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Abstract 

In this research paper, the effects of Generative Artificial Intelligence (AI) on human 

creativity will be studied based on the following four factors: fluency, flexibility, 

originality, and elaboration. By using the Alternative Uses Task (AUT), it is determined 

how AI affects creativity when compared to those who work without any assistance from 

it. According to the results, AI helps increase creativity through originality and 

elaboration but lowers semantic distance scores (measured by GloVe). It indicates that 

despite increasing the quality of creative responses (OCSAI), AI limits the process of idea 

generation and tends to encourage convergent thinking and fixation bias. 

From these results, there is an evident mixed effect of AI in creativity. AI can serve as a 

cognitive facilitator by allowing more cognitive effort to be applied to higher-order 

thinking processes; however, it may also negatively affect critical thinking skills due to 

cognitive offloading. 

In spite of the many useful information that were gained from the experiment, there are 

still some issues that were raised regarding the limitations of the study such as the use of 

non-blinded preprocessing, unequal gender distribution, and the lack of using the pre-

test/post-test approach in measuring the participants' creativity before and after being 

exposed to the AI treatment. 
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1. Introduction 

The concept of quality, historically attributed exclusively to humans, creativity, is an 

integral part of human nature. It is present in humans as both a capacity (the ability to 

create) and a process (the act of creation itself) (Habib et al., 2023). Creativity is applied 

both in everyday life and in situations where solutions to specific problems are 

centralized in creative activities and artistic endeavors. (Kaufman & Beghetto, 2009; 

Richards, 2007). However, the rapid development of generative artificial intelligence 

(GenAI) technologies is expanding the capabilities in creating original content, at the 

same time challenging the creativity that was once considered an ability exclusive to 

human beings. (Arriagada, 2020). GenAI reported to excel in many areas that require 

reasoning and decision making involving what humans typically perceive as creativity: 

chess, art (Jones, 2018), and poetry (Köbis & Mossink, 2021). Additionally, Doshi & 

Hauser (2024) reported an increase in the quality and efficiency of production of 

storytelling, white-collar work, and programming code, enabling better customer 

relationships. 

But to dive deeper and see how Generative AI influences creativity and if GenAI, 

indeed, has a detrimental impact on the creative performance of humans, we first need 

to define it. 
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2. Literature review 

2.1. Human creativity 

A widely accepted definition of creativity is the ability to create ideas that are unique 

and useful (Koivisto & Grassini, 2023). Uniqueness is the extent of departure of the idea 

from the status quo. Usefulness, whereas, addresses the practicality of the idea, its 

relevance (Doshi & Hauser, 2024). Based on the associative theory of creativity, ideas 

are created by establishing a connection between unrelated or weakly related concepts. 

Notion, which is often met in psychological research as a substitute for creativity, is 

creative divergent thinking.  

Guilford (1967) claims that divergent thinking is about creating many different ideas 

and solutions. Additionally, it includes exploring multiple possibilities and embracing 

unconventional approaches (Silvia, 2008). In contrast, convergent thinking is about 

narrowing down generated ideas, finding and sticking with the best, most appropriate 

one, and refining it into a coherent solution (Kumar et al., 2025). 

Figure 1.1. Creative Performance Measurement 

Divergent creative thinking (DT) typically involves 4 pillars: fluency, flexibility, 

originality, and elaboration (Koivisto & Grassini, 2023; Hubert et al., 2024).  
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To assess Divergent Thinking, the common framework called the Alternative Uses Task 

(AUT) has been implemented. This method instructs participants to generate 

applications for common day-to-day objects like a pencil or a brick. It is widely 

accepted, according to Hubert et al., (2024). Participants generate uncommon, creative 

uses for everyday objects, such as a brick or a paperclip.  

Potential approaches investigated but found to be of less significance: Divergent 

Associations Task and Consequences Task (Koivisto & Grassini, 2023). The Divergent 

Associations Task offers a relatively new, standardized approach to measuring creative 

thinking. In this task, individuals are asked to generate 10 nouns that share as little 

semantic overlap as possible with one another. A creativity score is then derived by 

calculating the mean semantic distance across all submitted words, as outlined by Doshi 

& Hauser (2024).  

The Consequences Task takes a different approach by prompting participants to think 

through the potential outcomes of imagined, real-world-defying scenarios. For example, 

consider what life might look like if sleep were no longer a biological necessity for 

humans. Respondents are encouraged to produce as many plausible consequences as 

they can, making it a measure of both ideational fluency and imaginative reach (Doshi 

& Hauser, 2024). 

2.2. Dimensions of Creative Performance and Their Methodologies 

As the creative potential is accessed through four dimensions, there are methods used by 

researchers to assess those dimensions in AUT.   

2.2.1. Fluency 

Fluency, defined as the total number of interpretable, meaningful, and relevant ideas 

generated in response to a prompt (Koivisto & Grassini, 2023), is the first dimension 

assessed in the AUT. Across the literature, instructions for both AI and non-AI groups 

were broadly comparable. For instance, Habib et al. (2023) simply directed participants 

to "generate as many uses for [an object] as you can." Haase and Hanel (2023) similarly 

used identical instructions for both groups, though their prompts were more structured, 

incorporating the SCAMPER framework. 

However, a number of studies deliberately differentiated the prompts between groups, 

capping the AI's output at a fixed number of responses calculated to match the average 



 
 

References 

4 

 

produced by human participants. For example: "Generate [X] original and creative uses 

for [item]. Clever, unusual, humorous, or innovative ideas. Practicality not required." 

This approach was designed to neutralize two key confounds. The first is raw 

computational advantage: unconstrained, AI can generate far more ideas than a human 

in the same timeframe. The second is the fluency-originality link: the statistical 

tendency for higher idea volume to yield more original responses by chance alone. 

Without controlling for fluency, any observed advantage in AI originality could simply 

reflect quantity rather than quality. 

Supporting this, Koivisto and Grassini (2023) noted that without explicit quantity 

instructions, ChatGPT-3 defaults to exactly 10 ideas, ChatGPT-4 to 7 or 8, and copy.ai 

to a variable number. These differences reflect technological variation rather than 

creative capacity. To address this, many studies first administered the task to the human 

group, established a baseline fluency count, and then embedded that figure into the AI's 

prompt. Hubert et al. (2024) took a stricter approach, excluding any prompts that 

contained quantity parameters and instead matching fluency 1:1 across groups. Both 

methods converge on the same goal: ensuring that differences in originality, elaboration, 

and flexibility reflect genuine creative quality rather than an artifact of output volume. 

2.2.2. Flexibility 

Flexibility - the number of different categories of relevant responses. In terms of the 

creative performance and in the concept of AUT, this metric captures the ability to think 

about a topic from different perspectives (Koivisto & Grassini, 2023). The experiments 

in the literature differ; however, the scoring method remains the same by exploring the 

different categories of relevant responses from AUT. For example, the given ideas can 

be categorized by use directions, and if an item "brick" is used as a "paperweight" or a 

"doorstop" would be categorized in one as the "holding things in place or down. 

However, if the list of uses includes "weapon" would represent a new shift and be 

different from the initial category (Desdevises, 2025). This is often done by assigned 

judges. They are instructed to gather and agree on relevant categories so they can later 

see how different ideas are and code them by category. In the case of Habib et al. 

(2023), this method was supported by counting the number of categories in which the 

answer appeared. The more flexible the respondent's answer, the higher the number of 

categories. Higher flexibility indicated greater creativity, as the answer encompassed 

various categories of uses for a given object. 
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2.2.3. Originality 

Originality - the statistical rarity of the responses, in other words, the uniqueness of the 

ideas. According to the literature, it is measured through several methodologies. First 

one is: 

Subjective Human Rating, which is considered the traditional method, involves the 

judges simply evaluating the quality of ideas. It happened only based on their perceived 

cleverness or innovation. Judges typically use Likert scales, such as a 1-5 point scale (1 

= not at all creative, 5 = very creative) or a 1-7 point scale. In Koivisto & Grassini 

(2023), the judges were not told which responses were from the AI or the non-AI group 

and rated each response. The instructions emphasized that participants should prioritize 

novelty over usefulness and use the instructions given to them as a starting point for 

rating responses. They also were clearly given instructions that common usage, such as 

"cut" in the response to the item "scissors," should be rated low= 0, while unclear or 

illogical responses, as well as incomplete responses, should be rated 1. Each rater chose 

the order in which to rate the four objects. 

The order of presentation of responses within object categories was presented in a 

random way and separately for each rater. Each rater's ratings were averaged across all 

responses the participant (or the chatbot in the session) gave to an object, and the final 

subjective ratings for each object were formed by averaging the ratings of the six raters. 

Inter-rater reliability was assessed by calculating intraclass correlation coefficients. 

Another study included rating subjectively, not by pre-trained judges, but by the 

participants themselves. At the end of the creative task, an additional task was offered to 

participants to assess ChatGPT's ability to evaluate the creativity of its own results. 

Participants were asked to rate each idea on a scale of 1 to 7 (where 1 represents "not at 

all creative" and 7 represents "very creative"). 

Another available approach is more quantitative: through semantic distance between 

words. One of the available models is GloVe (Global Vectors for Word Representation), 

a word-embedding model that represents each word as a numerical vector in a high-

dimensional space (Carlson, Bauer, & Manning, 2025). There, the semantic distance is 

calculated using (Pennington, Socher, Manning, 2014). 
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Where v1 - the baseline word (“fork”) 

v2 - the idea of respondents  

This model has been developed by researchers from Stanford. Further details: 

https://nlp.stanford.edu/projects/glove/ 

2.2.4. Elaboration 

Elaboration refers to the amount of detail embedded within each response. In other 

words, how richly and thoroughly an idea is expressed rather than merely stated. In 

Dumas et al. (2021), elaboration is typically operationalized through word count, under 

the assumption that more descriptive responses reflect deeper cognitive engagement 

with the idea. Several variants of this approach have been developed, each with different 

levels of linguistic sophistication. The most straightforward measure is unweighted 

word count, which simply counts the number of words in a response using whitespace 

tokenization or a natural language processing tool such as SpaCy. While easy to 

compute and replicate, this measure treats all words as equally meaningful, which is a 

significant limitation. Filler phrases and content-rich descriptions contribute equally to 

the score. To address this, part-of-speech (POS) inclusion refines the count by retaining 

only words that carry conceptual weight: nouns, verbs, adjectives, and adverbs. 

Grammatical function words, articles, prepositions, conjunctions are excluded on the 

grounds that they contribute little to the semantic richness of a response. This approach 

is theoretically motivated by the idea that elaboration should capture what is being 

described, not how the sentence is structured. A related but distinct refinement is stoplist 

inclusion, which filters out a predefined list of high-frequency, low-information words, 

commonly referred to as stopwords. Those are transition or filler terms (e.g., also, 

however, basically). Unlike POS filtering, which is grammar-driven, stoplisting is 

corpus-driven, removing words identified empirically as uninformative regardless of 

their grammatical category. The most nuanced approach is inverse frequency weighting, 

which weights each word by how rarely it appears in a reference corpus. The underlying 

logic is that uncommon words signal more specific, elaborated thinking. A response 

describing a brick as useful for "thermal mass retention in passive solar construction" 

conveys far greater elaboration than one saying it could "build a wall," even if both 

contain a similar word count. By down-weighting frequent, generic vocabulary and 

https://nlp.stanford.edu/projects/glove/
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amplifying rare, precise terminology, this method captures qualitative richness in a way 

raw counting cannot. 

Taken together, these four operationalizations form a progression from surface-level 

measurement to semantically sensitive scoring, reflecting ongoing methodological 

refinement summarized by Dumas et al. (2021). Due to study time constraints, 

whitespace tokenization or the use of natural language processing tools such as SpaCy 

could not be applied and tested. The second method of creating part-of-speech (POS) 

inclusion, which requires a comprehensive knowledge of vocabulary and terminology, 

will also be excluded from the measurement methods. In this study, information 

processing will be coded by a corpus-driven stop-listing method, by removing the 

common words (such as "the," "and," "in," etc.) that don't contribute significantly to the 

meaning of the response. 

The dimensions of DT and methods of measuring those dimensions in AUT are 

summarized in Figure 2.1. 
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Figure 2.1. 4 Pillars of Divergent Creative Thinking 

2.3. AI and Human Creativity 

2.3.1. AI - creativity enabler 

A growing body of research converges on the finding that AI meaningfully enhances 

creative performance, though the nature and extent of this benefit vary across contexts 

and individuals. In the short term, LLM assistance has been shown to boost creative 

output during assigned tasks, with participants demonstrating stronger performance in 

the early stages of AI-assisted work (Kumar et al., 2025). This early-stage advantage is 

particularly important, as it suggests that AI may be most effective during the ideation 

phase of creative processes, where breadth and exploration are prioritized over 

refinement. This improvement is not limited to fluency, meaning quantity alone. 

Dimensions such as flexibility and elaboration also appear to benefit. Users have 

reported that tools like ChatGPT helped them expand the range and variety of their 

ideas, pushing them to consider alternative uses and interpretations they might not have 

arrived at independently (Habib et al., 2023). In this sense, AI appears to function as a 

catalyst for divergent thinking, enabling users to move beyond habitual cognitive 

pathways and access a wider semantic search space. This pattern is further supported by 

Urban et al. (2024), who found that students using ChatGPT produced more original, 

more elaborated, and higher-quality solutions to complex creative problems, while also 

reporting greater confidence in their ability to complete the task. Notably, this increase 

in perceived self-efficacy may itself reinforce creative performance, as confidence has 

been shown to positively influence willingness to explore unconventional ideas.  

These gains are further supported by evidence that GPT-4 outperforms human 

participants on measures of originality and elaboration in different environments: 

structured creative tasks (Hubert et al., 2024), and educational settings (Marrone, 2026). 

Across studies, several points of consensus emerge. Scholars broadly agree that 

generative AI is capable of producing large volumes of ideas at a pace unconstrained by 

human cognitive limitations, such as fatigue or working memory capacity. This 

scalability allows users to rapidly iterate across multiple idea trajectories, a process that 

would otherwise be cognitively and temporally demanding. Beyond this, AI also avoids 

the fixation bias that commonly narrows human thinking, the tendency to become 

anchored to initial ideas at the expense of more divergent ones (Desdevises, 2025).  
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Current large language models, particularly GPT-4, have been found to meet or surpass 

average human performance across standardized creativity assessments (Koivisto & 

Grassini, 2023). However, this advantage appears to operate primarily at the level of 

average performance, as the most creative human individuals can still match or exceed 

AI in originality, suggesting that AI raises the floor of creativity more reliably than it 

raises its ceiling (Koivisto & Grassini, 2023). This distinction is critical, as it implies 

that AI’s primary contribution may lie in democratizing access to creative performance 

rather than redefining its upper limits.  

Relatedly, Marrone et al. (2026) argue that AI’s creative value lies less in independent 

originality and more in its role as a collaborator that augments human creativity by 

offloading repetitive or convergent cognitive tasks, thereby enabling greater focus on 

higher-level idea generation. Perhaps most notably, the creative benefit of AI assistance 

appears greatest for individuals with lower baseline creative ability, suggesting an 

equalizing effect that narrows the performance gap between less and more creative 

individuals (Doshi & Hauser, 2024). Taken together, these findings position AI not 

merely as a tool for efficiency, but as a socio-cognitive amplifier that reshapes how 

creative work is distributed, performed, and accessed across different user groups. 

2.3.2. Blind spots of AI  

Not all evidence, however, supports an optimistic view of AI's creative influence. Some 

researchers have found that while AI exposure increases the diversity of ideas at a 

collective level, it does not meaningfully improve the creativity of individual ideas 

themselves, suggesting that AI may broaden the surface of creative output without 

deepening it (Ashkinaze et al., 2025). This distinction between collective diversity and 

individual originality highlights a key tension in the literature: AI may expand the pool 

of ideas without necessarily enhancing their intrinsic novelty or usefulness. Unlike 

humans, AI tools such as ChatGPT operate without the cognitive constraints that 

typically limit creative performance, including working memory load, mental fatigue, 

and attentional fluctuations, enabling them to generate large volumes of ideas rapidly 

within a single session (Desdevises, 2025). This disparity is evident in preliminary 

piloting, where ChatGPT-3 consistently produced ten ideas compared to a human 

median of just three (Koivisto & Grassini, 2023), raising important questions about what 

AI assistance means for the quality, not just the quantity, of human creative thought. 
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More critically, over-reliance on AI has been linked to a narrowing of creative thought, 

particularly in terms of flexibility. When participants based their thinking on AI-

generated suggestions, their ability to independently explore alternative ideas became 

constrained, effectively allowing the tool to define the boundaries of their imagination 

(Habib et al., 2023). In such cases, AI shifts from being a generative partner to a 

cognitive anchor, subtly guiding users toward pre-structured solution spaces. Empirical 

evidence from design research reinforces this concern: Wadinambiarachchi et al. (2024) 

show that exposure to AI-generated examples increases design fixation, leading 

participants to produce fewer ideas with lower originality and reduced variety. Hubert et 

al. (2024) observed parallel outcomes, finding that AI-assisted ideation led participants 

to fixate on early ideas, ultimately resulting in lower originality, reduced variety, and 

weaker overall idea production compared to those working without AI support. These 

findings suggest that while AI can accelerate ideation, it may simultaneously compress 

the exploratory phase of creativity by prematurely converging on salient or highly 

probable ideas. These findings open into several broader points of disagreement within 

the literature. While many studies position AI as a consistently strong creative 

performer, others argue that the most creative human individuals still match or surpass 

AI in originality, complicating any straightforward claim of AI superiority (Hubert et 

al., 2024; Koivisto & Grassini, 2023). The question of fixation itself remains 

controversial. Some evidence suggests that AI replicates a human-like fixation effect, 

gravitating toward conventional, predictable patterns embedded in its training data, 

while others maintain that AI overcomes fixation by drawing on remote semantic 

associations more efficiently than humans can (Desdevises, 2025). This inconsistency 

points to the possibility that AI’s impact on creativity is highly context-dependent, 

varying according to task structure, prompt design, and the degree of user reliance. A 

further limitation concerns evaluative capacity: whereas humans tend to distinguish 

between their conventional and genuinely original ideas, AI models have been shown to 

struggle with this kind of differential judgment. They rate predictable outputs as highly 

as truly novel ones, a blind spot with significant implications for how AI-generated 

creativity is assessed (Camarda et al., 2024; Desdevises, 2025). Consequently, without 

critical human oversight, AI-assisted creativity risks amplifying not only idea generation 

but also the acceptance of mediocre or derivative outputs, thereby diluting overall 

creative quality. 

2.4. Mechanisms of AI's Impact on Creativity 
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2.4.1. Cognitive Offloading 

While AI can influence people's creativity in various ways, as described in existing 

groundworks, it is very important to understand the fundamental processes and 

mechanisms behind these influences. One key factor is cognitive offloading, in the 

context of creativity, this refers to the practice of using external tools, particularly 

artificial intelligence, to perform mental tasks that would otherwise require significant 

cognitive effort from a human (Risko & Gilbert, 2016; Marrone, Cropley, & Medeiros, 

2026) . Because AI allows people to delegate routine cognitive tasks, it is considered a 

"cognitive enhancer" or  a tool that reduces mental workload and frees up cognitive 

resources to redirect attention to complex creative processes . The supporting findings 

were highlighted by (Wang, Tao, Ma, Li, & Wu, 2025), who found that AI assistance 

allowed cognitive resource reallocation from technical execution toward higher-order 

creative evaluation. Participants in the study reported that they “could allocate more 

time to evaluating and refining concepts rather than creating initial drafts”, 

demonstrating how AI tools helped to reveal more creative potential. The study 

concluded that the use of AI tools improves creative performance in design students due 

to cognitive resource optimization (Wang, Tao, Ma, Li, & Wu, 2025). On the other 

hand, some studies argue that while AI helps humans use cognitive resources more 

optimally and frees up, at the same time, it may also lead to a decline in cognitive 

engagement and the development of skills. The widespread availability and use of such 

AI tools, which provide quick solutions and prepare everything, discourages people 

from using their critical and creative thinking even in basic cognitive tasks. Gerlich 

(2025) draws a parallel with the situation where search engines provide available 

information, which can negatively impact memory retention and the ability to deeply 

process information. His findings also noted that because people become accustomed to 

the simplicity and convenience of AI-provided solutions, even in professional and 

everyday scenarios, cognitive processes are affected, reducing the need for independent 

critical analysis. This could ultimately lead to a workforce that is highly effective but 

potentially less capable of critical and creative thinking. Apart from Gerich (2025), 

other research underscores the potential drawbacks of overreliance on AI. Shukla et al. 

(2025) claim that AI-driven auto-resolution of problems results in ‘deskilling,’ as 

workers transition from active participation to passive monitoring roles. The potential 

shift of cognitive tasks like brainstorming or problem framing towards AI reliance rises 

questions in the aspect of unintended skill erosion. In conclusion, even if AI can 
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enhance creativity by optimizing cognitive resources through delegating certain tasks, 

overreliance on it can reduce cognitive activity and hinder skill development. In other 

words, overuse of AI can lead to reduced critical and creative thinking. 

2.4.2. Fixation Bias 

Following the discussion on cognitive offloading, it's also important to consider AI in 

terms of fixation bias and the creative process in general. Fixation bias, also known as 

fixation effect or idea fixedness, is a cognitive phenomenon in which people become 

fixated on initial, generally accepted, or easily accessible ideas (Wadinambiarachchi et 

al., 2024). This cognitive tendency consequently narrows down the creative thinking 

scope as it limits the ability of people to explore novel or alternative solutions. For 

example, in one study of student creativity, he argued that overreliance on AI 

demonstrated how it hindered creativity in participants. Students who participated in the 

experiment acknowledged that when working with ChatGPT, it prevented them from 

coming up with additional ways to solve the problem, ultimately limiting their 

creativity. According to the authors, this occurred because focusing on the AI's ideas 

effectively prevented them from thinking independently and limited rather than 

expanded their capabilities (Habib et al., 2023). Similar results were demonstrated by 

Hubert (2024) that when a person uses support from AI during the ideation process, it 

can lead to fixation of ideas in the initial ones. As a result, participants who used 

showed lower results in idea production compared to the baseline group. 

There's also a counter-argument in the literature that AI, precisely because of the 

inherent human cognitive phenomenon of idea fixedness, can solve this problem and 

help people become more creative. This is because AI isn't limited by the cognitive 

factors that typically influence idea generation in humans. While mental fatigue, 

attentional lapses, or working memory overload can hinder the development of more 

creative solutions, AI is capable of rapidly generating large volumes of ideas 

(Desdevises, 2025). To sum up, while AI can overcome human cognitive limitations and 

help people expand their creative capabilities, in some cases, it can also hinder 

creativity. It can lead to decreased creative productivity due to fixation bias, causing 

people to become stuck in easily generated ideas by AI and lose the ability to come up 

with new ideas. 

3. Research Gap, Aims, and Scope 
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Figure 3.1. The conceptual framework  

Despite growing scholarly interest, the relationship between AI and human creativity 

remains questionable, warranting further empirical investigation. This project addresses 

that need by examining how AI use affects creative performance across four key 

dimensions: fluency, flexibility, originality, and elaboration, using the Alternative Uses 

Task (AUT) as the primary measure of creative output. The study's contributions are 

operationalized through five key deliverables: a Conceptual Framework Diagram, an 

Experimental Protocol Document, a Synthesis from the Literature, and a broader 

Knowledge Contribution to the Thesis. Together, these aim to advance the ongoing 

debate and offer practical recommendations for the effective integration of AI in 

creative contexts. A key motivation for this study and the methodology adopted lies in 

the inherent asymmetry between human and AI ideation capacities. Several gaps in the 

existing literature further justify this study's design. Most prior research has relied on 
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earlier model versions such as GPT-3.5 or GPT-4, leaving the capabilities of more 

advanced iterations underexplored. By focusing on ChatGPT-5, this study documents a 

more current point in the trajectory of AI development. Additionally, while much 

existing evidence draws from general online samples, this project's focus on 

undergraduates aged 18-25 in a controlled laboratory setting provides more targeted 

evidence relevant to educational policy. The study also addresses underexplored 

questions around metacognitive conflict. Specifically, whether AI-assisted students 

generate ideas without adequately evaluating them and the risk of ideational 

homogenization, whereby AI anchors all users toward statistically similar outputs, 

reducing collective diversity even as it supports individual performance. It is important 

to note the boundaries of this inquiry. The study is limited to a single, text-based 

assessment of creative output and does not track long-term creative development, 

evaluate collaborative dynamics between humans and AI, or extend to non-textual forms 

of ideation. Within these parameters, the research aims to determine whether generative 

AI functions as a supplement to or a substitute for students' creative cognition. 

4. Methodology 

4.1. Design of the Experiment 

For this experiment, students (N = 50) were recruited via outreach efforts conducted by 

the experiment organizers. Inclusion criteria were: adults aged 18 or older, current 

students, prior experience using AI tools, completion of all survey sections with at least 

95% valid responses, proficient English speakers, and born/raised in Kazakhstan.  

Demographic characteristics are described in detail. The age range of participants was 

18–34. In the AI group (n = 25), 44% were female, and 56% were male. In the non-AI 

group (n = 25), 28% were female, and 72% were male. 

To control for individual differences in creativity and ability, we focused on participants 

with similar educational backgrounds, specifically selecting only SEDS graduate 

students for the experiment. MEM, Master of Engineering Management, was a 

predominant major for the selected participants, while their Bachelor's degree major 

differed. This was done to control for and minimize the influence of different 

educational experiences that could otherwise influence creativity. Creating a baseline 

group that controlled for all factors such as prior knowledge of AI or personal abilities 

was not possible due to time constraints. However, selecting a homogeneous group of 

participants helps isolate the impact of AI on creativity. In other words, by ensuring that 
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all participants have similar academic backgrounds, we aim to more accurately assess 

the impact of AI without the confounding influence of different experiences.  

The average time to complete the survey was 6 minutes.  

Before participating, all examiners completed CITI training on Social & Behavioral 

Research. Participants provided written informed consent prior to starting the 

experiment. 

4.1.1. No-AI Group Procedure 

Participants in the no-AI condition were invited, where each participant was seated at a 

computer of equal computational capacity and completed tasks via Google Form. They 

first signed consent forms and provided demographic information. 

For divergent thinking, participants completed the Alternative Uses Task (AUT) 

(Hubert, Awa & Zabelina, 2024). The instructions were as follows: 

“For this task, you’ll be asked to come up with as many original and creative uses for 

[item] as you can. The goal is to generate creative ideas that are clever, unusual, 

interesting, uncommon, humorous, innovative, or different. Ideas do not need to be 

practical or realistic; they can be silly or strange, as long as they are CREATIVE. You 

may enter as many ideas as you like. The task will take 3 minutes. Creative quality is 

more important than quantity; it is better to have a few truly original ideas than many 

uncreative ones. List as many ORIGINAL and CREATIVE uses for [item] as possible.” 

Responses were entered into a text box, recorded using Google Form, and automatically 

exported to Excel for analysis. This design prioritized Originality over Fluency.  

4.1.2. AI Group Procedure 

Each participant in the AI condition was instructed to open ChatGPT5 without signing 

in. AI responses were structured to match the mean of no AI group on timed tasks. For 

example, if a group with human participants will produce 6 ideas on average, the AI 

group will be instructed to produce exactly six responses. Only valid responses were 

retained. 

Because originality and other divergent-thinking quality scores are mathematically and 

methodologically confounded with fluency, and high correlations with fluency are often 

artifactual rather than indicative of unidimensional creativity, matching AI and human 

responses on fluency in timed tasks is a necessary control to isolate idea quality from 

idea quantity and avoid volume-driven distortions in originality estimates (Forthmann et 

al., 2020; Puente-Díaz et al., 2025) 

Instructions for the AI group were adapted from the AUT prompts, with the number of 

responses limited to match human fluency: 
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“For this task, you’ll be asked to come up with [insert fluency number] ORIGINAL and 

CREATIVE uses for [item]. Ideas should be clever, unusual, interesting, uncommon, 

humorous, innovative, or different. Practicality is not required.” 

 

4.2. Creativity Measures Assessed 

4.2.1. Alternative Uses Task (AUT) 

To assess divergent creative thinking, the AUT was implemented using common 

objects, such as a fork and a pencil. Responses were evaluated on three dimensions: 

● Fluency: number of responses. It was controlled in AI sessions to match the 

average output of the No-AI group in order to eliminate quantity-driven advantages and 

ensure a fair comparison of quality (described in details in Section 2.2.1). 

● Originality: uniqueness of responses. 

● Elaboration: number of words per valid response. 

    This measure was excluded from the analysis:  

● Flexibility: variety of perspectives. This measure was excluded due to its 

reliance on consistent category construction and judge-based coding, as described in 

Section 2.2.3. This process introduces additional subjectivity and methodological 

complexity, and was therefore out of the scope of this study. 

Given these considerations, the analysis focuses on originality and elaboration as 

primary indicators of creative performance. 

4.2.2. Creativity scoring 

The performance on divergent thinking tasks is usually measured with human judges, but 

this process can be subjective and variable, as well as difficult to scale. For this reason, 

researchers have developed various scoring algorithms to automate the assessment 

process (Organisciak et al., 2023; Xie et al., 2024). 

In the current study, semantic originality was first assessed with GloVe embeddings. 

Following existing practices, each response and prompt was mapped into semantic space 

as vectors, and originality was estimated as their cosine distance. GloVe is a model trained 

on statistics of word co-occurrences, encoding meaning in semantic relationships between 

them (Pennington et al., 2014). 

While earlier studies used the 840B version of GloVe (Koivisto & Grassini, 2023), this 

experiment leverages its 2024 update, built on Dolma, which was trained on an even larger 

dataset with 220 billion tokens, including a vocabulary of 1.2 million unique words and 

300-dimensional vectors. 

When developing the experiment, only GloVe embeddings were used to estimate 

originality in the first analysis. However, during the presentation, the jury advised that 
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word-level similarity cannot capture the conceptual link and creativity of participants' 

thoughts, necessitating the development of a new methodological direction. 

Therefore, the Open Creativity Scoring AI (OCSAI) was employed to measure the 

perceived originality of divergent thinking tasks. OCSAI consists of fine-tuned large 

language models evaluating responses as a whole to consider conceptual and contextual 

features of creativity, proven to be highly correlated with human judgments (exceeding 

27,000 responses, r = .81) (Organisciak et al., 2023). 

As a result, originality scores were calculated with two different techniques: (1) semantic 

distance obtained from GloVe embeddings and (2) scores estimating perceived creativity 

using OCSAI. 

Before scoring, all responses underwent preprocessing (translations when required), 

cleaning, and standardization. In addition, the divergent thinking task included two 

common objects, "pencil" and "fork," to create diversity in functional affordances and 

possible creative applications. 

5. Data Analysis 

5.1. Data Preparation 

The responses were collected via Google Form for No-AI groups and AI allowed groups. 

The participants entered their responses to the Google Form fields. Two datasets were 

developed for the AUT, collecting responses for the prompts "pencil" and "fork." One 

dataset comprised responses from human participants, and the other contained AI-

generated/assisted responses. No-AI group responses were collected, and it was derived 

that the average responses for both items was around 5. Thus, the prompt for the AI group 

capped a fluency number, “use cases”, to 5. 

The collected data underwent several steps of cleaning and standardization. Some 

responses were originally submitted in Russian and were translated into English for 

compatibility. Once all responses were translated, duplicate, non-viable (no consent, no 

“use cases”), and irrelevant submissions (e.g., set of meaningless letters) were filtered out.  

Elaboration was operationalized as the amount of meaningful detail in each response. To 

calculate this, each response was first converted to lowercase and cleaned by removing 

punctuation. The text was then tokenized into individual words. 

Common English stop words were removed using the stop-word list from spaCy’s 

English language module. This list includes frequent function words such as “the,” 
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“and,” “to,” “of,” “in,” and similar terms, as well as contractions such as “n’t,” “’d,” 

“’ll,” and related apostrophe variants.   

Original code: 

https://github.com/explosion/spaCy/blob/a741de7cf658ce9a90d7afe67c88face8fb658ad/

spacy/lang/en/stop_words.py 

After preprocessing, the elaboration score for each response was calculated as: 

Elaboration score = number of remaining non-stopword tokens 

For example, a short response such as “bookmark” receives a low score, while a more 

developed response such as “use a fork to loosen soil in small pots” receives a higher 

score because it contains more meaningful descriptive content. 

Mean elaboration scores were calculated separately for pencil and fork, and then 

combined into an overall mean elaboration score. 

AI-generated responses were often long-form, containing descriptions, jokes, metaphors, 

or stories.  

When originality was assessed, in order to compare them to the human responses, the text 

was trimmed to short phrases, capturing only the essence of the tool. For example, 

“Micro-Dough Rolling Pin: The perfect culinary tool for flattening out the dough for 

exactly one ravioli, a single miniature tortilla, or a bite-sized pie crust” was simplified to 

a tool for flattening dough. This trimming was done for the participants who reported that 

the answers were mostly copy pasted and slightly modified, which is around 64% of AI 

group respondents. Therefore, the trimming was essential to filter out unnecessary 

characters and invalid information. 

In total, 241 responses generated by AI were collected, and all were determined to be 

valid, but 54.4% of these responses required further preprocessing to trim down to the 

relevant information. On the other hand, 93.1% of human responses were found to be 

valid, while 20.6% of responses required trimming. Only 6.9% of the human responses 

could not be used due to being irrelevant or rude. For example, one of the respondents 

mentioned that “split in half and get 2 pencils” or that the fork could be used “for 

chebureks (Russian fried dumplings)”. 

All responses, both AI and human, underwent preprocessing using natural language 

processing methods. Responses were lowercased, punctuations removed, and responses 

were tokenized into words. Stop words (such as the, and, of) were stripped from 

https://github.com/explosion/spaCy/blob/a741de7cf658ce9a90d7afe67c88face8fb658ad/spacy/lang/en/stop_words.py
https://github.com/explosion/spaCy/blob/a741de7cf658ce9a90d7afe67c88face8fb658ad/spacy/lang/en/stop_words.py
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responses. Words not available in GloVe's vocabulary were dropped from consideration 

when generating sentence embeddings. 

5.2. Analysis 

After the preprocessing stage, semantic originality was estimated using the GloVe 

embeddings. Tokenization was performed for all responses, followed by vectorization 

through calculating the average of the embeddings of the tokens left after removing 

stopwords and vocabulary filtering. For each prompt, a vector was also obtained in a 

similar manner. The similarity between the vectors of response and prompt was 

measured using cosine similarity, while semantic distance was defined as 1-cosine 

similarity, with larger distances indicating a bigger difference from the original object. 

The scoring used the 2024 Dolma-based GloVe embeddings, 300-dimensional and 

trained on a large corpus. In order to avoid unnecessary computations, only the most 

frequently used tokens were used to represent the vocabulary, and words that did not 

have any embeddings were ignored. 

Perceived creativity was estimated using the OCSAI scoring approach. A model 

evaluated every response and assigned it an originality score that indicated the degree of 

creativity of the response. Originality scores were first calculated at the response level 

and averaged across participants and prompts. 

OCSAI was calculated using ocsai2 – a cross-lingual, multi-task model based on fine-

tuned large language models. The originality score was calculated as a weighted 

probability. The task type was "uses," with short prompt description and English 

language parameters in order to match the AUT task. 

Response-level scores were averaged at the participant level for each prompt (i.e., 

"pencil" and "fork"). Then group-level averages for human- and AI-produced responses 

were calculated for further analyses. 
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6. Results 

6.1. Fluency 

Figures 5.1.1 and 5.1.2 showcase the spread of the ideas for both words, with a mean of 

5.62 for pencil and 5.04 for fork. Therefore, it was decided to set the fluency score of the 

AI group to 5. Interestingly the word that came second in the survey, fork, had a 

significantly lower median of 3.5 (compared to 5.5). Yet, the same word gathered 10 

(max) use cases from 6 students, while the pencil got 4. 

The results reveal that, although the mean fluency scores for the two objects are similar, 

the underlying distributions differ substantially. The pencil illustrates a more balanced 

and consistent pattern of idea generation, with the mean and median closely aligned (5.5 

and 5.62), suggesting that most participants were able to produce a moderate number of 

uses. This likely reflects the object’s familiarity and the breadth of its conventional 

associations (e.g., writing, drawing, marking), which make it easier to extend into related 

functions. In contrast, the fork demonstrates a more polarized distribution, characterized 

by a lower median but the presence of high-performing individuals who reached the 

maximum number of ideas. This indicates that while many participants remained 

constrained by the object’s primary function, a subset was able to overcome this limitation 

and generate highly divergent uses.  
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Figure 6.1.1. The distribution of responses and spread for “pencil” 

 

Figure 6.1.2. The distribution of responses and spread for “fork” 

Because fluency score (# of ideas) was experimentally controlled in the AI condition, it cannot 

be meaningfully compared between groups. In contrast, fluency in the No-AI group was 

unconstrained and varied across participants; therefore, its relationship with participant 

characteristics was analyzed using correlation analysis. For participant characteristics, variable 

parameters like English proficiency, AI usage frequency, and gender has been taken. The results 

indicate that English proficiency demonstrated the strongest association with idea output as it is 

shown in Table 6.1.3.  

 

Table 6.1.1. Correlation Matrix 

Specifically, the Pearson correlation between English level and number of ideas was r = 0.40, 

while the Spearman rank correlation was ρ = 0.39 (p = 0.059), indicating a moderate positive 

relationship that approaches, but does not reach, conventional levels of statistical significance. 

Descriptive statistics further support this pattern: mean idea scores increased consistently across 

proficiency levels, from 3.0 (A1) to 3.8 (B2), 6.13 (C1), and 7.0 (C2). This suggests a clear 

upward trend in idea generation as English proficiency improves.  

 

In contrast, AI usage frequency showed no meaningful association with idea output. The 

Pearson correlation was r = -0.06, and the Spearman correlation was ρ = -0.12 (p = 0.576), 
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indicating a negligible and non-significant relationship. Group means also did not reveal a 

consistent pattern: participants using AI daily generated on average 5.5 ideas, compared to 6.67 

for weekly users and 5.0 for monthly users. These variations appear unsystematic and are likely 

influenced by small and uneven subgroup sizes rather than a true underlying effect. 

 

Additional variables showed limited explanatory power. Gender exhibited a weak negative 

correlation with idea output (r = -0.21), with males averaging 6.0 ideas and females 4.71, though 

this difference was not statistically significant. Age differences were minimal, with participants 

aged 18-24 producing 5.57 ideas on average, compared to 6.0 among those aged 25-34. 

 

Overall, these findings suggest that English proficiency may play a role in supporting higher 

idea generation potentially by enabling broader semantic access or more effective interaction 

with prompts. AI usage frequency alone does not appear to enhance creative output in this 

sample. The absence of statistically significant results across most tests, however, highlights the 

limitations of the small sample size and indicates that these conclusions should be interpreted as 

exploratory rather than definitive. Refer to Appendix E for extended results.  

6.2. Elaboration 

Mean elaboration scores were summarized in Table 6.2.1 and Figure 6.2.2. 
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Table 6.2.1. Participant Elaboration Scores  

 

Figure 6.2.1. Elaboration Score Means by AI and no AI groups 

The AI-assisted group showed substantially higher elaboration than the No-AI group, in other 

words, AI-assisted responses contained much more descriptive detail.  

Welch’s t-tests revealed that elaboration scores were significantly higher in the AI-assisted 

condition compared to the no-AI condition for pencil (t = 4.24, p < .001), fork (t = 4.36, p < 

.001), and total responses (t = 4.86, p < .001). 

Qualitatively, the No-AI group mostly produced short labels or brief phrases (like eat, write, 

scratch, sew), while the AI-assisted group more often produced developed explanations, 

examples, or scenario-based uses (e.g. The Low-Tech "Air-Quality" Sensor. If you are 

suspicious of the humidity or "vibes" in a room, simply shave a pencil down until you have a 

long, thin ribbon of cedar wood. Suspend it from the ceiling. Because cedar is sensitive to 

moisture, the ribbon will curl or straighten based on the humidity). This suggests that AI 

supports increased elaboration by expanding responses beyond simple idea labels into more 

detailed descriptions. Moreover, the divergence between mean and median in the AI condition 

indicates a right-skewed distribution, suggesting that while most participants produced 

moderately elaborated responses, a subset generated highly detailed outputs. 

Due to gender imbalance in groups, stratified analysis has been conducted to check if it affected 

the results of the study. Stratified analyses by gender showed that the effect of AI assistance on 

elaboration is robust across both groups. 
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For female participants, elaboration was higher in the AI condition than in the no-AI condition 

across all tasks: pencil (6.78 vs. 1.23, Δ = +5.55, t = 2.94, p = .014), fork (7.65 vs. 1.00, Δ = 

+6.65, t = 3.34, p = .007), and total responses (7.22 vs. 1.11, Δ = +6.10, t = 3.25, p = .008). 

For male participants, the same pattern was observed, with larger differences: pencil (10.46 vs. 

1.35, Δ = +9.11, t = 3.26, p = .006), fork (10.46 vs. 1.13, Δ = +9.32, t = 3.15, p = .008), and total 

responses (10.46 vs. 1.24, Δ = +9.22, t = 3.74, p = .002). 

Importantly, baseline elaboration levels in the no-AI condition were similar across genders, 

indicating that gender alone does not account for differences in performance. However, the 

magnitude of the AI effect was consistently larger among male participants, suggesting a 

potential interaction between group and gender, where AI assistance amplifies elaboration more 

strongly in this subgroup. 

Another step was to check how the degree of transformation of the response in the AI group has 

affected the elaboration score. Figure 6.2.2. showcase the responses of our participants on the 

question “To what extent did you modify or build upon ChatGPT’s ideas when creating your 

final answers?” mapped with their elaboration score (total for two words: pencil and fork). 

Important note: among 25 participants only 1 had fully original ideas compared to 12 

participants who mostly copied the ideas from ChatGPT.  

 

Figure 6.2.2. Mean Elaboration Scores for AI groups based on the degree of 

transformation 
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6.3. Originality (GloVe and OSCAI) 

This part describes the findings of a comparative analysis of semantic distance and 

originality scores of human versus AI-generated responses according to both prompts. 

Table 6.3.1 provides the average score of each group in each prompt according to the 

measures. 

Group Prompt GloVe OSCAI 

No-AI group Fork 0.504 2.991 

No-AI group Pencil 0.470 2.885 

AI assisted  Fork 0.466 3.580 

AI assisted Pencil 0.444 3.239 

Table 6.3.1. The mean value of GloVe and OSCAI scores for groups  

As shown in Table 6.3.1, the results indicate that human-generated responses achieved 

higher scores in terms of semantic distance according to both prompts when comparing 

the performance of humans and AI systems. As shown in Table 6.3.1, in the "fork" 

condition, human responses produced a significantly higher average semantic distance 

score than AI responses (Mean = 0.504 versus Mean = 0.466; t = -2.426, p = .019). 

Similarly, in the case of the pencil prompt, although the average scores differed (Mean = 

0.470 versus Mean = 0.444), this difference was not statistically significant (t = -1.308, p 

= .198). 

Contrastingly, as seen in Table 6.3.1, the results obtained using the OCSAI measure 

demonstrated the opposite pattern. In all cases, human-generated responses achieved 

lower scores than the scores of AI responses. This can be exemplified through examining 

the "fork" condition, where human responses achieved an average score of 2.991 versus 

the average score of AI responses of 3.580, which was a statistically significant difference 

(t = 4.181, p < .001). In the case of the pencil prompt, human responses achieved a score 

of 2.885 compared to the average score of AI responses of 3.239, representing a difference 

that was statistically significant (t = 3.476, p = .001). 



 
 

References 

26 

 

 

Figure 6.3.1. GloVe semantic distance by Group and Prompt 

Figure 6.3.2. shows the distribution of semantic distance scores according to the 

prompts and groups. It can be observed that the boxplot shows that humans generate 

more scattered scores with the tendency to produce higher scores, especially in the 

"fork" prompt. In contrast, AI-generated responses show less variability within a narrow 

range of scores.  
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Figure 6.3.2. OSCAI by Group and Prompt 

Figure 6.3.3 illustrates the same comparison, but according to the OCSAI measure. It 

can be seen that AI responses produce higher scores of central tendency than human 

responses according to both prompts. There is some overlap between distributions of 

scores; however, the separation of distributions between groups is higher according to 

the OCSAI metric. 

It seems that another pattern could be identified in terms of prompts used. Responses to 

"fork" achieve higher average scores according to both metrics than responses to 

"pencil," indicating that objects influence the range of creativity. 

Gender analyses were performed using averages at the participant level to ensure that each 

participant contributed one data point for each prompt. The number of female participants 

in the AI-assisted condition was 11 compared to 14 males, while the No AI group 

consisted of 6 females and 18 males. 

The means of GloVe and OCSAI scores for all groups and genders are given in Table 

6.3.2 Within the AI-assisted group, the average GloVe score among female participants 

was 0.479, while their OCSAI score was 3.434. Male participants' mean GloVe score in 

the AI-assisted group was 0.436 and their mean OCSAI score was 3.390. Female 

participants in the No AI group had an average GloVe score of 0.503 and their average 
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OCSAI score was 3.016. Male participants in the No AI group had a mean GloVe score 

of 0.483 and their mean OCSAI score was 2.931. 

Group Gender n GloVe avg OSCAI avg 

AI-assisted Female 11 0.479 3.434 

AI-assisted Male 14 0.436 3.390 

No AI Female 6 0.503 3.016 

No AI Male 18 0.483 2.931 

Table 6.3.2. The mean value of GloVe and OSCAI scores based on genders 

Independent sample t-tests (Welch) were used on the data of both women and men for AI-assisted 

and No AI conditions. In the case of women, no statistical significance was found between the 

two conditions in terms of GloVe scores, t = -1.039, p = .323. On the other hand, OCSAI scores 

were found significantly higher in the AI-assisted condition (M = 3.434) than in the No AI 

condition (M = 3.016), t = 2.608, p = .037. 

In the case of men, the No AI condition gave rise to significantly higher GloVe scores (M = 0.483) 

than the AI-assisted condition (M = 0.436), t = -3.167, p = .005. In contrast, AI-assisted conditions 

generated significantly higher OCSAI scores (M = 3.390) than the No AI conditions (M = 2.931), 

t = 3.245, p = .003 

Gender Metric t p 

Female GloVe -1.039 0.323 

Female OSCAI 2.608 0.037 

Male GloVe -3.167 0.005 

Male OCSAI 3.245 0.003 

Table 6.3.3. The t-test results 

In order to determine if the degree of modification of response by users  impacted the creativity 

scores, the participants using AI assistance were divided into two categories. The first category 

was called "No/slight modification," which includes participants that mostly copied the AI answer 

or made slight modifications to it. The second category was termed "Moderate/high modification," 

and it involved participants who slightly or largely adapted the response or came up with 

something new. 
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Modification group n GloVe average OCSAI average 

No/Slight modification 16 0.454 3.448 

Moderate/High modification 9 0.457 3.340 

Table 6.3.4 The modification level results for AI assisted group 

The mean GloVe scores were relatively equal between the two groups, with the Moderate/high 

modification group having a slightly higher mean (0.457) than the No/slight modification group 

(0.454). On the other hand, the mean score was higher among the No/slight modification group 

(3.448) than the Moderate/high modification group (3.340) when considering the OCSAI. 

Metric t p 

GloVe -0.174 0.864 

OSCAI 0.980 0.343 

Table 6.3.5. The t-test results for modification 

According to Welch independent-samples t-test results, neither difference reached statistical 

significance in the case of GloVe, t = -0.174, p = .864, nor OCSAI, t = 0.980, p = .343. Therefore, 

modification level was not found to be a significant predictor of creativity scores. 

Overall, the results reveal a divergence between the two evaluation strategies. Human 

responses showed greater semantic distance from the object, whereas AI-generated 

responses were rated as more creative according to the OCSAI measure.  

7. Discussion 

The results of this study show that AI assistance affected the originality dimension of creativity 

differently depending on the evaluation method. In particular, the AI-assisted responses did not 

score above average on GloVe-based semantic distance but scored higher on the OCSAI 

originality index. However, this does not mean that the two indices are equally representative of 

creativity and can be used interchangeably as such. GloVe calculates the semantic distance 

between the prompt and response, while OCSAI aims at approximating human evaluations of 

originality. Hence, while evaluating creativity originality in this case, it is best to take OCSAI as 

the more credible indicator. 

 

It means that the main conclusions from this analysis need to be somewhat revised in light of the 
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methodological considerations raised. In particular, lower values for the AI assistance group 

concerning GloVe do not actually mean reduced originality since they are indicative of the smaller 

semantic distance from the original object. At the same time, higher values for OCSAI imply 

increased originality as perceived by this more reliable indicator of creativity. In other words, AI 

assistance increased originality in terms of the chosen measure. 

At the same time, these conclusions appear to be consistent with the characteristics of the two 

tools for measuring originality. Namely, GloVe is a neural word embedding model that uses co-

occurrence statistics to represent a word as a vector. As used in this analysis, response vectors 

were created using averaging the word embeddings within a response. While it makes possible a 

quick assessment of semantic distance, it also does not take into account the context of words, 

their functions, and general meanings. Thus, GloVe can identify semantic remoteness but not 

originality, usefulness, or reinterpretation of the object. This explains why human responses were 

generally characterized by greater semantic distance according to GloVe despite being rated by 

humans as less original using OCSAI. 

OCSAI, on the contrary, provides a more comprehensive evaluation of the originality of creative 

works. Being a model-based measure trained to approximate human evaluations of the target 

feature, it provides more appropriate estimates in regard to perceived creativity. Higher originality 

scores associated with AI assistance imply that it enabled participants to generate more coherent, 

elaborate, and recognized responses that can be regarded as original. This result is aligned with 

research demonstrating positive effects of generative AI in supporting creative thinking and 

improving creative outputs (Urban et al., 2024) and showing how AI assistance influences 

ideation and creative output diversification (Ashkinaze et al., 2025). 

It should be added that preprocessing differences are relevant to discuss here as well. More 

precisely, responses generated under AI assistance tended to be longer, more descriptive, and 

more narrative than those in the No AI condition. Responses where users copied AI text were cut 

down into shorter functional phrases in order to make it comparable to human AUT responses. It 

means that AI-assisted data required more preprocessing before analysis compared to data 

collected among No AI respondents. 

Nevertheless, additional analysis of modification-level preprocessing shows that preprocessing 

did not lead to a difference in the main result. Namely, in the AI assistance group, participants 

were separated into the No/slight modification and Moderate/high modification categories based 

on how extensively they altered initial ChatGPT-generated text. There were no statistically 

significant differences between these two categories in relation to GloVe and OCSAI measures. 

Hence, even if there is a preprocessing difference between AI assistance and No AI groups, the 

results are unlikely to be impacted by it. 

Finally, several practical implications should be discussed. First, as seen, AI assistance can be 

useful to increase perceived originality at least if evaluated with measures based on human 
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assessments. This means that it may be helpful for assisting in generating more creative ideas that 

are rated higher in terms of originality. Second, lower GloVe scores imply that AI assistance will 

not necessarily drive users to come up with more semantically remote ideas but instead help to 

improve idea development and articulation without moving far away from established concepts. 

Thus, it can be concluded that AI assistance should be understood as helping with different aspects 

of creativity rather than just promoting or decreasing it. In this specific case, AI assistance made 

responses perform better in OCSAI originality, while the lack of assistance promoted more 

divergent ideas according to GloVe semantic distance. Hence, AI seems to assist with improving 

originality and quality, while people on their own are capable of generating more diverse ideas. 

In turn, these findings demonstrate the potential benefits of using generative AI to enhance 

creativity performance as long as participants receive appropriate instructions. In education and 

work-related settings, AI should be primarily used as a tool for generating ideas and developing 

responses rather than directly copy-and-pasting texts. Finally, this case emphasizes the importance 

of using different measures to assess creativity. Had GloVe been used only, one would reach the 

conclusion about better human performance. However, since OCSAI is more aligned with human 

evaluations, the conclusion should be drawn about positive effects of AI assistance. 

From the results obtained in this study, it is evident that the AI-assisted responses performed better 

on OCSAI originality index while performing worse in GloVe semantic distance. However, an 

interesting theory question can be posed from this regarding whether or not this is in line with 

fixation bias or cognitive offloading. 

With the lower GloVe index scores, it means that the AI-generated response was closer to the 

original object. Therefore, the role of the AI was crucial in ensuring that the participant focused 

on elaborating and evaluating the concept. As explained, cognitive offloading refers to a situation 

whereby AI assumes the routine process of task completion and leaves high-level thinking to 

humans. With this, it can be assumed that the participants' minds had been cleared and therefore 

able to evaluate and elaborate. 

At the same time, the low performance of the model in the GloVe metric could also be explained 

by the fixation bias. The AI is converging toward common solutions, offering concepts that are 

closer to the initial idea. It means that AI-driven generation might have caused participants to 

fixate on more conventional concepts, hindering divergent thinking processes. Therefore, AI-

driven generation might lead to fixation instead of promoting divergent thinking. 

 

In summary, the findings indicate a dual effect of artificial intelligence on creativity. On the one 

hand, AI contributes to the optimization of cognitive resources (supports elaboration processes) 

and enhances originality. On the other hand, AI could reduce the scope of ideation, which 

coincides with the notion of fixation bias. 
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8. Conclusion 

The current research aimed to analyze how GenAI impacted creativity. Particularly, it sought to 

evaluate whether GenAI could influence creative behavior concerning creativity fluency, 

flexibility, originality, and elaboration. It appeared that the use of GenAI resulted in better 

originality and elaboration as assessed via OCSAI. Nevertheless, AI-assisted answers had lower 

scores on GloVe semantic distance, which means that GenAI did not foster ideas that were more 

semantically distant from each other. Such findings suggest that while AI can improve the 

quality of ideation, it can have adverse implications for creativity due to the narrowing of 

ideation scope and the creation of the fixation bias. In such a way, AI can enhance creativity 

only partly, while its use poses risks of offloading some creative functions to AI and thus 

creating fixation biases among people. 

However, several limitations regarding the analysis of the results obtained in this study should 

be discussed. First, the non-blind nature of the pre-processing of AI-generated ideas may 

introduce some bias, as participants may modify or adapt the AI-generated ideas in some way. 

Furthermore, a gender disparity was observed in the analyzed samples, favoring men in both the 

experimental and control groups. The study was conducted using a single-session approach, and 

a baseline level of creativity was not determined, making it difficult to track the evolution of 

creativity over time or in response to the use of AI. Furthermore, no validation procedure was 

used to ensure that participants in the experimental sample were using ChatGPT to create 

something genuinely new. 

In terms of future research, efforts need to be made to implement blinded preprocessing in order 

to avoid bias and get accurate results. A representative sample of study participants needs to be 

considered for the purpose of avoiding biased samples. Implementation of pre and post-tests is 

important since it will help to understand the impact of AI on creativity in the long run. It is also 

critical to make sure that participants actually engage with AI (as opposed to copying its output). 
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Appendix B: Experimental Protocol 

Setting Up 

Before participants arrive, set up each computer with a single browser tab open - the 

Google Form survey link. The survey consists of three sequential pages: 

•    Signed consent form 

•    Demographic information 

•    Alternative Uses Task (AUT) 

Preparation checklist before the session begins: 

•    Gather participants and divide into 2 groups equally. 

•    Take a photo together. 

•    Make sure all devices are ready for use and verify a stable internet connection. 

•    Confirm the Google Form is open and loading correctly on each screen. 

•    Check that screens are not frozen and that no accounts are signed into 

ChatGPT (for the AI condition). 

•    Ask for no AI participants to use one tab only - Google Form. 

•    Arrange tables so that computers are spaced apart. No assessment is being 

made, so cheating is not a concern, but distance helps maintain an appropriate working 

environment. 

Greeting and Consent 

Participants will be informed of the venue and time in advance via email. As they are 

students familiar with the campus, they should be able to navigate to the lab 

independently. However, meet participants outside the building to greet them and guide 

them in. 

Once everyone has arrived, welcome participants into the prepared classroom. Say: 

"Please sit wherever you like, as long as the seat is not taken - one person per 

computer. In front of you is a computer with a Google Form open. All instructions you 

need for the experiment are available on the screen." 

Direct participants to the first page of the form - the Consent Form. Ask them to read 

through it carefully, paying particular attention to the sections on Participation and 

Voluntary Nature and Confidentiality. At the end of the consent form, participants will 

find the following acknowledgement: 

By clicking "I Agree" below, you acknowledge that: 

•    You have read and understood the study information. 

•    You voluntarily agree to participate in this study. 

•    You understand that your participation is confidential and that you can 

withdraw at any time. 

If you choose option “I Don’t Agree”, you’ll exit the experiment right away so 

please be careful. 
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Once participants have agreed, thank them and direct them to the second page - the 

demographic information form. Ask them to fill in their age, gender, and highest level 

of education, as well as their academic major, level of English proficiency (ability to 

read and understand English), and a general question: How often do you use Generative 

AI? (options: Daily, Weekly, Once a month, Never). 

Additionally, at the end of the section make sure to note which group are you in AI 

or no AI. 

Once demographics are complete, confirm with participants that they are ready and 

proceed to the main task. 

Instructions and Task - Non-AI Group 

The third section of the Google Form contains the Alternative Uses Task (AUT). Two 

objects will be used: a pencil and a fork. Display images of both objects on the 

main/presenter screen for participants to refer to throughout the task. 

Oral Instructions (read aloud to participants) 

"For this task, you will be asked to come up with as many original and creative uses for 

a pencil and a fork as you can. The goal is to think of creative ideas, ideas that strike 

people as clever, unusual, interesting, uncommon, humorous, innovative, or different. 

Your ideas do not have to be practical or realistic; they can be silly or strange, as long 

as they are creative uses rather than ordinary ones. You can enter as many ideas as you 

like, but time will be limited, so please be aware that creative quality is more important 

than quantity. It is better to have a few really good ideas than many uncreative ones." 

Procedure 

Start with the pencil. Start the timer (3 minutes) on the main screen. Participants type 

their ideas into the available text boxes in the Google Form. Remind them they may use 

all boxes or only some. When the timer ends, check that participants have finished this 

section and instruct them to proceed to the next page. 

The second object is the fork. Start a new 3-minute timer. Participants complete the 

same task for the fork. 

Closing the Session 

Once both objects are completed, address participants: 

"Thank you for your participation. Your answers are very important to us. All responses 

will remain completely anonymous. If you would like to receive the results of our study, 

please share your email address with us after the session and we will send you the 

findings once they are available." 

  

You’ll have 10 empty spaces to place your answers in. You dont need to fill them 

all. If you need extra spaces make sure to place you answers in one box separating 

them using commas. 
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Instructions and Task - AI Group 

The AI group session must be conducted after the Non-AI group session has been 

completed and the fluency scores (number of ideas generated per person) have been 

calculated. This is necessary to calibrate the number of ideas the AI group will be asked 

to generate. 

Pre-Session Calculation 

Calculate the mean fluency score from the Non-AI group (i.e., the average number of 

ideas generated per object across all participants). This number will be used as the target 

number of ideas for the AI group to generate using ChatGPT. For example, if the mean 

fluency score was 4 ideas per object, instruct AI-group participants to generate exactly 4 

ideas per object. 

Participant and Room Setup 

Ensure the AI group consists of entirely different participants from the Non-AI group - 

no overlap between groups. Each computer should have two tabs open: the Google 

Form survey and a ChatGPT tab (no account signed in, browsing history cleared). 

Instruct participants not to sign into ChatGPT and assign a researcher to monitor 

compliance. The ChatGPT tab should be in a fresh, unauthenticated session. 

Procedure 

As with the Non-AI group, participants first complete the consent form and 

demographic information. Then move to the main task. The same oral instructions as in 

the Non-AI condition are given, but participants are additionally told to use ChatGPT 

with a provided prompt to generate their ideas. The prompt should request the exact 

target number of ideas (based on the Non-AI mean fluency score) for each object. 

The same timed structure applies: 3 minutes per object, starting with the pencil and then 

the fork. Display images of both objects on the main screen as before. 

Close the session with the same debrief statement used in the Non-AI condition. 
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Appendix C: Consent Form 

Online Consent Form for Participation in Research Study 

Study Title: The Impact of Generative AI on Creative Performance: Experimental 

Evidence from AI-Assisted Ideation 

Principal Investigator: Marzhan Kabzhassarova, Dias Nurmukhambetov, Ayaulym Ayazhan 

Institution: Nazarbayev University 

Contact Information: 

ayaulym.ayazhan@nu.edu.kz 

Study Supervisor: Mariza Tsakalerou, mariza.tsakalerou @nu.edu.kz 

 

1. Purpose of the Study 

You are invited to participate in a research study examining the impact of AI on human 

creativity. This study will involve completing a creative ideation task, where you will generate 

original and creative uses for everyday objects (fork and pencil.). The aim is to assess how AI 

assistance influences your creative thinking. 

2. Study Procedures 

- You will complete a creative ideation task using a list of objects provided to you. 

- For each object, you will generate as many creative uses as you can within a 3-minute time 

limit. 

- The task will either be performed with AI assistance or without it, depending on your group. 

- You will be asked to generate responses based on prompts such as: “Come up with as many 

creative uses for a Fork as you can.” 

Task Time: 3 minutes for each object. 

3. Participation and Voluntary Nature 

Your participation is completely voluntary, and you may withdraw from the study at any time 

without penalty. You can also skip any task or question without consequence. If you choose to 

withdraw, any data collected up to that point will be deleted from the study. 

4. Risks and Benefits 

 

- Risks: There are no significant risks associated with this study. You may experience some 

mental fatigue or frustration during the ideation tasks, but this is minimal. 

- Benefits: Your participation will contribute to understanding how AI can impact human 

creativity, which could influence the use of AI in creative industries. 

5. Confidentiality 

Your responses will remain confidential. No personally identifiable information will be linked 

to your data, and all responses will be anonymized. The data will be stored securely, and only 

the research team will have access to it. 

6. Compensation 
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- 

7. IREC Guidelines 

This study follows the ethical guidelines set by the Institutional Review Ethics Committee 

(IREC). Your rights as a participant are protected, and if you have any concerns, you can 

contact the IREC/ Office of Research Compliance and Integrity at 

researchcompliance@nu.edu.kz 

 

If you have any questions about the study or your participation, please contact Ayaulym 

Ayazhan at ayaulym.ayazhan@nu.edu.kz. 

Thank you for participating in our research! 
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Appendix D: Code for GloVe 

D.1 Code parts  



 
 

References 

44 

 

 

 

 



 
 

References 

45 

 

D.2 Code for t-test  

 

D.3 Code for visuals 



 
 

References 

46 

 

 

  



 
 

References 

47 

 

Appendix E: Code Output for Fluency 
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Notes: 
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