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1. Background

Creativity is a fundamental feature of human intelligence and represents a vital skill not only for
successful job performance, but also for everyday challenges requiring new solutions. Creativity is
grounded in a complex concurrence of capacities like the “association of ideas, reminding, perception,
analogical thinking, searching a structured problem-space [...]” (Boden, 1998, p. 347). Creative
achievements require developing ideas about what is valuable or interesting that moves beyond what
is considered a “standard” (Jennings, 2010).

Artificial Intelligence (Al) is one of the most significant recent innovations in technology. It
is that branch of computer science that simulates human intelligence processes like problem-solving
and learning, so that computer programs can perform these processes instead of humans. Al language
models such as OpenAl’s Generative Pre-trained Transformer (GPT) are increasingly used to help
perform tasks previously conducted by people (OECD, 2023) and have become a powerful tool for
creative endeavors in several domains (Bubeck et al., 2023). GPT, and its conversational agent
ChatGPT, exploit huge quantities of data, algorithms capable of learning from these data, and the
computational power to do it. GPT-3.5 was released in November 2022, impressing people and
attracting media attention. Relying on a huge amount of data and “machine learning” it was able to
solve tasks, produce drawings or animations, answer questions, have a conversation, write essays
about any possible topic, classify objects from previously unseen classes, review research papers (Dai
etal., 2023). As aresult, many people started testing it. In the moment we write, GPT-4.5 is the latest
and most advanced model, launched in February 2025. According to their statement releases, both
GPT-4.0 and GPT-4.5 are reported to have improved their ability to recognize patterns, draw
connections, generate creative insights, and significantly reduce hallucinations, i.e. produce content
that is nonsensical or untruthful in relation to certain sources, relative to previous models’.

There is a great deal of concern that Al will soon take over from humans in all or nearly all
tasks. While the LLMs have already been recognized as successful in substituting humans in many
endeavors like the ones mentioned (see for instance Gilardi et al., 2023), their ability to deal with
creative tasks is still questioned, as emerges from the growing literature on creativity and Al (Bohren
et al., 2024; Boussioux et al., 2024; Doshi and Hauser, 2023; Fu et al., 2024; Girotra et al., 2023;
Joosten et al., 2024; Magni et al., 2024; Zhou and Lee, 2024), whose contributions will be discussed
below in relation with the design and results of this paper. Al is programmed to process information

in a certain way and achieve a particular result, and cannot deviate from the instructions received:

U https://openai.com/index/hello-gpt-40/ and https://openai.com/index/introducing-gpt-4-5/




LLM is de facto a statistical exercise where the words of the query made to ChatGPT are converted
into numbers, grouped with other words with similar meaning, and connected with other words
according to the learned frequency of these associations. As such, they cannot be spontaneous or
unpredictable like human creativity. Since the association relies on a certain probability, the LLM’s
output is not entirely predictable. The randomness of the text generated depends on the setting of
parameters, in particular of temperature, which controls the “creativity” or randomness of the text
generated.?

Creativity is about finding new solutions to problems that others may not have considered yet,
subverting the rules, looking at a question from different perspectives and “thinking outside the box™.
Cognitive psychology identifies imagination as the source of creativity—a unique prerogative of
humans that arises from social understanding and communication. According to the anthropologist
Ian Tattersal, “Only human beings are able arbitrarily to combine and recombine mental symbols and
to ask themselves questions such as “What if?” And it is the ability to do this, above everything else,
that forms the foundation of our vaunted creativity” (Tattersall, 2001, p. 60). What distinguishes the
human species is our capacity to imagine possible alternative worlds (Pievani, 2026).

In contrast, computer programs that use Al are coded to reach the (exact) results they are told
to achieve relying on information that already exists. This is why they are typically used in tasks
where accuracy is needed. Creativity is instead hard to reduce to a set of instructions or a mathematical
formula and represents a human process open to many interpretations and viewpoints.

Our study tests whether Al outperforms humans in creative tasks with a different degree of
“openness”. As defined in Charness and Grieco (2019), “a true closed problem is one that is presented
to the participant, when the method for solving the problem is known [...]”, like in what Collins and
Amabile (1999) call “algorithmic” tasks. In contrast, open problems occur when the participant is
required to find, invent, or discover the problems” (Unsworth, 2001). To be clear, we do not claim to
have exhaustively examined all measures of creativity in all environments. Yet, we have results that
serve as clear initial evidence on this topic. We use the same creativity methodology as in our previous
articles (Charness and Grieco, 2019, 2022, 2023). In our case, the new subjects score the creativity
of items previously produced by an unknown Al or human.

Our results show that humans’ average performance in the Open task is significantly better
than that of Al, regardless of the version of GPT used. Strikingly, this is entirely reversed in the closed

task. The difference-in-difference across treatments is large, ranging between eight and ten times the

2 A higher temperature results in more diverse output, while a lower temperature makes the output more deterministic:
specifically, temperature affects the probability distribution over the possible tokens at each step of the generation process,
with a temperature of 0 making the model completely deterministic, always choosing the most likely token.

3



standard errors depending on the ChatGPT version. To shed light on the drivers of creative output for
humans and machines, we sketch a simple model that captures human versus Al preferences
depending on the degree of task openness and we structurally estimate the two key preferences
parameters: the extent to which humans and machines are affected by the openness of the creative
task, and the relative weight of human imagination with respect to what is prescribed by instructions.

Our structural estimates show that imagination contributes between 22% and 45% of the
creative score that humans reach in the open task, with human ability of producing novel, unusual
ideas representing a key ingredient of their success with respect to Al machines, and Al improvement
over time consisting of creative answers that have become better elaborated and less nonsensical, but
that are not more novel and original. Human imagination has instead no role in sufficiently closed
tasks, like the one we present in this experiment.

As a final test, we ask Al to evaluate the same answers and found that there was no systematic
improvement in the precision of Al evaluations over time. However, when given more detailed
prompts that restricted the scope of evaluation to very specific aspects of creativity, Al evaluations
reflected those of humans.

Section 2 of this paper presents our experimental designs and results and in section 3 we put
forward a formal model and perform our structural estimation. Section 4 describes the results when
it is AL, and not human subjects, that evaluates creative answers. In section 5, we offer some

discussion and conclude.

2. The experiment
2.1. Experimental design

The experiment has a 2x2 design, with two treatments (“Closed” vs. “Open”), differing in the
degree of openness of the creative task, and two agents (humans vs. Al machines) producing answers
to the task, with four conditions in total: AI-Closed (AI-C), AI-Open (AI-O), Humans-Closed (H-C),
Humans-Open (H-O). A total amount of 738 subjects were recruited on Prolific and took part in one
of the three sessions of the experiment: in Session I, the Al answers were produced with GPT-3.5
(this session was run in July 2023); in Session II, the Al answers were produced with GPT-40
(October 2024); in Session III, the Al answers were produced with GPT-4.5 (April 2025). Each
session consisted of two sub-sessions: one for the Closed treatment, and one for the Open treatment.
In each sub-session, subjects evaluated® six answers (three produced by humans and three produced

by AI) drawn at random from a set of 80 answers (40 produced by human beings, 40 by Al) and

3 We follow the literature that defines creativity as something whose novelty is recognized by others (Amabile et al.,
1990; Mumford, 2003) and use creativity scores assigned by external judges as the main outcome variable.

4



presented in a random order, without knowing whether the answer was produced by a human being
or by AI*. In total, 4428 evaluations (1506 in the first session, 1482 in the second, and 1440 in the
second) were provided, with each answer receiving (at least’) nine independent evaluations.
Appendix A provides a few illustrative examples of Al answers (generated by GPT-3.5, GPT-40 and
GPT-4.5, varying the temperature level in the same way across tasks and GPT versions) and human
answers in the different treatments. The experimental protocols are in the Supplementary Material,

but we report the key aspects of the experimental design below.

Closed Treatment. In the Closed treatment, subjects evaluate the answers that 40 participants gave in
Charness and Grieco (2019)’s laboratory experiment® to the following task: “Write a creative story
using compulsorily the following words: house, zero, forgive, curve, relevance, cow, tree, planet,
ring, send.” This task is classified as “closed” (in relative terms, as opposed to the open task described
below) because it provides requirements in the form of the ten words to be used mandatorily, making
the task a problem to “solve”, but keeping it comparable to the open task below.

The same number of answers (40) to this task were produced using Al (specifically, GPT-3.5
in the first session, GPT-40 in the second session, and GPT-4.5 in the third session), varying
temperature from 0 to 2 (maximum possible value) but setting the same values across tasks and GPT
versions, and leaving the other parameters at their default value (with the exception of the length
parameter).’ In the first and second session, GPT received as prompt exactly the same sentence used
in instructions given to humans (Closed task: “Write a creative story using compulsorily the following
words: house, zero, forgive, curve, relevance, cow, tree, planet, ring, send.), while in the third session
an explicit request to be creative was added ( “Please be as creative as possible.”). It should be noted
that human subjects received tournament incentives. Subjects made their evaluation, assigning a

“creativity score” in a 1-10 scale.

4 Subjects were not told that there was the chance that the answer(s) could have been produced by Al since there is
evidence showing that people may ascribe lower creativity to a product when they are told that the producer is an Al
rather than a human (Magni et al., 2024).

> We collected 4428 total evaluations instead of the planned 4320 (corresponding to 9 evaluations for each of the 160
answers per session) because we ended up recruiting 738 respondents instead of the 720 initially planned because of
simultaneous enrollments of respondents exceeding the requested amount.

¢ The 40 answers taken from Charness and Grieco (2019) correspond to the 40 answers in the verbal closed task produced
by subjects receiving the Tournament treatment. In the Closed Task, subjects could also select a math sub-task, but only
four subjects decided to complete it in the presence of monetary incentives. The average score is not significantly different
from that in the verbal sub-task (5.250 vs. 5.975, Z = 0.370, p = .711, two-sample Wilcoxon rank-sum test). The
instructions used for these experiments are provided in Appendix B1.

7 Default length was set at 256 words, but we raised it to 400 in both treatments since we realized that answers initially
produced in the Closed treatment were not complete; we raised it up to 400 after computing the average length in human
answers and referencing Charness and Grieco (2019), which shows that response length has a minimal, linear effect on
creative scores.
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Open Treatment. In the Open treatment, subjects evaluate the answers that 40 participants gave in
Charness and Grieco (2019)’s experiment® to the following task: “If you had the talent to invent
things just by thinking of them, what would you create and why? ”. This task is categorized as “open”
because subjects are completely free to invent new things with no constraints. Again, human subjects
received tournament incentives, and the same number of answers (40) were produced using GPT-3.5,
GPT-40 and GPT-4.5, and subjects made their evaluation without knowing who produced each
answer. As above, in the first and second session, GPT received as prompt exactly the same sentence
used in instructions given to humans (task: “If you had the talent to invent things just by thinking of
them, what would you create and why? ), while in the third session an explicit request to be creative
was added (task: “If you had the talent to invent things just by thinking of them, what would you
create and why? Please be as creative as possible. ). The setting of the parameters was the same as
in the Closed treatment.

The experimental protocol was identical across the three sessions, with one difference only:
while in Session I subjects had to motivate the assigned creativity score by writing some free text, in
Sessions II and III, on top of assigning a creativity score, they were asked to evaluate three specific
aspects of each answer in a 1-10 scale: how unusual, well-elaborated, and nonsensical was the answer.
These three items were selected relying on text analysis of free text motivations collected in Session

L

2.2. Experimental results

Table 1 provides an overview of the creative scores across the different conditions when AI’s
answers are generated using GPT-3.5 (Session I), GPT-40 (Session II) and GPT-4.5 (Session III). No
matter the GPT model, in closed tasks, when considering each subject’s average scores attributed to
AT’s and humans’ answers, the average Al’s score is significantly higher than those of humans. In the
open task, the average human creativity score is always significantly higher than those of Al
machines. In all cases, the difference-in-difference (1.963, 1.563 and 1.874 respectively) is highly
significant, being between ten and eight times the standard errors. The distribution of human and Al

creative scores is shown in Figure CI.

8 The 40 answers taken from Charness and Grieco (2019) correspond to those from the Tournament treatment, where
subjects chose this task over the alternative: "Imagine and describe a town, city, or society in the future." These answers
are representative of the student pool in Charness and Grieco (2019), with average scores across the two sub-tasks not
significantly differing (5.050 vs. 5.041, Z = -0.042, p = .966, two-sample Wilcoxon rank-sum test). Five answers were
excluded due to illegible scans, but their exclusion did not affect the sample's representativeness (5.100 vs. 5.041, Z = -
0.165, p = .869, two-sample Wilcoxon rank-sum test). The instructions used for these experiments are provided in
Appendix B2.



Table 1: Creativity scores (humans’ evaluation)

Session Treatment Type Average Std. Err. Min Max Subj.
1 Closed Human 5.331 0.161 2.025 8.950 128
1 Closed Al 6.136 0.169 2.600 9.125 128
I Open Human 6.266 0.173 2.475 9.600 123
I Open Al 5.108 0.182 1.975 9.050 123
11 Closed Human 5.936 0.156 2.600 9.175 119
11 Closed Al 6.982 0.187 3.050 9.775 119
11 Open Human 6.451 0.159 2.650 9.350 119
11 Open Al 5.933 0.190 2.350 9.550 119
I Closed Human 6.021 0.165 2.550 9.000 122
111 Closed Al 7.417 0.166 4.175 9.775 122
I Open Human 6.927 0.153 3.250 9.450 119
111 Open Al 6.451 0.192 2.875 9.400 119

The table reports subjects’ creative scores ranging from 1 to 10. Session can assume value equal to I (first session,
run in July 2023 using GPT-3.5), II (second session, run in October 2024 using GPT-40), or III (third session, run
in April 2025 using GPT-4.5 and an explicit request to be “as creative as possible” in the prompt). Open refers to
the open task, Closed to the closed task. Al refers to answers generated by Al, while Human refers to answers
produced by human subjects. Min (Max) refers to the minimum (maximum) average score assigned to the answers
of each treatment. Subj. refers to the number of subjects who have evaluated the answers in each treatment.

The better performance of Al in the closed task, and of humans in the open task, holds
independently from the specific GPT model. However, the results show that the improved versions
of GPT appear to have amplified AI’s advantage in the closed task (the difference between Al and
human scores rises from 0.805 to 1.046 to 1.396) and reduced the human advantage in the open task
(the difference between human and Al scores reduces from 1.158 to 0.517 to 0.478)°. Further analysis
presented below attempts to understand this result more in depth.

Table 2 reports a set of OLS regressions that confirm the results reported above, showing that
Al exhibits a significantly lower performance in the open task (columns 1, 4, and 7). This result holds
with subject fixed effects (columns 2, 5 and 8) and correcting for Multiple Hypotheses Testing!'®
(columns 3, 6 and 9). In all regressions, we control for temperature, which has no significant effect

on the creativity score.

% In Session 3, the prompt differs with the addition of the sentence “Be as creative as possible”, which may partly explain
GPT’s improvement. Additionally, both human and GPT scores are higher, suggesting a possible subject-pool effect, with
evaluators being generally more generous.

10 Multiple Hypothesis Testing was performed using the rwolf command, which calculates Romano and Wolf's (2005a,b)
stepdown adjusted p-values robust to multiple-hypothesis testing. This program follows the resampling algorithm
described in Romano and Wolf (2016).
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Table 2: Determinants of creativity scores

Session I (GPT-3.5)

Session II (GPT-40)

Session III (GPT-4.5)

VARIABLES (M @ A3) 4) ®) (6) (N ®) ©
interactions  subject FE MHT interactions  subject FE MHT interactions  subject FE MHT
Al 0.794 %% 0.814%** 0.933%** 1.046%** 1.041%** 0.806%** 1.397%** 1.396%** 1.275%*%*
[0.241] [0.205] [0.282] [0.246] [0.206] [0.303] [0.240] [0.189] [0.363]
Open 0.915%** 3.414%* 2.659** 0.515%%* -2.888 -6.224%%* 0.916%** 2.510%* 2.484%*x*
[0.244] [1.440] [1.147] [0.247] [5.719] [2.071] [0.243] [1.281] [0.499]
Al open -1.943%** -1.995%** -1.326%** -1.563%** -1.558%** -1.588*** -1.875%*x* -1.895%** -1.659%**
[0.344] [0.294] [0.476] [0.348] [0.292] [0.417] [0.342] [0.269] [0.436]
Elflg:tc tFixed no yes yes no yes yes no yes yes
Constant 5.189%** 5.843* 5.976* 6.008*** -1.771 -6.260%* 6.198%** 6.615* 5.650%**
[0.293] [3.448] [3.442] [0.306] [5.663] [3.166] [0.294] [3.610] [0.436]
Observations 494 494 492 473 473 472 474 474 475
R-squared 0.064 0.664 0.810 0.051 0.667 0.838 0.076 0.718 0.828

OLS (errors clustered at the subject-response level in parentheses). The dependent variable is the average score assigned to creative
answers, ranging from 1 to 10. Al is a dummy variable assuming value equal to 1 when the answer is produced by an AI GPT-3.5
(Session I) or GPT-40 (Session II), or GPT-4.5 machine (Session III), and 0 when produced by a human. Open is a dummy variable
assuming value equal to 1 when the task is open, and 0 when the task is closed. Al Open is the interacted variable between ai and Open.
Temperature corresponds to the ChatGPT parameter temperature, ranging from 0 to 2.
*** significant at 1%; ** significant at 5%; * significant at 10%.

Table C1 in Appendix C shows the role of evaluators’ demographic features in determining creativity

scores, but no relevant results or consistent patterns were found across sessions.

2.3. Text analysis and decomposition of the creativity score

To better understand why Al is ineffective in the open task, we ran a textual analysis of the
content of subjects’ written motivations that accompanied the scores assigned in Session 1. We
conducted a topic modelling analysis using Latent Dirichlet Allocation procedure'! on the full text of
motivations to identify the major arguments the respondents brought. We ran the procedure multiple
times, pre-setting different numbers of topics. We found that assuming three or more topics always
resulted in overlapping sets of characterizing words, making it difficult to infer an underlying

argument. The main keywords in each are different enough to identify two themes for each task, that

! Latent Dirichlet Allocation is one of the most popular machine-learning topic models, developed by Blei et al. (2003).
It allows for the automatic clustering of any kind of text documents into a user-chosen number of clusters of similar
content, usually referred to as “topics”, representing each document as a probability distribution over topics and each
topic as a probability distribution over words (Schwarz, 2018).
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we summarize as related to the answer being “original” or “nonsensical” in the open task, and
“original” or “well-elaborated” in the closed task. A summary statistics illustrating the five highest-
loading words in each topic is provided in Table C2 in Appendix C. Figure C2 shows that humans
produce answers that are judged as “not original enough” more frequently in the closed task, possibly
suffering the burden of constraints, while outperform Al in originality in the open task; Al always

produces more well-elaborated and less nonsensical answers.

Table 3: Creativity items scores (humans’ evaluation)

Session Treatment Type Originality Elaboration Nonsense
I Closed Human 6.114 (.180) 8.896 (.013) 5.837 (.191)
11 Closed Al 6.453 (.177) 9.587 (.014) 5.159 (.212)
11 Open Human 5.946 (.176) 9.120 (.013) 4.989 (.199)
I Open Al 4.751 (.202) 9.264 (.016) 3.731 (.186)
I Closed Human 5.839 (.175) 8.765 (.014) 5.038 (.196)
111 Closed Al 6.600 (.192) 9.589 (.012) 4.788 (.212)
111 Open Human 6.020 (.186) 9.271 (.011) 4.083 (.011)
I Open Al 4.970 (.194) 9.155 (.014) 3.188 (.178)

The table reports subjects’ average scores for the three items (originality, elaboration and nonsense) in Session II and III.
Scores range from 1 to 10; standard errors are in parenthesis. Open refers to the open task, Closed to the closed task. Al
refers to answers generated by Al, while Human refers to answers produced by human subjects. These data refer to
Session I, run in October 2024 using GPT-40, and Session III, run in April 2025 using GPT-4.5.

Table 3 shows that, no matter the session, the frequency of nonsensical answers produced by Al is
lower than that for humans in both tasks, except for the closed task in session III. This confirms that
the efforts to reduce hallucination claimed in OpenAl’s statement releases of GPT-40 and 4.5 have
been successful. The level of elaboration tends to be higher for Al than for humans no matter the type
of task. Nonetheless, humans still outperform Al in terms of originality in the open task. This result
is in line with Girotra et al. (2023), where Al-generated new product ideas are perceived as less novel
than those produced by students, indicating that Al relies on a “less diverse solution landscape” (p.1).
In a similar flavour, but in designs where humans can rely on Al, Boussioux et al. (2024) find that
human crowds are able to produce business solutions with a higher degree of novelty than human-AI
solutions. Doshi and Hauser (2024) show that generative Al—enabled stories are more similar to each
other than stories by humans alone, and Zhou and Lee (2023) show that Al-assisted artists produce
artworks that their peers evaluate more favourably. On the contrary, our results are in contrast with
Bohren et al. (2024): although using the same open task we use, in their experiment humans exhibit
a worse performance than ChatGPT, with this result probably depending on the different sample of

human subjects (Prolific subjects versus standard lab subjects, with only top 10% receiving a bonus
9



and a flat payment for the others'?). In sum, this ability to generate novelty, that is a product of human
imagination, seems to be the essence of the “human advantage” in open tasks, and its role will be

quantified through the structural estimation in Section 3.

3. Structural model and estimation

To further understand the reduced-form results, we present a simple model capturing the utility
function of an agent (human or machine) in a creative task with a certain degree of perceived
openness ¢ = 1, with ¢ = 1 in case of fully-closed tasks, and the perceived openness increasing

in ¢. The agent choses the optimal creative output y in order to maximize the following utility:

(L)

———tphy (D

S <

U(y) = -

where y is the output level corresponding to the “algorithmic” solution to the task, i.e., the solution
that can be obtained by exactly following the instructions. In general, this function suggests that the
agent has a quadratic disutility when the output y departs from the algorithmic solution of the task y.
Agents choose y, while y is a parameter that refers to the output that would be generated if the agent
follows the instructions perfectly. The more open the task is, the smaller the role of instructions. For
machines, a higher temperature t amplifies this distance from instructions, since a higher temperature
t increases the variability in the output y. We assume t = 0 for humans but present a robustness
check where we use self-reported creative style to “proxy” temperature and capture human
heterogeneity in approaching creative tasks. In a fully-closed task, one could get the maximum score
by following the instructions; with fully-open tasks (¢ — ), y* =¢, so that the creative performance
is determined by this parameter.

While Al cannot imagine anything that goes beyond the instructions, humans can. So, for
humans we include a second determinant of creative output 5, which captures the role of human
imagination. Individuals derive pleasure from bringing imaginative ideas to life: this produces a

multiplicative effect that increases their creative output!?

. For humans, the creative output chosen is
thus a weighted average between the output produced by simply following the instruction, and the

output that results from imagination.

12 Evaluators in our experiment assign lower scores to GPT than those assigned in Bohren et al. (2024). We argue that
this might be due to the comparatively better performance of humans, since “people are spontaneously inclined [...] to
evaluate others and themselves in a comparative manner” (Goffin and Olson, 1997, p. 48) also when assigning absolute
scores.

13 This assumption reflects evidence on intrinsic motivation to engage in creative endeavors (Amabile, 1989; 1996).
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The F.O.C. reads as follows:

D7
y—(p+t+ﬁ (2)

and suggests that, given the output level associated with the algorithmic solution y, the agents’ utility
may differ according to three drivers. First, the attitude towards the openness of the task ¢; second,
how manipulating the temperature t affects the creative score for machines; third, the relative weight
of human imagination § with respect to instructions.

Identification of the above parameters (y, @, t, ) is achieved by exploiting the features and the

variation from the experimental design. We can define the following moment conditions:

84
E(ar—c) = Lyt
Pc

84
E(Yar—o) = 224t
Po

y
E(yu_c) = =4 Bc
Pc

y
E(yy-o) = = 4 Bo
Po

The system is overidentified and estimation of the model parameters is achieved via GMM. This
implies minimizing the weighted distance between the empirical value of the creative score in each
condition and that predicted by the model.

The sources of identification for the algorithmic solutions in the closed task (y.) and in the
open task (V) are E(y4;_¢) and E(y4;_o) with t = 0. We proxy those values with the average score
attributed to deterministic answers, out of a 1-10 scale. The perceived openness of the two tasks
(¢ and @) is identified by comparing the two treatments, Open and Closed. The identification of
the weight attached to human imagination relative to instructions f relies on the difference in the
scores between humans and machines. Finally, identification of t relies on the variation of
temperature across Al-generated answers.

Our baseline estimation strategy uses the diagonal of the inverse variance-covariance matrix
as a weighting matrix: the use of an identity matrix gives identical results. Both approaches overcome
the issue arising from the poor small sample properties of the optimal weighting matrix (see Altonji
and Segal, 1996). Table 4 reports the estimated preference parameters for the model using data from
the three sessions. Columns 2, 4 and 6 present the estimation results for the restricted model in which

we set t > 1 (i.e., restricting to the case of high randomness in the Al-generated answers). No matter
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the session, all simulated moments fall within the 95% confidence interval of the empirical moments,
except for .. This indicates that the theoretical model does a remarkably good job in replicating AI’s

and humans’ performance in the experimental data.

Table 4: Estimated preference parameters

Session I (GPT-3.5) Session II (GPT-40) Session III (GPT-4.5)
VARIABLES (1) ©) A3) ) 5) (6)
@c 1.958%** 2.020%** 1.024%** 1.103%** 0.953%** 1.018%***
(0.064) (0.102) (0.064) (0.056) (0.026) (0.044)
Po 2.449%** 2.922%%* 1.326%** 1.424%** 1.2071%*** 1.297%**
(0.114) (0.245) (0.053) (0.084) (0.043) (0.067)
Be 0.225 0.443 -0.023 0.540 -0.381 0.034
(0.232) (0.338) (0.246) (0.360) (0.024) (0.034)
Bo 2.186%** 2.841%** 1.549%** 1.870%*** 1.516%** 1.705%**
(0.256) (0.376) (0.251) (0.352) (0.246) (0.336)
Observations 496 231 474 242 477 230
GMM Crit. 0.000001 0.000001 0.000001 0.000001 0.000001 0.000001

The Table reports the set of preference parameters estimated using GMM and Al answers generated by GPT-3.5 (columns
1-2), GPT-40 (columns 3-4) and GPT-4.5 (columns 5-6). Columns (1), (3) and (5) report the estimation results for the
full model, while columns (2), (4) and (6) report the estimation results for the restricted model (setting t > 1), respectively.
Standard errors in parentheses.

*** significant at 1%; ** significant at 5%; * significant at 10%.

The estimation confirms that ¢ increases with the openness of the task, with ¢ ,=2.449> ¢ =
1.958 in Session I, ¢ ,= 1.326> ¢ = 1.024 in Session I, and ¢ ,= 1.200> ¢ = 1.018 in Session IIL.
Human imagination is significantly relevant only in open tasks, not in closed tasks (f, is not
significantly different from 0). This means that, for sufficiently closed tasks, following the
instructions is enough, and no further boost from imagination is needed. In the open task, the relative
role of imagination with respect to instructions accounts for about 35% of humans’ average creative
score in Session I, 24% in Session Il and 22% in Session I11. This relevance increases when restricting
the analysis to Al answers generated with high temperature (as these are, by design, more peculiar),
and comparing them with human performance (8, = 2.841 > 2.186 in Session I, §, = 1.870 > 1.549
in Session II, and S, = 1.706 > 1.515 in Session III): when AI’s randomness increases, human
imagination accounts for the 45% (Session I), 30% (Session II) and 25% (Session III) of the creative
score. Increasing randomness in Al generated answers determines an increase in the diversity of
answers, but for diversity to translate in creativity and not just oddity, (human) imagination is needed,

especially with GPT-3.5. In GPT-40 and GPT-4.5 this trade-off appears less severe.
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Table C3 presents a robustness check that accounts for human heterogeneity in approaching
creative tasks. Humans may differ in their creative styles (Galenson, 2004; 2010): individuals
exhibiting an experimental creative style perceive task completion as a process of exploration,
seeking to make discoveries during the course of their work. In contrast, individuals with a cognitive
creative style tend to plan their work and execute it systematically. We assume that subjects who self-
report to have an “experimental” creative style are intrinsically more likely to depart from instructions
(Nielsen et al., 2008; Charness and Grieco, 2019) and thus exhibit a higher “temperature”'*. We
repeated the regressions from Table 4, adding self-reported creative style as a proxy for "temperature"
in human subjects. We find that controlling for creative style reduces the significance of imagination
in the open task. This suggests that creative style accounts for some of the impact that imagination
initially appeared to have on creative performance. Furthermore, imagination turns out to be
detrimental in the closed task, probably due to the presence of constraints that limit its expression.

We now focus on differences across GPT versions. Although we find that human imagination
accounts for a significant portion of the creative score in open tasks, we observe a decline in the
human advantage—from 35% to 22% over time—as Al models advance from GPT-3.5 to GPT-4.5.
To gain a deeper understanding of how Al is improving, we now aim to “unpack” the evaluation of
creativity by analyzing the scores participants assigned to the three elements that contribute to the
overall creativity score: originality, elaboration, and nonsense.

The model is thus enriched by adding the following equation:

y=x+av+yz+ ¢ (3)

where the creativity score y is assumed to be the weighted sum'> of originality x, elaboration v and

nonsense z, with @ and y being the relative weight of elaboration and nonsense with respect to

originality, plus an error term ¢ including other unobserved factors which might still also contribute to

the creativity score.

These estimations (columns 1 and 3) allow quantifying how much of human advantage, relative

to Al, is due to each item as compared to the others. We observe that, in closed tasks, elaboration counts

for between 40-51% (depending on the GPT version) if compared to originality, while nonsense weights

for 63-85% in reducing the overall creative score. In open tasks, the relative weight of originality is

14 Questions 1-7 in Section 3 of the final questionnaire (Appendix B3) are used to construct the indicator of experimental
creative style.

15 The prevailing way to form scores from multiple-item scales in psychological research is to sum or average responses
of all items (McNeish and Wolf, 2020). Our approach refers to “congeneric models” where every item is differentially
related to the construct of interest by weighting its loading (Graham, 2006).
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higher, with elaboration that counts between 33% and 40% and nonsense for 50-67%. When temperature
rises (columns 2 and 4), in both tasks the role of elaboration relatively increases for GPT-40; the same
holds for nonsense. However, these two items lose significance with GPT-4.5. In sum, the human
advantage appears to reside mainly in the ability to generate new, unusual ideas. Producing an answer
which is well-elaborated matters to be evaluated as creative, but not as much as producing an original

idea.

Table 5: Creativity score items. Estimated parameters

Session II (GPT-40) Session III (GPT-4.5)
VARIABLES (D 2 3) 4)
ac 0.397%#%* 0.439%** 0.511%* 0.538%*
(0.139) (0.140) (0.216) (0.250)
Ye -0.635%** -0.735%** -0.853** -0.895*
(0.232) (0.235) (0.398) (0.465)
Qo 0.330%%* 0.429%%*%* 0.389%** 0.356*
(0.094) (0.109) (0.106) (0.297)
Yo -0.501*** -0.720%** -0.653** -0.525
(0.192) (0.240) (0.266) (0.496)
Observations 474 242 477 247
GMM Crit. 0.000001 0.000001 0.000001 0.000001

The Table reports the set of preference parameters estimated using GMM and Al answers generated by GPT-40. Column
(1) reports the estimation results for the full model using an identity matrix (the diagonal of the inverse variance-
covariance matrix as weighting matrix gives identical results), while column (3) reports the estimation results for the
restricted model (setting t > 1), respectively. Standard errors in parentheses.

*** significant at 1%; ** significant at 5%; * significant at 10%.

Limiting nonsense matters too, but again to a lower extent than novelty. If human imagination accounts
for 35-22% of the superior creative performance observed in human subjects, this advantage is primarily
attributable to originality. In the latest version of GPT, the weight assigned to originality is
approximately twice that of elaboration, and about 1.5 times greater than that assigned to nonsense.
While Al demonstrates improvements across two dimensions relevant to the formal presentation

of creative output, these gains do not extend to the domain of creative content, i.e., originality.

4. ADl’s evaluation of creativity

A further question concerns Al’s capability of evaluating creative output. Al is already used for
selection practices such as screening applicants’ resumes, costumers’ credit worthiness, pricing of
goods (Yarger et al., 2020). The question is whether Al is really able to evaluate the performance in

a task, especially if Al itself is not excelling in that task, as happens in the case of our open endeavors.
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To address this issue, we replicate the experiment by asking GPT to evaluate the same three
tanks of 160 answers previously evaluated by human subjects, see Table C4 in Appendix C. With
GPT-3.5 and GPT-4o, the creative scores assigned by Al to humans and Al in the two tasks do not
differ significantly between each other, while GPT-4.5 assigns higher scores to Al in both tasks. It is
interesting to note that Al scores tend to be more generous than humans’ ones in GPT-3.5 and 4o
sessions (but not in 4.5), and that the standard errors in AI’s evaluations are always considerably
lower than the one of humans (see Table 1 for a comparison). Tables C5 and C6 show there is no
systematic improvement in the precision of Al assessments across sessions, with the exception of Al's
ability to evaluate human answers.

As we did with human evaluators, we asked GPT-40 and 4.5 to evaluate the same three
specific items of each creative answer as above, assigning a score in a 1-10 range about how much
the answer was (1) original, (2) elaborated, and (3) nonsensical. When asked to provide more specific
evaluations, GPT-40 and 4.5 assign scores that are more similar to humans’ ones, showing that the
ability in replicating humans’ evaluation processes improves when the prompts are more precise (see
Table C7). Finally, according to GPT, humans outperform Al in terms of originality in the open task.
In summary, GPT concurs that the ability to generate novelty appears to be the essence of the “human

advantage.”

5. Discussion and conclusions

Artificial Intelligence advancements are occurring so fast that workers expect their displacement to
be massive and long-lasting (Acemoglu and Restrepo, 2018). However, at the moment of writing it
is far too early to have a clear sense of the impact of the last generation of AI’s developments on
workers, productivity and tasks. Our results focus on creative endeavours and show that humans (still)
outperform Al in sufficiently open creative tasks, namely tasks where subjects are required to find,
invent, or discover new solutions.

We present the results of three sessions of experiments conducted using three different
versions of GPT and show that, also with the more advanced one, humans still outperform Al in
highly creative tasks thanks to their ability to produce novel, unusual ideas. Our findings are even
more striking since the experimental subjects are standard laboratory subjects (students) and were not
made aware in advance of the topic of the experiment, so there was no self-selection of highly creative
subjects, as might happen in case of real-life creative endeavors.

Our structural model illustrates the mechanism of creative production in Al versus humans:
the creative output can be modelled as the weighted average between the output produced by simply

following the instruction, and human imagination. The ability of human agents to “go beyond” what
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is prescribed by instructions is estimated to account for a percentage between 22% and 45% of
humans’ creative score in the open task, while has no relevance in the closed task. Human imagination
resulted to be more relevant when GPT-3.5 was prompted to increase the level of randomness of their
associations, since it appeared not to be able to distinguish between creativity and randomness and,
as such, incapable to detect nonsense output. GPT-4.0 and 4.5 have improved in this respect but still
lack the capability to produce unusual ideas. If we cannot expect Al to learn to be as creative as
humans in the next future, training humans in understanding how AI works and reacts to prompts
could possibly improve AI’s (creative) output.

This finding offers at least a ray of hope for creative individuals who fear obsolescence at the
hands of artificial intelligence. Although Al is improving in its ability to resemble humans, generate
more elaborate answers, avoid hallucinations, and provide sound evaluations of creativity when
prompted with sufficient precision, the way Al models are built—namely, by relying on existing
information—contrasts with the need to depart from what is common and create something truly
“unique,” which is a key requirement of creative endeavours.

Our experiment exploits three GPT versions, released in November 2022, May 2024, and
February 2025, respectively, thus providing three points of observation along the Al trajectory of
technology progress. According to our estimations, from the former version to the most recent, Al
has succeeded in reducing the gap between its capabilities and human ones of 11% (from 35% to
24%) in 18 months, but only of 2% (from 24% to 22%) in the last nine months. Al progresses are
showing diminishing returns”!®: AI models currently appear to be reaching a ceiling in their
capabilities, indicating that using more data and computational power when pre-training them is not
enough to turn machines into “all-knowing digital gods™'’. In addition, when disentangling the
components of the creativity score, it becomes clear that Al improvement consists of creative answers
that have become better elaborated and less nonsensical, but that are not more novel and original.

If a substitution between Al and humans is unlikely, our result points more in the direction of
synergies, providing evidence in favor of the tremendous possibilities of successfully exploiting the
complementarities between humans’ imagination, and AI’s accuracy and computational capabilities.
Furthermore, it stresses the importance to invest in “creative capital” and incentivize creative
thinking, in line with what recently found by Albanesi et al. (2023) on 16 European Countries: on
average employment shares have increased in jobs more exposed to Al, particularly in the case of

occupations with a relatively higher proportion of younger and skilled workers. Similarly, Acemoglu

16 https://techcrunch.com/2024/11/20/ai-scaling-laws-are-showing-diminishing-returns-forcing-ai-labs-to-change-

course/
17 Ibidem.
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et al. (2023) show that US firms adopting Al are those (already) growing faster. However, how to
successfully integrate human and Al is a critical and fascinating question. To answer this question,

considerably more research is needed. We invite others to join us in this quest.
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