 

And we answer RQ2 by analyzing the participants’ think-aloud and interview data through process 
analysis. 

Our process analysis revealed that participants with high AI literacy report a deeper understanding of 
the computational creativity process. They are more willing to accept a co-creation position with TTI 
tools, even if this understanding has no impact on the quality of the images produced. Meanwhile, 
participants with high visual literacy expect a higher degree of control and are somewhat unsatisfied 
with the process. We found that higher prompt engineering and AI literacy does not increase 
participants’ perceived control on the computational creativity process. 
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This insight shows that design education needs to focus on teaching students to translate 
sophisticated visual ideas into effective textual prompts and to manage expectations regarding AI 
control, exploring hybrid workflows where AI provides ideation. It also showed that Prompt 
Engineering Literacy develops dynamically, suggesting that educational programs should incorporate 
hands-on iterative prompting exercises. For technical education, process analysis indicated that 
students with high AI Literacy have a deeper understanding of computational creativity, implying a 
need to promote insights into AI’s interpretative mechanisms to foster better AI-assisted design 
process. 

2 Related Work 

2.1 Generative AI in Design  

Text-to-Image (TTI) models produce visual data from text prompts (Feuerriegel et al. 2023). TTI tools 
are a recent and rapidly developing field, moving towards human-AI co-creation with significant socio-
technical implications (Oppenlaender 2022). While TTI models have been shown to improve efficiency 
in the ideation phases of visual design, there is debate whether they make design education obsolete, 
allowing anyone to be creative with TTI, or if AI should function to augment designers (Feuerriegel et 
al. 2023; Van Der Maden et al. 2024). This underscores the importance of understanding how humans, 
especially designers, utilize TTI tools in their creative process (Ardhianto and Nababan 2023). Research 
indicates benefits like aiding ideation and supporting the representation of design ideas (Feldman et 
al. 2017). It’s argued that AI should primarily augment designers based on their expertise, rather than 
replacing them, and AI can help open creative perspectives (Hanafy 2023). While models for this 
process exist and evidence suggests AI assists various design stages, obstacles include the technology’s 
early stage, problems with realism, and potential prompt misunderstanding (Wu et al. 2021). Despite 
acknowledging these advantages and limitations (Lin et al. 2024; Oppenlaender 2022; Van Der Maden 
et al. 2023; Wadinambiarachchi et al. 2024; Zhu et al. 2018), there is a significant lack of research on 
the human-AI design process itself and how AI might either eliminate or create the need for specific 
human competencies in the design space (Turchi et al. 2023). 

2.2 Prompt Engineering and Prompt Analysis for Text-to-Image  

Prompt engineering involves crafting effective prompts to achieve desired AI outputs (Jiang et al. 
2022a, b; Reynolds and McDonell 2021; Yang et al. 2022). Challenges include managing task 
granularity, abstraction levels, request scoping, and users’ potentially inaccurate mental models of the 
AI. Factors like lengthy instructions can negatively affect effectiveness, while word order is important. 
Strategies like constraining vocabulary and using examples can be employed (Liu et al. 2023; Lu et al. 
2022; O’Connor and Andreas 2021). 

Existing work on analyzing users’ prompts for TTI often uses large datasets such as the Midjourney 
Discord dataset (2024b. Midjourney Discord Dataset) or DiffusionDB (2024. DiffusionDB). Borrowing 
techniques from web query analysis, researchers have used topic modeling to develop taxonomies of 
specifiers used in prompts. Examples of taxonomies include Sanchez’s subject, medium, influence, 
light, color, composition, detail, context, and Xie et al.’s subject, form, and intent (Sanchez 2023; Xie 
et al. 2023). Other researchers use smaller-scale user studies, such as using interviews and 
observations, to uncover user strategies in depth. For example, Almeda et al. identified strategies like 
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Iterative Prompt Exploration, Parametric Manipulation, and Semantic Explorations (Mahdavi Goloujeh 
et al. 2024). Goloujeh et al. noted strategies like "overview and details" (where adjectives increase 
efficiency), "omitted words," "reordering or rephrasing," "refining parameters," "reroll and make 
variations," and "descriptive sentences" (Almeda et al. 2024; Zamfirescu-Pereira et al. 2023). Finally, 
ethnographic approaches have also been adopted. For instance, Oppenlaender provided insights into 
both taxonomy (including Subject, Style modifier, Quality booster) and strategies (Define, Modify, 
Solidify, Vary) for iterative prompt writing (Oppenlaender 2022). 

2.3 Visual, AI, and Prompt Engineering literacy  

In order to operationalize users’ relevant skills, we need to investigate the foundational concepts of 
literacy pertinent to AI-assisted visual design. We intend to challenge the notion that TTI tools can 
entirely level the creative playing field, as claimed by tech companies such as Midjourney. Our 
previous work showed that a user’s background does indeed still influence the quality of outputs and 
the human-AI collaboration process (Canossa et al. 2025). We adopt UNESCO’s definition of literacy 
as "the ability to identify, understand, interpret, create, communicate and compute, using printed and 
written materials associated with varying contexts" (2024. UNESCO). Within this framework, we define 
three specific types of literacy relevant to the study, and we will profile al the users in our sample 
according to these literacies: 

Visual Literacy (VL) refers to the ability to "read and write visual language" – to successfully interpret 
and compose meaningful visual messages (Avgerinou and Ericson 1997). For our study, we are 
particularly interested in foundational visual design competency of 2D composition. It encompasses 
the competency of arranging visual elements such as line, shape, color, and brightness, and applying 
design principles like balance and symmetry. This competency is typically part of the visual arts and 
design education (Gardner 1970; Ruskin 1857). 

AI Literacy (AIL) refers the competencies enabling individuals to critically evaluate AI technologies, 
communicate and collaborate effectively with AI, and use AI as a tool (Long and Magerko 2020). It is 
built upon digital literacy and involves aspects of knowing, understanding, using, applying, evaluating, 
and creating, implying that individuals trained in using or building AI tools would possess a certain 
level of this literacy (Ng et al. 2021). 

Prompt Engineering Literacy (PEL) refers to the ability to communicate with and direct generative AI 
systems without requiring computer programming expertise (Maloy and Gattupalli 2024). While some 
suggest a degree of AI literacy is necessary for complete PEL (Knoth et al. 2024; Maloy and Gattupalli 
2024), the study operationally treats it independently because generative AI tools are becoming 
increasingly accessible to designers without AI knowledge. We thus focus on users’ practical 
experience with the specific syntax and vocabulary of TTI prompting. 

3 Methods 
To ensure a meaningful comparison, we used a purposive sampling strategy to recruit participants 
from technical programs (e.g., Computer Science and Data Science) at a technical university and from 
visual design programs at a design college in a large Northern European city. We used a mix of on-site, 
online, and snow-ball recruitment. We asked participants to answer a questionnaire that helped us 
profile them according to Visual, AI and Prompt Engineering literacies and selected only participants 



5 
 
 
 

with relatively high technical or visual literacy. We only included students in their last year of 
Bachelor’s or in their Masters’s’ study to ensure relatively high expertise in their areas of study. The 
procedure followed human subject research guidelines at the authors’ institutions as well as relevant 
GDPR rules for data storage. 

3.1 Procedure  

After informed consent, participants were asked to provide basic demographic information such as 
age, gender, and educational background. Their major (visual design, CS/data science) provides a 
strong indicator of their literacy in that area but additionally we administered participants a short 
survey (11 4-point Lickert-scale items) to further measure their competency in all three types of 
literacy, since participants may have high literacy outside their primary degrees. We chose a 4-point 
Lickert-scale assessment as it forces participants to not select neutral answers. We developed these 
questions based on literature (Long and Magerko 2020) and by consulting experts in visual design and 
AI. Experts were recruited among the faculty of visual design (4 experts) and technical (2 experts) 
colleges. Participants were then scored and profiled according to their Visual, AI and Prompt 
Engineering Literacies. 

To measure their Visual Literacy, the survey asked about the participants’ visual design experience 
(e.g., “How many hours per month do you spend drawing/designing or expressing yourself visually?") 
and visual design knowledge ("How familiar are you with visual composition concepts such as contrast, 
rhythm, balance, proportion, and harmony?"). For AI Literacy, the participants were asked about their 
AI literacy, such as “How much knowledge of Artificial Intelligence (AI), including Machine Learning 
and data science, do you have?” and “How often do you use AI and machine learning-based consumer 
applications, such as chatbots, image or text generators, etc.?” While we specifically target 
participants in study programs associated with Visual and AI literacy respectively, these survey 
questions can help us identify participants with both. Finally, for Prompt Engineering Literacy, 
participants were asked about their familiarity with Text-to-Image tools such as Dall-E, MidJourney, 
and Stable Diffusion, how frequently they utilized those tools and how much experience they have 
with prompt engineering. 

Next, participants were given a design task to create an image of a Brutalist medieval castle of their 
own design. The task brief (Fig. 1) outlined thematic requirements details and provided some 
inspirations. This task is used by MOOD Visuals (2024. Mood Visuals), a commercial visual studio, as 
part of their recruitment interviews for new designers. To maximize ecological validity, we chose to 
employ a real-life visual task form an internationally acknowledged visual design bureau. After a brief 
introduction to the Midjourney tool, each participant was given 30 minutes to complete the task. They 
were instructed to use the think aloud protocol as they worked on the tasks. One researcher was 
present to answer questions and make observations. At the end, each participant chose what they 
considered to be the best image as their final design. 

Lastly, the participant partook in a semi-structured interview about their overall experience and how 
they felt their technical or visual background affected their approach. They were also asked to rate 
their final image, on a 5-point Likert scale, about how close they felt the result was to what they 
initially had imagined. We refer to this evaluation parameter as Controllability, which is used in 
connection with the expert evaluation (see below) for the design outcome analysis. 
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3.2 Data Analysis 

Our two research questions investigated the impact of the three forms of literacy on participants’ 
prompt use and the creative process with TTI. We analysed the collected data through 1) 
lexical/linguistic analysis of the participants’ prompts, and 2) qualitative process analysis based on 
participants’ think aloud and interview data. 

3.2.1 Lexical/linguistic Prompt Analysis.  

To answer RQ1 we followed the Constructivist grounded theory approach: we began with an existing 
taxonomy derived from Sanchez’s established prompt specifiers (Sanchez 2023) and iteratively refined 
it through constant comparison and analysis (see “Specifiers use” below). The data was initially divided 
by participants’ educational institution: One researcher coded participants from the design college, 
while the other coded participants from the technical university. Throughout this initial coding phase, 
repeated check-ins and discussions took place to reach a common understanding. After the initial 
round of coding, both researchers reviewed all coded profiles together to ensure continuity and 
consistency across the data set. This process resulted in eight parameters: prompt iterations, unique 
tokens, unique non-stop tokens, prompt variance, prompt variety, adjective use, advanced use, 
specifiers use. The dataset was comprised of the user prompts from each participant. Automated word 
analysis was performed using the spaCy package (Explosion.ai 2024), while automatic semantic 
analysis was performed using Universal Sentence Encoder (Cer et al. 2018). 

 
Figure 1. The design brief used in the user study. 

 

Prompt iterations: the number of iterations users employ in generating pictures has been flagged by 
several researchers as important information when analysing prompting practices. For example, 
Almeda et al. identified three structures for exploring prompts: Iterative Prompt Exploration, 
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Parametric Manipulation and Semantic Explorations (Almeda et al. 2024). Our choice to account for 
the number of iterations is based on the identified structure “iterative prompt exploration". 

Unique tokens: the number of unique words (excluding punctuation) per user. O’Connor et al. 
suggests that long token contexts are important for efficient performance of current transformer 
language models (O’Connor and Andreas 2021), therefore we chose to analyse both unique and 
unique non-stop tokens. 

Unique non-stop tokens: the number of unique words (excluding punctuation) less spaCy’s default 
list of “stop words”, i.e. smaller words like “a”, ”the”, and ”and”. Researchers have found that users 
with high prompt literacy are less likely to form full sentences and thus less likely to use such stop 
words. 

Adjective use: the number of adjectives used in prompts, to identify prompts written in descriptive or 
aesthetically appreciative language. It is well established that adjectives (such as “blue", “slanted", or 
“delicious") play a large role in aesthetic appreciation (McNally and Stojanovic 2017). Goloujeh et al. 
identified five structures for writing prompts: their “overview and details” explains how the use of 
adjectives increases the efficiency of current language models (Mahdavi Goloujeh et al. 2024).

 
Figure 2. Examples of AI-generated designs by Participants 1, 3, 10, 13, 18, and 22, respectively. 

 

Prompt variance: the semantic difference between each prompt, using the Universal Sentence 
Encoder’s similarity function (Cer et al. 2018). A user making only small changes between prompts will 
receive a high similarity score, and vice versa. Goloujeh et al. also identified seven strategies for 
refining prompts (Mahdavi Goloujeh et al. 2024), their “omitted words” and “reordering or 
rephrasing” strategies led us to include prompt variance as a factor in our analysis. 
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Advanced use: To account for advanced use of the TTI tool we observed two variables that 
documented correct and incorrect uses of the “Vary Region” function. This function was used by 
participants with the intention of changing particular elements of the previously generated image with 
a new prompt. Incorrect uses of the Vary Region function included prompts resulting in undesired 
generations or no applied changes to the image. Almeda et al. identified “Parametric Manipulation” 
as a useful structure for exploring prompts (Almeda et al. 2024). At the same time Goloujeh et al. point 
at “refining parameters” and “reroll and make variations” as recurrent strategies for refining prompts 
(Mahdavi Goloujeh et al. 2024). This led us to log advanced use of Midjourney functions such as “Vary 
Region". 

Prompt variety: how many unique specifiers are contained in each prompt iteration. Sanchez set out 
to understand the semantic structure of prompts by establishing a prompt specifier taxonomy 
(Sanchez 2023). Almeda et al. with the “semantic exploration” strategy also hints at specifiers as tool 
for understanding the semantic structure of prompts (Almeda et al. 2024). Goloujeh et al. propose 
“descriptive sentences” as a structure to account for prompts’ semantic level (Mahdavi Goloujeh et 
al. 2024). We started from the specifier taxonomy proposed by (Sanchez 2023) and expanded it with 
a grounded theory analysis of all prompts of the 25 participants. 

Specifiers use: To examine the semantic content of prompts, we utilised a Constructivist grounded 
theory approach (Tie et al. 2019). We started with an existing taxonomy of prompt specifiers 
established by Sanchez (Sanchez 2023). The initial categories from Sanchez’s taxonomy included: 
Subject, Medium (Subcategories: Photography and Cinema, Painting, Rendering, and Illustration), 
Influence (Subcategories: Artists, Art Genres and Movements, Artwork, and Art Repositories), Light, 
Colour, Composition, Detail, Context (Subcategories: Era, Weather, and Emotions). 

Through a process of constant comparative analysis and continuous discussion during initial coding, 
we iteratively refined and expanded this framework. This led to the addition of new categories and 
subcategories to capture more specific nuances in the prompt descriptions. These new additions 
included: Historic Reference (e.g., "King Arthur", as a subcategory of Subject) Geographic Region (e.g., 
"Northern Ireland", as a subcategory of Subject) Details of the Subject (e.g., "no towers"), Texture 
(e.g., "rough"), Shape Language (e.g., "round") Finally, the developed coding framework was further 
refined by comparing and aligning these categories to Xie et al.’s (Xie et al. 2023) broader 
categorization of TTI prompts into Subject, Form, and Intent. 

3.2.2 Qualitative Process Analysis.  

To answer RQ2 we used Grounded Theory to conduct process analysis based on the interview data 
and think-aloud data. We aimed to explore the user design processes, and how they might differ 
between individuals with different types of literacy. The process analysis methodology is based on 
Grounded Theory as presented by Glaser and Strauss (Glaser and Strauss 1967) and Adele E. Clarke’s 
situational analysis methodology, a further reworking of Grounded Theory (Clarke 2003). Clarke’s 
situational maps offered a scaffold to map out the data from initial coding and identify categories and 
properties within the data. After initial coding, the user study and interview data were combed 
through for substance, and six participants’ user studies and interviews were chosen, three from each 
school, as best possible participant representatives in the further analysis and as support for the 
subsequent presentation of results. Based on these six interviews, and with inspiration from the 
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process of Clarke’s situational maps, a mapping of interesting points in the data was created, to 
visualize better the relevant data for the results of the process analysis (Fig. 3). 

 
Figure 3. Snippet of Mindmap for Process Analysis, based on the process of Situational Maps in Clarke (2011). 

4 Results 
25 participants (11 females and 14 males) completely the study (Fig. 2). Among them, 14 were from a 
design college and 11 from a technical university. Their Visual, AI and Prompt Engineering literacies 
were not assumed because of their educational background but were based on their scores on the 
surveys they completed. They successfully submitted 25 final designs. Their age range is between 22 
and 37 (mean=25.32, standard deviation=3.10). 

4.1 RQ1: The Impact of Visual Literacy, AI Literacy and Prompt Engineering Literacy on 
prompt use 

Hypothesis 1: Participants with visual literacy will use a larger vocabulary and will have finer-grained 
control of the domain. 

To account for larger vocabulary and fine-grained control, Spearman’s nonparametric correlation was 
computed to assess the relationship between these pairs: Visual Literacy and Unique Tokens, Visual 
Literacy and Unique non-stop Tokens, Visual Literacy and Adjective Use, Visual Literacy and Prompt 
Variety, Visual Literacy and Prompt Variance.  

• There is a moderate positive correlation between Visual Literacy and Unique non-stop Tokens 
(𝜌𝜌 = .42, p = .033) and it is statistically significant.  

• There is a strong positive correlation between Visual Literacy and Adjective Use (𝜌𝜌 = .61, p 
= .001), which is statistically significant.  

• There’s a moderate positive correlation between Visual Literacy and Prompt Variety (𝜌𝜌 = .49, 
p = .012), which is statistically significant. 
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This demonstrates that participants with higher visual literacy use a larger vocabulary, especially 
regarding the use of unique non-stop tokens. There is strong evidence that these participants tend to 
use more adjectives and have greater prompt variety, suggesting more detailed and varied 
descriptions. These findings suggest that while visual literacy may not be strongly related to the overall 
number of unique tokens, it is associated with a larger vocabulary and more nuanced and varied use 
of language in prompts, particularly in terms of adjective use and the variety of specifiers employed.  

Hypothesis 2: Participants with visual literacy will make more references to artists and art movements 
as well as to style in general. 

In order to account for style, genres, artists and art movements, Spearman’s nonparametric 
correlation was computed to assess the relationship between Visual Literacy and the specifiers: 
“Influence", “Medium", “Detail", “Composition", “Colour” and “Light".  

• There’s a moderate positive correlation between Visual Literacy and Influence (𝜌𝜌 = .44, p = 
0.027), which is statistically significant.  

• There’s a moderate positive correlation between Visual Literacy and Medium (𝜌𝜌 = .50, p 
= .010), which is statistically significant.  

• The correlations between Visual Literacy and Detail (𝜌𝜌 = .30, p = .138), Composition (𝜌𝜌 = .13, 
p = .535), Colour (𝜌𝜌 = .26, p = .192), and Light (𝜌𝜌 = .34, p = .095) are weak to moderate and not 
statistically significant. 

The hypothesis that participants with higher visual literacy make more references to art genres, 
styles, and movements is supported by the data. However, there’s no strong evidence that they 
make more references to specific artists. Participants with higher visual literacy tend to make 
more references to medium, suggesting a focus on the technical aspects of art. The relationship 
between visual literacy and specific style elements (detail, composition, color, light) is not 
statistically significant, though there are weak to moderate positive correlations. These findings 
suggest that while visual literacy is associated with more references to art genres, styles, 
movements, and media, it doesn’t necessarily correlate with more references to specific artists or 
detailed style elements. The users’ focus seems to be more on broader art categories and technical 
aspects rather than individual artists or specific stylistic details. 

Hypothesis 3: Larger vocabulary, use of expert language, and use of artistic references can predict 
Visual Appeal. 

We established that participants with visual literacy make use of expert language (larger 
vocabulary and finer-grained control of the domain). We aim to assess the impact of visual literacy 
and expert language (unique tokens, adjective use, prompt variance, prompt variety, and 
"influence" specifiers used) on visual appeal leveraging Multiple Regression Analysis (least Squares 
Fit) (Rencher and Christensen 2012). 

Model Fit: The R-squared (RSq) value is 0.39, which means that only about 39% of the variance in 
the Visual Appeal score is explained by the predictors in the model. The overall model p-value 
is .569, which is not statistically significant at the conventional .05 level. 
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Individual Predictors: None of the predictors, including Visual Literacy, show statistically significant 
effects. The p-values for all predictors are above the 0.05 threshold: Unique Tokens (p = .050) is 
closest to significance but still above the threshold. Unique non-stop Tokens (p = .062) is also close 
to significance but not statistically significant. Other predictors like Prompt Variety (p = .129), 
Influence (p = .219), Adjectives use (p = .468), and Visual Literacy (p = .604) are far from significance. 
Visual Literacy Impact: Visual Literacy is not a significant predictor in this model, with a p-value 
of .604 and a low logworth value of .219, indicating that it does not strongly predict Visual Appeal 
score. 

4.2 RQ2: Computational Creativity Process Analysis 

This section presents the results of our process analysis, based on six user studies and interviews, 
representative of the two educational institutions and with different types of literacy. Through this 
analysis, we aim to uncover key insights into how user competencies shape human-AI collaboration in 
creative contexts. 

Impact of Different Types of Literacy on AI-assisted Design. The study revealed distinct impacts of 
different literacy on the computational creativity process. Participants with Visual Literacy (VL) 
demonstrated a sophisticated design vocabulary, using specific visual concepts and styles to guide the 
AI, often creatively expanding on the design brief. However, these users frequently expressed 
frustration with Midjourney’s limitations in executing their precise visual ideas and their perceived 
lack of granular control over the output. Conversely, individuals with AI Literacy (AIL) exhibited a 
deeper understanding of AI interaction, influencing their prompting strategies and expectations, but 
this understanding did not always clearly translate to the final output’s quality. Prompt Engineering 
Literacy (PEL) emerged as a crucial skill that developed dynamically during the task, even in those with 
little initial AI experience, manifesting in the ability to iteratively refine prompts, adapt to AI responses, 
and learn from the feedback loop. While AI-literate users often showed faster improvement in PEL, 
visually literate users sometimes struggled to translate their visual ideas into effective prompts. 

Task Approach and Ideation Process. Task Approach and Ideation Process Participants’ approaches 
to the design brief and their ideation strategies varied significantly based on their literacy 
backgrounds. Those with high AI Literacy tended to adhere closely to the brief’s exact wording, 
treating it as a set of precise specifications. In contrast, visually literate participants often creatively 
expanded upon the brief, adding their own interpretations and additional elements. Regarding 
ideation, participants from technical universities, often less confident in visual design, relied more 
heavily on Midjourney for creative ideas, sometimes finding the AI provided concepts they hadn’t 
initially considered. Conversely, design college participants typically approached the task with clearer 
initial ideas but sometimes struggled to translate these pre-conceived notions into effective prompts 
for the AI. Awareness of the AI’s capabilities also differed: AI-literate users were more attuned to 
potential AI-generated errors, actively looking for them, while visually literate users focused on the 
tool’s limitations in realizing their specific visual visions, leading to frustration when their exact ideas 
couldn’t be matched. 

User Perceptions and Comparisons. User Perceptions and Comparisons Participants frequently 
compared their experience with Midjourney to other AI tools and traditional design processes, 
providing insights into its strengths and limitations. AI-literate participants often highlighted features 
they felt were missing compared to other generative AI tools, expressing a desire for more granular 
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control. Visually literate participants, on the other hand, wished for features that would allow them 
to leverage their existing skills, such as providing a sketch to start from, indicating a desire for more 
control over the creative process beyond pure text-based interactions. When comparing to traditional 
processes, participants with less visual design experience often favored Midjourney for its ability to 
generate tailored results quickly, even if it meant waiting for outputs, contrasting with the often less 
relevant results from traditional image searches. Visually literate participants viewed Midjourney as a 
powerful ideation tool but saw it as a starting point rather than a complete solution, intending to add 
further details themselves. Across all groups, the speed and efficiency of Midjourney were consistently 
appreciated as a fast way of visualization and ideation. These varied perceptions suggest that optimal 
use of TTI tools may necessitate a blend of visual, AI, and prompt engineering literacy. 

5 Discussion 
Our previous study (Canossa et al. 2025) indicated that only Visual Literacy significantly impacted Task 
Fulfilment, while it surprisingly showed no effect on Visual Appeal. Moreover, neither AI Literacy nor 
Prompt Engineering Literacy correlated with participants’ perceived control over the computational 
creativity process. The Visual Appeal of generated images appeared unaffected by any of the literacy 
types or prompt features, likely because TTI tools are trained on vast datasets that already incorporate 
aesthetically pleasing elements. 

5.1 Insights from Prompt Use Analysis 

Prompt analysis provided several key insights into how participants’ literacy types influenced their 
prompt usage patterns, linguistic and semantic composition, structure, and morphology. Notably, 
participants with higher Visual Literacy demonstrated a larger vocabulary, especially using more 
unique non-stop tokens (p = .42, p = .033) and significantly more adjectives (p = .61, p = .001) in their 
prompts. They also exhibited greater prompt variety (p = .49, p = .012), indicating a more detailed and 
nuanced use of language. This suggests that Visual Literacy leads to richer and more varied 
descriptions when crafting prompts for TTI tools. Furthermore, prompt analysis showed that visually 
literate participants tended to make more references to art genres, styles, and movements (Influence: 
p = .44, p = 0.027) and to the medium (p = .50, p = .010). This indicates their focus on broader art 
categories and technical aspects in their prompting language, rather than solely on specific artists or 
granular style elements. While it was hypothesized that a larger vocabulary, use of expert language, 
and artistic references could predict how aesthetically pleasing the generated images were, the 
prompt analysis, leveraging multiple regression, found no statistically significant relationship between 
these prompt features and Visual Appeal. 

5.2 Insights from Process Analysis 

The qualitative data from our process analysis largely supports and provides context for our 
quantitative findings. It reinforces the observation that participants with higher visual literacy were 
better at fulfilling task requirements, as evidenced by their more sophisticated design vocabulary and 
creative interpretation of the brief. The qualitative data also aligns with our finding that AI literacy 
doesn’t significantly impact visual appeal or task fulfillment, but it offers additional insights into how 
participants with different backgrounds approached the task and interpreted AI outputs. Specifically, 
AI literacy provides a deeper understanding of the computational creativity process, enabling users to 
embrace a co-creation role with TTI tools. Users with lower scores in AI literacy expect a higher degree 
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of control on the computational creativity process and are somewhat unsatisfied with the results. 
Although AI literacy did not impact the quality of the images produced, it did impact the users’ 
understanding of the process, making them more willing to accept a co-creation position with TTI 
tools. This highlights the importance of AI literacy for HCI researchers and practitioners, who should 
ensure that the tools they develop are easy to understand and use, regardless of the user’s level of AI 
knowledge.  

While our previous quantitative analysis showed no significant impact of prompt engineering literacy 
on VA, TF or C, the qualitative data suggests that this skill developed rapidly during the task for many 
participants, potentially explaining its lack of measurable impact. This dynamic skill development 
presents an area for future investigation. The study indicates that prompt engineering literacy is a skill 
that can be quickly developed during interaction with TTI tools. HCI practitioners should consider 
designing interfaces and tutorials that support users in developing this skill, thereby enhancing the 
quality of their creative outputs. Overall, the qualitative insights provide valuable context that 
enriches our understanding of the quantitative results, offering a more nuanced picture of the human-
AI computational creativity process in visual design tasks. 

5.3 Implications for Education 

Our prompt analysis also yielded important information for educational programs. It revealed that 
participants with higher visual literacy tended to use a larger vocabulary of unique non-stop tokens 
and significantly more adjectives, suggesting a more detailed and nuanced use of language in their 
prompts. They also demonstrated greater prompt variety and made more references to art genres, 
styles, and movements, as well as to the medium. While prompt analysis did not find a significant 
correlation between these linguistic features and general visual appeal, it provides crucial insights for 
design education on how expert visual language is structured and used to articulate creative intent for 
TTI tools. Understanding these prompt usage patterns, linguistic and semantic composition, and 
structure can inform curriculum development. For technical education, prompt analysis underscores 
the importance of developing AI models that can effectively interpret and leverage such rich, domain-
specific vocabularies and references. By studying how visually literate users naturally construct their 
prompts, technical programs can better equip students to design TTI systems that are more responsive 
to creative input and understand nuanced textual descriptions. 

Process analysis, through examining participants’ think-aloud data and interviews, revealed significant 
insights into how different types of literacy influence the AI-assisted design process, impacting 
educational recommendations for both design and technical fields. For design education, the analysis 
showed that participants with high visual literacy often held sophisticated visual concepts but 
struggled to translate these ideas into effective textual prompts, indicating a need to teach methods 
for "textualizing" visual concepts and developing a rich expressive visual vocabulary. Process analysis 
also highlighted that visually literate users expected a higher degree of control over the output and 
were sometimes unsatisfied, feeling constrained by the tools. This suggests design programs should 
set realistic expectations for AI control and explore hybrid workflows that integrate AI outputs with 
traditional design tools for detailed work. For technical education, process analysis indicated that 
participants with high AI literacy had a deeper understanding of the computational creativity process 
and were more willing to accept a co-creation role with TTI tools. This implies technical programs 
should promote understanding of AI’s interpretative mechanisms to help future developers build 
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more robust and user-centric TTI tools. Both fields can benefit from fostering a co-creation mindset in 
AI development. Process analysis also noted that Prompt Engineering Literacy emerged as a crucial 
skill that developed dynamically through interaction, even for those with little initial AI experience. 
This means educational programs can integrate hands-on iterative prompting exercises and design 
tools that facilitate rapid development of this literacy. 

6 Limitations and Future Work 
The main limitation of the current work is its sample size: due to the exploratory nature of the study 
and the array of methods deployed to analyze the data including resource-intensive qualitative 
research such as process analysis, it was not feasible to collect and process data from more than a few 
dozen participants. 

The use of Spearman’s correlation and regression analysis provided valuable insights into the 
relationships between visual literacy, language use, and evaluation measures. However, these 
methods also have limitations, particularly when dealing with non-linear relationships or potential 
confounding variables not included in the study. Future research could benefit from employing more 
advanced statistical techniques, such as path analysis or structural equation modeling, which allow for 
a more nuanced understanding of the relationships between multiple variables. 

7 Conclusion 
This paper extended existing work on Text-to-Image (TTI) tools by focusing specifically on how Visual, 
AI, and Prompt Engineering Literacy influence user strategies and prompt composition during co-
creation with AI. Through a multi-faceted approach involving participant profiling, a visual design task, 
prompt analysis, and qualitative interviews, the research demonstrated that visual literacy 
significantly impacts prompt usage patterns, leading to a larger and more nuanced vocabulary, 
including more unique non-stop tokens and adjectives, as well as greater prompt variety and 
references to art genres and media. While visual literacy influenced prompt richness, no statistically 
significant relationship was found between prompt features and the aesthetic appeal of the generated 
images. The study also revealed that visually literate users often experienced frustration with the 
perceived lack of granular control over the TTI tool, whereas AI-literate users demonstrated a deeper 
understanding of the AI’s capabilities and were more accepting of a co-creation role. Prompt 
Engineering Literacy emerged as a crucial skill that developed dynamically through interaction. 
Ultimately, the findings highlight that the optimal use of TTI tools likely requires a blend of visual, AI, 
and prompt engineering literacy, offering key implications for educational programs in both design 
and technical fields to enhance human-AI collaboration. 
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