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Abstract
With artificial intelligence (AI) increasingly involved in the creation of organizational and commercial artifacts, human 
evaluators’ role as creativity gatekeepers of AI-produced artifacts will become critical for innovation processes. However, 
when humans evaluate creativity, their judgment is clouded by biases triggered by the characteristics of the creator. Drawing 
from folk psychology and algorithm aversion research, we examine whether the identity of the producer of a given artifact 
as artificial intelligence (AI) or human is a source of bias affecting people’s creativity evaluation of such artifact and what 
drives this effect. With four experimental studies (N = 2039), of which two were pre-registered, using different experimental 
designs and evaluation targets, we found that people sometimes—but not always—ascribe lower creativity to a product when 
they are told that the producer is an AI rather than a human. In addition, we found that people consistently perceive genera-
tive AI to exert less effort than humans in the creation of a given artifact, which drives the lower creativity ratings ascribed 
to generative AI producers. We discuss the implication of these findings for organizational creativity and innovation in the 
context of human-AI interaction.
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Introduction

News such as the first auctioning of an AI-made artwork 
at Christie’s in 2018, with the piece selling for a stagger-
ing US$ 432,500 (Cohn, 2018), or the showcasing of the 
first AI-designed and 3D-printed chair at the famed Milan 

Design Week (Paciotti & Di Stefano, 2021) suggest that the 
creativity of AI-made artifacts is highly appreciated. How-
ever, the fear and anxiety of being replaced by generative AI 
(Schmelzer, 2019) and AI’s limitations in terms of autonomy, 
motivation, and emotions (H.-K. Lee, 2022) often engender 
a negative assessment of AI-made creative artifacts (Castelo 
et al., 2019; Longoni et al., 2022; Prahl & Van Swol, 2017). 
So it is unclear if and how human evaluators rate the creativ-
ity of AI-generated ideas and products differently than that 
of comparable human-made artifacts. In other words, are 
humans good creativity gatekeepers?

Assessing creative production unbiasedly is challenging 
because creativity is often domain-specific, person-specific, and 
even situation-specific (Boden, 1998; Runco & Smith, 1992). 
Because of this, when assessing creativity, people often rely 
on heuristics and folk theories to guide their judgment (Baas 
et al., 2015; Ritter & Rietzschel, 2017) and are thus subject to 
evaluation biases (Beaty et al., 2018; Licuanan et al., 2007; 
Mastria et al., 2019). So far, we know about evaluators’ biases 
in the assessment of creative artifacts made by humans—espe-
cially biases related to the identity of the producer (Baas et al., 
2016; Rietzschel et al., 2016; Simonton, 2004). Basing one’s 
creativity evaluations on such heuristics is problematic because 
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the creativity of an artifact should be assessed as an intrinsic 
characteristic of the artifact itself, independent of who made it 
(Amabile, 1982, 1983, 2020). Thus, extant research on creativ-
ity evaluation focuses on how heuristics and biases obfuscate 
evaluations of the creativity of a target. However, we do not 
know whether the identity of a producer as a human or non-
human agent—a factor external to the characteristic of the arti-
fact—can also be a source of bias in creativity evaluation. The 
current study addresses this issue.

AI is defined as technology that can gather and interpret 
information, answer questions based on it, and evaluate its 
decision-making based on specific goals  (Glikson & Woolley, 
2020). With the booming of generative AI (Gozalo-Brizuela 
& Garrido-Merchan, 2023), the appraisal of AI creativity has 
become a pressing issue (Amabile, 2020). AI is now able to 
perform inherently creative tasks—from painting (Colton, 
2012), writing poetry (Gervás, 2019), and composing music 
(du Sautoy, 2019) to formulating molecules for new drugs 
(Popova et al., 2018), designing architecture (Newton, 2019), 
and creating ideas for startups (https:// ideas ai. net/) —putti ng 
into question the monopoly of humans as idea generators.

As AI will increasingly perform generative tasks (Ferràs-
Hernández, 2018), human involvement in the creative process 
will switch away from idea generation toward creativity evalu-
ation, driving human workers to act as creativity gatekeep-
ers. Humans will have the upper hand in creativity evaluation 
in the near future because, whereas AI excels at combining 
existing concepts and ideas—thereby generating novelty—it 
is still limited in the ability to understand when such novelty 
is also useful (and thus creative), especially in domains when 
such evaluation is complex and nuanced (Agrawal et al., 2017; 
Karimi et al., 2018).

Human-AI collaboration in creative production is already 
happening in specific organizational processes, such as 
the generation of technical advice for customers or the 
production of organizational artifacts, with AI generating 
solutions based on the combination of existing inputs and 
humans assessing the value and potential of these creations 
based on a holistic evaluation (van Esch et al., 2019; von 
Krogh, 2018). In the future of organizational creativity, AI 
will be increasingly involved in the generation of ideas, 
products, and solutions, and humans will increasingly act 
as creativity gatekeepers, evaluating the creativity of these 
artifacts. Thus, it is crucial to assess how apt humans are 
at evaluating AI creativity and specifically whether such 
evaluations are affected by biases related to the producer 
identity.

Tackling this issue is important because if one does not think 
that a certain artifact—be it a painting, a formula for a new drug, 
advice for solving a customer’s problem, or a startup idea—is 
creative, one is less likely to support such artifact. Indeed, the 
evaluation of the creativity of ideas and products is a critical step 
of organizational innovation, as it impacts the implementation of 

creative ideas by influencing decision-making, resource assign-
ment, and support (Amabile & Mueller, 2008; Loewenstein & 
Mueller, 2016). When an idea or a product does not receive 
strong support, it is unlikely to gather the necessary resources 
to achieve the implementation stage—e.g., founding a startup, 
developing a new product, selling a painting, or advice (Loewen-
stein & Mueller, 2016; Perry-Smith & Mannucci, 2017). So it is 
practically important to understand whether human evaluators 
discount the creativity of AI-made artifacts and, consequently, 
impede these artifacts from reaching the implementation stage 
and become actual innovation. This is consequential for organi-
zations because innovation is key for survival and thriving in the 
modern business world (Anderson et al., 2014), and it would be 
costly to miss out on potential innovations because of discount-
ing of the building blocks of innovations due to the identity of 
the producer as AI.

We not only hypothesize whether human evaluators rate 
artifacts described as AI-made (vs. human-made) as less 
creative, but also study how this might happen. Specifi-
cally, as people rate a given artifact production as requiring 
less effort when it is realized by AI rather than by humans 
(Bechwati & Xia, 2003; Chamberlain et al., 2018), we build 
on and expand the effort heuristic (Kruger et al., 2004) and 
posit that people’s perception of lower effort exerted by AI 
is a mechanism driving the effect of producer identity on 
creativity evaluation. To test our hypotheses, we run four 
experimental studies (of which two were pre-registered; 
cumulative N = 2039) using a combination of within- and 
between-subjects design. The results of these studies iden-
tify whether human evaluators are appropriate gatekeepers 
of AI creativity in organizations and whether the effort heu-
ristic biases their creativity evaluations when artifacts are 
produced by AI.

Theoretical Background and Hypotheses

Creativity Evaluation

Creativity research in organizational and social psychology 
has historically been defined as the production of novel 
and useful outputs and has widely focused on the idea-
generation component of the creative process, to the point 
that creativity is often equated to and measured with idea 
generation (Amabile, 1983; Harvey & Berry, 2022; Paulus & 
Yang, 2000). Novelty and usefulness are defined in a broad 
sense, the former often used interchangeably with originality 
and unexpectedness and the latter with appropriateness, 
utility, quality, and effectiveness. Furthermore, this 
bi-dimensional conceptualization of creativity is sometimes 
integrated with additional dimensions, such as authenticity 
and aesthetics (Kharkhurin, 2014; Runco, 2004; Runco & 
Jaeger, 2012). Creativity dimensions—particularly novelty 
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and usefulness—can be positively, negatively, or not 
significantly related to each other (Harvey & Berry, 2022). 
Considering that we focus on evaluating the creativity of 
concrete artifacts and that the more “ideas are represented in 
more concrete form, the more an instance of creativity will 
fit the form of integration” (Harvey & Berry, 2022, p. 28), 
we adopt a creativity-as-integration perspective and expect 
the dimensions of creativity to be positively related to each 
other in our evaluators’ eyes. This perspective, presupposing 
the shortest psychological distance between the creator/
evaluator and the creation/evaluation context, is consistent 
with our research design, because participants directly 
interact with the artifacts and immediately evaluate their 
creativity, rather than engaging with distant and abstract 
alternative realities (see Harvey & Berry, 2022).

Moving beyond pure idea generation, researchers have 
increasingly acknowledged that the evaluation of creativity 
is crucial, as the acknowledgment of an idea’s creativity by 
relevant evaluators is a necessary step toward its implemen-
tation and transformation into tangible innovation (Herman 
& Reiter-Palmon, 2011; Mueller et al., 2014; Perry-Smith & 
Mannucci, 2017; Ritter & Rietzschel, 2017). Creativity eval-
uators are thus gatekeepers of the creative process. However, 
humans are generally not very good at evaluating creativity 
(Mueller et al., 2012; Rietzschel et al., 2006, 2010).

The struggle in creativity evaluation is partly due to the 
nature of creativity. Creativity is often seen as a subjective con-
cept (Boden, 1998; Loewenstein & Mueller, 2016; Luescher 
et al., 2019). It is difficult for people to objectively assess the 
creativity of an artifact, often because they lack clear criteria 
to guide their judgment about the intrinsic qualities of the arti-
fact. Thus, they rely on assumptions and heuristics. Some of 
the factors impacting creativity evaluations are affective (Y. 
S. Lee et al., 2017; Mastria et al., 2019; Mueller et al., 2012), 
but most are imputable to cognitive biases that lead evalua-
tors to infer creativity from factors such as personality traits 
and contextual cues (Baas et al., 2016; Boden, 2004; Ritter & 
Rietzschel, 2017).

The cognitive biases in the evaluation of creativity emerge 
because people use imprecise lay theories of creativity to 
guide their evaluations (Karwowski, 2014; Loewenstein & 
Mueller, 2016; Ritter & Rietzschel, 2017). Individual char-
acteristics of the producer play a leading role in this regard. 
For instance, evaluators often resort to perceptions of the 
producer’s age, mental and emotional stability, and “genial-
ity” to guide creativity evaluations, even if these character-
istics are often weakly linked to actual creativity (Baas et al., 
2016; Boden, 2004; Ng & Feldman, 2008; Rietzschel et al., 
2016; Simonton, 2004, 2014).

So far, research on producer-related biases in creativ-
ity evaluation has focused on human producers. However, 
thanks to steady technological advances, artificial agents 
have been increasingly able to perform creative production 

tasks that used to be considered the prerogative of humans 
(Colton, 2012; du Sautoy, 2019; Gervás, 2019; Oliveira, 
2012; Popova et  al., 2018). Surprisingly, little research 
has examined whether and how creativity evaluations are 
affected by the producer’s identity as an artificial agent 
(Chamberlain et al., 2018; Moravčík et al., 2017). We aim to 
fill this research gap by conducting a theoretically grounded 
examination of the producer identity effect on creativity 
evaluation. Our arguments are grounded in folk psychol-
ogy, as we examine how people’s assessment of the actions 
and behaviors of artificial agents in general influence their 
evaluations of these agents’ creativity.

Folk Psychology

Folk psychology studies the assessment and explanation of 
others’ behaviors based on one’s interpretation of others’ 
minds, actions, and intentionality—the so-called folk theo-
ries (of mind, agency, intentionality, etc.) (Malle, 2011; Malle 
& Knobe, 1997). As described by the computers-are-social-
actors framework (Nass & Moon, 2000; Reeves & Nass, 
1996), people engage in ethopoeia—i.e., they apply folk theo-
ries to human–machine interactions, and they socially interact 
with artificial agents similarly as with other humans, as long 
as the artificial agents exhibit social cues that mirror human 
behavior (de Graaf & Malle, 2019; Thellman et al., 2017; von 
der Pütten et al., 2010). Consequently, we expect people to use 
folk theories to inform their creativity evaluations when they 
evaluate the creativity of artifacts produced by AI as they do 
when they evaluate artifacts produced by humans.

At the same time, human evaluators do perceive a dif-
ference of nature between human and artificial agents. The 
folk theory of artifact production informs us that “highlight-
ing the role of humans in production processes can increase 
artifact value, relative to […] absence of people” (Judge 
et al., 2020, p. 7). Accordingly, artifacts and products that 
are (hand)made by humans are rated more favorably than 
comparable machine-made products (Abouab & Gomez, 
2015; Fuchs et al., 2015), and people assign more value to 
a product when it is described as “made by people in a fac-
tory” than when it is simply described as “made in a factory” 
(Job et al., 2017).

We extend these theoretical and empirical arguments 
about the positive effect of human production on perceived 
value to the assessment of creative value specifically. We do 
so because people generally see artificial agents as unable to 
feel empathy and to read and manage emotions, as well as 
lacking a superordinate intentionality to guide their actions 
(Boden, 1998; Heer, 2019; Kim & Duhachek, 2020). As 
emotional management and superordinate intentionality are 
considered cornerstones of creativity, human evaluators’ 
perception that artificial agents lack those skills would nega-
tively affect their evaluation of the artificial agents’ creative 
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ability and thus of the creativity of their productions (Boden, 
1998; Hawley-Dolan & Winner, 2011; Hong, 2018).

Hypothesis 1: The producer’s identity as AI (vs. human) 
has a negative effect on creativity evaluation.

The Effort Heuristic

Next, we investigate what might drive the effect of producer 
identity on creativity evaluation. The folk theory of artifact 
creation (Judge et al., 2020) points to effort as a key mechanism 
guiding people’s evaluations of artifacts. To facilitate the evalu-
ation of products, people tend to infer from their perception of 
the creation process, especially when objective and easily acces-
sible criteria are lacking—which is often the case when evaluat-
ing creativity (Chinander & Schweitzer, 2003). Indeed, people 
assign value to perceived effort—the “physical labor, skill, and 
ingenuity” exerted by the producer in the creation process (Judge 
et al., 2020, p. 4)—and rate products more favorably when they 
perceive the creator to have invested a higher amount of effort 
in production (Buell & Norton, 2011; Mohr & Bitner, 1995; 
Newman & Bloom, 2012).

Relatedly, the effort heuristic (Kruger et al., 2004) informs 
the producer identity-creativity evaluation relationship because 
the perceptions of the effort exerted in a production process 
impact creativity evaluations and are at the same time influ-
enced by producer identity. Indeed, human evaluators tend to 
perceive machines as generally exerting less effort than humans 
in performing tasks (Bechwati & Xia, 2003; Chamberlain et al., 
2018; Kruger et al., 2004). Accordingly, the fact that something 
is handmade and produced by a human artisan activates the 
effort heuristic (Fuchs et al., 2015). Thus, taking together peo-
ple’s general assessment that AI exerts less effort than humans 
in a given production endeavor and extending the positive 
impact of higher effort perception on value appraisals to crea-
tive production, we expect the following:

Hypothesis 2: Perceived effort mediates the negative 
effect of producer identity as AI (vs. human) on creativity 
evaluation.

Overview of the Studies

We conducted four experimental studies to test our 
hypotheses. Our goal was to concurrently achieve inter-
nal consistency and generalizability. Therefore, we 
recruited samples from two regions (USA and Hong 
Kong) and from diverse populations (working adults and 
undergraduate students) and used different evaluation 
targets (visual and conceptual), different study designs 
(within- and between-person), and different creativity 
measures. All participants expressed their consent, were 
able to stop at any time, and were adequately debriefed. 

On top of testing our hypotheses, we conducted addi-
tional analyses testing the effects of creativity evalua-
tion on a behavioral outcome (willingness to pay) for 
studies 2–4. The results of these analyses are reported 
in Appendix 5.

Study 1

In study 1, we adopted a within-person design (producer 
identity: AI vs. human) to test hypothesis 1.

Methods

One hundred and thirty-one undergraduate business 
students from a Hong Kong university (66% female, 
Mage = 19.05,  SDage = 1.26) completed the survey in a 
lab in exchange for course credit. There were no missing 
data. Participants were told that they would be shown six 
Australian Aboriginal paintings and that “Some of these 
paintings have been created by aboriginal artists, based 
on their traditional painting style, while others have been 
created by artificial intelligence (AI) that has been trained 
to paint in a style consistent with the traditional aboriginal 
style.” The paintings were divided into two groups: group 
1 (paintings a, b, and c) and group 2 (paintings d, e, and 
f). Even though all paintings were comparable in terms 
of value and style (see Appendix 1 for more information), 
to account for any potential effect stemming from the 
content of the paintings, half of the participants were told 
that paintings in group 1 were produced by a human artist 
and paintings in group 2 by AI, and the other half of the 
participants were told the opposite. The order of presentation 
of the paintings was randomized. We asked participants to 
rate the creativity of each painting with a 3-item measure 
(very uncreative to very creative, very inauthentic to very 
authentic, and very poor quality to very good quality) to 
capture the multidimensional nature of creativity. We 
specifically decided to capture authenticity, a less commonly 
employed creativity subdimension, because the creative 
value of Australian Aboriginal paintings strongly relies on 
authenticity (Coleman, 2001). Inspired by past research 
(Cropley et al., 2011; Sullivan & Ford, 2010), we used 
good quality to assess usefulness because of the visual and 
approachable nature of our evaluation targets. All items here 
and in subsequent studies were measured on 5-point Likert 
scales. The scale exhibited good reliability (Cronbach’s 
α = 0.81), suggesting that the various subdimensions pointed 
to a consistent direction in line with the creativity-as-
integration perspective (Harvey & Berry, 2022). To account 
for the multilevel nature of our data (painting evaluations 
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nested within individuals), we tested the hypothesis with a 
multilevel ANOVA using R nlme.

Results

We checked and found no significant difference in creativity 
evaluations between participants who were told that paint-
ings in group 1 were painted by AI and those in group 2 by 
humans and participants who were told the opposite (F(1, 
655) = 3.09, p = 0.08). Participants rated painting creativ-
ity lower when a painting was described as produced by 
AI (M = 3.43, SD = 0.87) rather than humans (M = 3.65, 
SD = 0.80), and the difference was significant (F(1, 
655) = 20.93, p < 0.001), supporting hypothesis 1.

Study 2

Study 2 aimed to extend the finding of study 1 by testing per-
ceived effort as a mechanism and by using a sample from a 
different population (American adults) and a different evalu-
ation target (advertisement posters). Power analyses for this 
and subsequent studies are available in Appendix 4.

Methods

Participants

Participants of study 2 were USA-based individuals recruited 
on Amazon Mechanical Turk (MTurk) and were paid US$ 1 
for completing the survey online, which took about 10 min. 
In the instructions for the study, we have included an atten-
tion check. Participants who failed the test were notified and 
not allowed to take part in the study. Besides that, we did not 
apply any specific filter to select participants. We requested 
a sample of 300 participants and obtained 303 participants 
(54% female, Mage = 40.29,  SDage = 12.76). Each participant 
rated five targets for a total of 1515 observations. There were 
no missing data, as participants were required to answer each 
question to the best of their abilities.

Procedure and Materials

In study 2, we adopted a between-person design: Partici-
pants were shown the manipulation, which assigned them 
to one of two conditions (producer identity: AI vs. human). 
In the AI (human) condition, they were told the follow-
ing: “The posters have been designed by AI (a marketing 
designer) and are ready to be pitched to the supermarket's 
marketing director for final approval.” To make the AI 
condition more believable, participants in that condition 

were told that “The latest developments in machine learn-
ing have made it possible for AI to be trained in the design 
of original ads by being exposed to existing advertisement 
campaigns.” Then, participants in both conditions were 
presented with identical evaluation targets. The advertise-
ment posters were taken from the actual posters of an Ital-
ian supermarket’s advertising campaign and are available 
upon request. The posters were cleaned from any written 
words, to make them equally accessible to all participants 
notwithstanding their spoken languages. Participants were 
shown the posters one by one and were asked to evalu-
ate the creativity of each one. The order of presentation 
was randomized. After seeing all the posters, they were 
asked to rate their perception of the effort exerted by the 
producer in creating the posters and finally to report demo-
graphics and their familiarity with the domain of produc-
tion and with AI.

Measures

Creativity Participants evaluated the posters’ creativity with 
a 3-item measure (very uncreative to very creative, very uno-
riginal to very original, and very poor quality to very good 
quality), switching from authentic in study 1 to the more 
commonly used original, also because the evaluation tar-
gets (advertisement posters) were not inherently artistic. The 
scale showed good reliability (Cronbach’s α = 0.86), again 
supporting the creativity-as-integration meta-theory.

Perceived Effort We measured perceived effort with a scale 
composed of two items adapted from Bechwati and Xia 
(2003), “The artist (AI) put a lot of effort in the creation 
of the paintings” and “The artist (AI) worked hard in the 
creation of the paintings.” The scale exhibited excellent reli-
ability (Cronbach’s α = 0.96).

Controls In the analyses, we included as controls some vari-
ables that are commonly included in creativity evaluation 
studies, such as age, gender, and education, as well as famil-
iarity with the domain of production, measured with two 
items (“How familiar are you with marketing campaigns?” 
and “How familiar were you with the design of advertise-
ment posters before taking this survey?”), and familiarity 
with AI, measured with a single item “How familiar are you 
with AI?” on a 5-point familiarity Likert scale. We con-
trolled for familiarity with the domain of production and 
with AI because participants who are highly familiar might 
be less biased because their deeper knowledge allows them 
to reduce the ambiguity in creativity evaluations (Park & 
Lessig, 1981) and also as individuals might have a prefer-
ence for familiarity or for unfamiliarity in different contexts 
(Liao et al., 2011).
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Analytical Strategy

As in study 1, our data had a nested structure (poster eval-
uations nested within individuals). Thus, we tested hypoth-
esis 1 in the same way as in study 1. For hypothesis 2, we 
ran a multilevel regression in MPlus using the type = com-
plex command to account for data nestedness and then 
estimated 5000 bootstrapping 95% confidence intervals 
(CI) in R to test the mediation hypothesis (Preacher & 
Selig, 2012). Correlations and regression results for study 
2 are reported in Appendix 3. Significance patterns were 
consistent in testing the models with and without control 
variables.

Results

We did not find a significant difference (F(1, 301) = 0.12, 
p = 0.726) in the creativity evaluations of the posters 
between the AI producer (M = 3.83, SD = 1.00) and the 
human producer (M = 3.86, SD = 0.94) conditions, not sup-
porting hypothesis 1. There was instead a significant indirect 
effect of producer identity on creativity evaluation through 
perceived effort (bootstrapped b = 0.29, CI: [0.210, 0.378]), 
supporting hypothesis 2, as AI (M = 4.11, SD = 1.63) 
was perceived to exert less effort than humans (M = 5.32, 
SD = 1.32) in the production of the posters, and perceived 
effort positively related to creativity (b = 0.25, p < 0.001). 
Hypothesis 2 was thus supported because mediation can 
exist even when the direct effect is non-significant (Rucker 
et al., 2011; Zhao et al., 2010).

Study 3

In study 3, which was pre-registered (see Appendix 2), we 
expand the previous findings by using a non-visual evalua-
tion target (i.e., business ideas) and by delving into different 
dimensions of perceived effort.

Methods

We requested a sample of 800 participants on MTurk 
and obtained 802 participants (57% female, Mage = 43.85, 
 SDage = 13.76). The experimental design and participant 
recruitment conditions were the same as in study 2, and 
participants from study 2 were not allowed to participate 
in the study to make sure that each participant would start 
the survey naïve about the manipulation. Participants 
in the AI (human) condition were told that they would 
“read a series of ideas for new startup businesses that are 
ready to be evaluated by a venture capitalist. These ideas 
have been generated by a text-processing AI (an aspiring 
entrepreneur), who was exposed to countless startup ideas 

before coming up with these.” They were also provided 
with either of the following definitions of AI and entre-
preneurs in line with the randomly assigned experimental 
condition: “AI is defined as technology that can gather and 
interpret information, produce outputs, and evaluate its 
decision-making based of specific goals, similarly to the 
way a human mind does” or “Entrepreneurs are defined as 
individuals who set up businesses taking on risks in the 
hope of generating profit.”

The business ideas that participants were asked to eval-
uate were actually created by AI: We took five ideas from 
the homepage of https:// ideas ai. net/, a website that uses 
the AI deep learning model GPT-3 to produce ideas for 
business startups. A sample idea was “A platform to help 
people find the best care for the elderly, with a focus on 
home healthcare.”

Creativity evaluations were measured following the 
same theoretical rationale as in study 2 in conceptual-
izing creativity as an integrative construct. The 3-item 
measure and scales (not at all creative to very creative, 
not at all novel to very novel, not at all appropriate to 
very appropriate; Cronbach’s α = 0.76) was inspired from 
extant research (De Dreu, 2010; Heinen & Johnson, 2018) 
and adapted from studies 1 and 2 to increase the gener-
alizability of findings and to cater the items to the evalu-
ation target. Specifically, we switched from good quality 
to appropriate as a measure of the usefulness dimension 
because the latter is commonly used in the evaluation of 
ideas (e.g., Kleinmintz et al., 2019).

To dig deeper into how participants envisioned effort 
when evaluating their effort perceptions of the idea-
generation processes, we extended the previous two-item 
scale with additional elements tackling important effort 
dimensions identified by past research (Kruger et al., 2004; 
Massin, 2017): temporal effort (“[…] took a long time to 
come up with the ideas”), physical effort (“[…] exerted 
substantial physical effort to come up with the ideas”), 
cognitive effort (“[…] invested a lot of cognitive resources 
in coming up with the ideas”), and motivational effort 
(“[…] was strongly motivated to come up with the ideas”). 
The six-item scale including the previous two items and 
the new four items showed excellent reliability (Cronbach’s 
α = 0.93), and an exploratory factor analysis indicated that 
all items load on a single factor (with all loadings higher 
than 0.74), pointing to a unique latent effort construct.

Control variables were the same as in study 2, except 
for adapting the two items measuring domain familiarity 
to the context of business ideas (“How familiar are you 
with entrepreneurship?”, “How familiar were you with 
the context of venture capital and startups before taking 
this survey?”). The analytical strategy was the same as in 
study 2. Correlations and regression results for study 3 are 
reported in Appendix 3.

https://ideasai.net/
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Results

We found no support for hypothesis 1: Participants’ crea-
tivity evaluations were not significantly affected by the 
producer identity (F(1, 800) = 0.08, p = 0.783), as there 
was no significant difference between the human condi-
tion (M = 3.43, SD = 0.90) and the AI condition (M = 3.45, 
SD = 0.93). As in study 2, we instead found evidence sup-
porting hypothesis 2, as effort perceptions mediated the 
effect of producer identity on creativity evaluation (boot-
strapped b = 0.25, CI: [0.202, 0.310]). Specifically, AI 
(M = 3.38, SD = 1.36) was perceived as exerting less effort 
than humans (M = 4.56, SD = 1.34) in the production of busi-
ness ideas and perceived effort positively related to creativ-
ity (b = 0.22, p < 0.001).

Additional Analyses

We conducted additional analyses using alternative meas-
ures of effort: the two-item scale used in study 2 and each 
additional single-item as a standalone measure. Results were 
consistent with any effort measure: ANOVA tests showed 
that participants rated humans to exert more effort with any 
measure at the p < 0.001 significance level, and all measures 
mediated the effect of producer identity on product crea-
tivity evaluation (2-item effort: bootstrapped b = 0.29, CI: 
[0.234, 0.343]; temporal effort: bootstrapped b = 0.21, CI: 
[0.159, 0.252]; physical effort: bootstrapped b = 0.14, CI: 
[0.101, 0.179]; cognitive effort: bootstrapped b = 0.18, CI: 
[0.138, 0.230]; motivational effort: bootstrapped b = 0.24, 
CI: [0.194, 0.294]). We thus inferred that, notwithstanding 
what specific dimension of effort participants have in mind 
when completing the experiment, they consistently rate 
humans as exerting more effort than AI in the performance 
of a given task.

Study 4

In study 4, which was pre-registered (see Appendix 2), we 
complement the previous findings by manipulating not only 
producer identity but also the effort exerted in the production 
process, so as to test the causal relation between effort percep-
tion and creativity evaluation (Pirlott & MacKinnon, 2016).

Pilot Study

We manipulated effort using time spent by the creator to 
complete an artifact, following Kruger and colleagues 
(2004). To ensure that the time-based manipulation would 
produce the intended effects (i.e., influence evaluators’ 
effort perception), we first pilot-tested it. We recruited 
100 participants on MTurk, showed them each of the five 

paintings according to a condition in a 2 (producer iden-
tity: AI vs. human) × 2 (effort: low vs. high) design, and 
asked them to report their perceptions of the effort exerted 
by the producer with the item “This painting took a lot of 
effort to complete,” as well as the painting’s creativity with 
the item “This painting is very creative.” The manipulation 
worked, as we found that participants rated the paintings as 
requiring more effort (F(1, 399) = 66.71, p < 0.001) when 
assigned to the high-effort condition (M = 6.25, SD = 0.89) 
than when assigned to the low-effort condition (M = 5.65, 
SD = 1.26). We also got initial support for the expectation 
that effort causally impacted creativity, as paintings in the 
high-effort condition were rated on average as more crea-
tive (M = 6.05, SD = 1.14) than paintings in the low-effort 
condition (M = 5.86, SD = 1.02; F(1, 399) = 4.88, p < 0.05).

Methods

After validating the effort manipulation, we requested a sam-
ple of 800 participants on MTurk and obtained 808 participants 
(54% female, Mage = 40.25,  SDage = 11.94). The participants 
were recruited and attention check filtered under the same con-
ditions as in previous studies, and participants from previous 
studies were not allowed to participate in the study. The experi-
mental design was similar to the previous studies but with two 
main differences: The design was a 2 (producer identity: AI vs. 
human) × 2 (effort: low vs. high) factorial, and the assignment 
of each condition was made at a painting (rather than individual) 
level, resulting in a within-person design. We used the same 
effort single-item measure as in the pilot as a manipulation 
check. The paintings shown to participants were five of the six 
used in study 1 (see Appendix 1 for details). Participants were 
told that “The latest developments in AI have made it possible 
for AI to paint according to the Aboriginal artists' style after 
seeing a number of their paintings. AI is defined as technology 
that can gather and interpret information, produce outputs, and 
evaluate its decision-making based of specific goals, similarly to 
the way a human mind does.” Participants evaluated the paint-
ings’ creativity with the same scale as in study 3 (Cronbach’s 
α = 0.83). Control variables were the same as in study 2, except 
for adapting the two items measuring domain familiarity to the 
context of Australian Aboriginal paintings (“How familiar are 
you with figurative art?”, “How familiar were you with Austral-
ian Aboriginal art before taking this survey?”).

Given the manipulation-of-mediator design, the analytical 
strategy for study 4 did not involve mediation analyses. Thus, 
we checked multilevel multivariate (producer identity and effort) 
ANOVA, and we tested the effects on creativity evaluation of 
producer identity and of effort individually. We further tested 
on MPlus their individual and interactive effects in a multilevel 
regression including the control variables. Correlations and 
regression results for study 4 are reported in Appendix 3.
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Results and Discussion

As in the pilot study, our manipulation worked: Paintings 
in the high-effort conditions (M = 5.52, SD = 1.53) were 
rated as requiring higher effort (F(1, 3,231) = 232.44, 
p < 0.001) than paintings in the low-effort conditions 
(M = 4.86, SD = 1.65). We found support for hypothesis 1, 
as participants rated the paintings as more creative (F(1, 
3,230) = 447.28, p < 0.001) when they were presented as pro-
duced by a human (M = 4.27, SD = 0.70) rather than by an AI 
(M = 3.84, SD = 0.88). At the same time, the effort manipu-
lation also had an effect on creativity evaluation as hypoth-
esized: Paintings in the high effort conditions (M = 4.11, 
SD = 0.81) were rated as more creative (F(1, 3,230) = 37.54, 
p < 0.001) than those in the low-effort conditions (M = 4.01, 
SD = 0.83). This finding showed the causal effect of effort 
on creativity in line with hypothesis 2. Effect sizes on effort 
and creativity for all studies are reported in Table 1; further 
information on their calculation is reported in Appendix 4.

We further conducted a post hoc Tukey test on SPSS to 
check whether the creativity ratings of pairs of conditions 
were significantly different from each other. This analysis 
showed that all pairs were significantly different from each 
other, forming a ranking of conditions: Human-high effort 
led to the highest creativity ratings, followed by human-low 
effort (mean difference = 0.11, p < 0.05), in turn followed 
by AI-high effort (mean difference = 0.33, p < 0.001), and 
in turn followed by AI-low effort (mean difference = 0.10, 
p < 0.05). Of particular interest is the fact that the human-
low-effort condition led to higher creativity ratings than the 
AI-high-effort condition. This means that effort does not 
substitute the effect of the producer identity (which would 
be shown by a not significant difference between the human-
high-effort and AI-high-effort conditions, as well as between 
the human-low-effort and AI-low-effort conditions), but 

rather the effect of identity prevails on that of effort, sug-
gesting that the mediating role of effort is partial.

The multilevel regression analyses showed consistent 
results with the ANOVAs, as both the producer identity 
manipulation (b = 0.43, p < 0.001) and the effort manipula-
tion (b = 0.10, p < 0.001) impacted the paintings’ creativity 
evaluation as hypothesized. However, the two manipulations 
did not interactively predict creativity (b = 0.01, p = 0.926). 
Consistent with the Tukey test, this indicates that the effect 
of producer identity on creativity was not different at high 
effort or low effort, suggesting that effort does not com-
pletely explain the producer identity effect on creativity and 
thus acts as a partial (rather than full) mediator.

General Discussion

The main objective of the present research was to under-
stand whether human evaluators are good gatekeepers of 
AI creativity. We tested the effect of producer identity as 
AI (vs. human) on creativity evaluation and the mediating 
role of perceived effort in this relationship. Taking together 
the results of four studies on a cumulative sample of 2039 
participants, we found that people only sometimes assign 
lower creativity to a given production when they are told that 
AI created it compared to when they are told that a human 
created it (Chamberlain et al., 2018; Hong, 2018; Kirk et al., 
2009; Moffat & Kelly, 2006). Thus, it appears that human 
evaluators are better creativity gatekeepers in some circum-
stances than in others, potentially depending on factors such 
as the nature of the evaluation target. Specifically, the exist-
ence of a direct producer identity bias was evidenced in two 
studies that used artistic visual evaluation targets (Austral-
ian Aboriginal paintings), but not in two other studies that 
asked people to evaluate advertisement posters and ideas for 
business startups. These findings not only contribute to the 
nascent research of human evaluation of AI creativity, but 
also extend folk psychology, in particular the folk theory of 
artifact creation (Judge et al., 2020) and the effort heuristic 
(Kruger et al., 2004), by applying them to the realm of crea-
tivity evaluation.

Effort as a Key Mechanism

We found consistent evidence that effort is a key mechanism 
driving the effect of producer identity on creativity evaluation: 
All three studies in which we tested effort—with different 
measures, designs, and evaluation targets—clearly indicated 
that human evaluators appraise a given production process 
as less effortful when it is carried out by AI rather than by 
humans, and this leads them to assess the creativity of the 
resulting product as lower, supporting the expansion of the 
effort heuristic to the domain of creative production. This 

Table 1  Effect sizes

n = sample size at observation level; d = Cohen’s d for producer iden-
tity (AI = 0, human = 1) on outcomes; f2 = Cohen’s f2 for the media-
tion of perceived effort on the effect of producer identity on creativity 
evaluation

Variables Perceived 
effort (d)

Creativity 
evaluation (d)

Mediation (f2)

Study 1 (n = 786)
Producer identity — 0.261 —
Study 2 (n = 1515)
Producer identity 0.818 0.028 0.164
Study 3 (n = 4010)
Producer identity 0.868 -0.012 0.116
Study 4 (n = 4040)
Producer identity — 0.541 —
Effort — 0.125 —
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finding on the one hand corroborates the relevance of effort 
perceptions as a key mechanism and on the other hand raises 
further questions about why people perceive artificial agents 
to exert less effort than humans in the creation of a given 
object. Could it be that evaluators discount the effort expended 
by the artificial agent’s creator and see the machine as an effi-
cient tool capable of effortless production? Or is it because 
artificial agents are perceived as unable to feel and control 
emotions and to be guided by a superordinate intentionality? 
In other words, are these typically humane characteristics the 
drivers of the differential effort perceptions? Investigating the 
main dimensions of effort, such as time invested, physical 
effort, cognitive effort, and motivational effort (Kruger et al., 
2004; Massin, 2017), we found that these dimensions shared a 
large amount of variability and were all equally able to capture 
the mediating effect of effort on the link between producer 
identity and creativity evaluation. More research is needed to 
disentangle this knot.

Another interesting question to address in relation to effort 
perceptions is about the evaluator’s exposure to the crea-
tion process. Past studies showed that when people see with 
their own eyes how artificial agents create an artifact, their 
responses are more favorable, and they perceive higher effort 
expended in production and higher product value in general 
(Buell et al., 2017; Chamberlain et al., 2018). It would thus 
be interesting, moving forward, to assess whether exposure 
to the creation process and collaboration with AI impacts the 
effect of producer identity on creativity evaluations (Colton, 
2008), especially in light of the rising diffusion of generative 
AI (Brynjolfsson et al., 2023; Noy & Zhang, 2023) and the 
ensuing sense of reciprocity and trust toward AI (Buell & 
Norton, 2011; Glikson & Woolley, 2020).

Another point of reflection about effort relates to the 
ongoing (if somewhat implicit) debate in the literature about 
whether people evaluate as more creative producers (and 
ensuing products) who put a lot of effort in their creation 
process or those who instead put very little effort and are 
perceived to achieve great outcomes mostly thanks to their 
innate abilities. In our research, consistent with folk theories 
of artifact creation (Judge et al., 2020), we found both cor-
relational and causal support for the former argument in the 
context of evaluating artifact production. Effort seems to 
positively inform creativity evaluations in the context of (AI 
vs. human) artifact creation. However, elsewhere, evidence 
has been found in support of the opposite argument—i.e., 
that perceptions of higher effort invested in the production 
process lead to lower creativity ratings (Tsay, 2016). We 
do not exclude that in other circumstances and domains of 
production, this negative effect might exist. The question is 
not only an empirical but also a theoretical and philosophical 
one: As researchers of creativity in organizations have been 
striving for decades to reframe the definition of creativity 
from innate talent and genius to something that everyone 

can have and develop to some extent (Amabile, 2006), the 
question of the link between effort perceptions and creativity 
cannot be separated from the very definition of creativity. 
Is creativity the result of talent, or is it the result of effort? 
And, most interestingly, how does this debate apply to the 
creative production by AI? Likely, both components—talent 
and effort—play a part, and either one can dominate in any 
given context. Yet both effort and talent are fuzzy concepts 
when applied to artificial agents, and we do not know much 
about how people assess AI’s talent and effort. We encour-
age future research to inquire on this fundamental issue.

Characteristics of AI

The research design and manipulations we used were rela-
tively simple. This is a point of strength when testing a 
baseline, generic effect, as in this case. Yet a limitation 
of such a design is that it is unable to account for several 
nuances. While our research employed a generic form of 
generative AI that creates texts and images, we did not focus 
on how specific features of AI as a producer might influence 
creativity evaluations of its production. Recent research has 
suggested that different AI representations—e.g., robotic AI 
with a physical presence, virtual AI perceived by end-users 
as a virtual agent, and embedded AI largely invisible to 
end-users—have different impacts on people’s assessments 
of its behaviors (Glikson & Woolley, 2020; Malle et al., 
2019). Future research might study whether AI representa-
tion is a boundary condition of the producer identity bias in 
creativity evaluation.

Another AI characteristic we did not consider in our design is 
the extent of AI’s anthropomorphism. Whether artificial agents 
assume a humanoid appearance is likely to impact people’s 
reactions to them and to their productions (Chamberlain et al., 
2018; Glikson & Woolley, 2020; Waytz et al., 2014). This is 
particularly relevant when considering that people tend to relate 
to artificial agents in a very similar way as to other humans, as 
suggested by folk psychology (de Graaf & Malle, 2017; Thell-
man et al., 2017). It is thus likely that the more an intelligent 
artificial agent assumes a human-like form, the more closely 
people will treat it to an actual human agent. Thus, anthropo-
morphism might moderate the extent of the producer identity 
effect on judgments and assessments, including creativity evalu-
ation. Depending on eventual findings, this direction for future 
research also offers possibilities for designing interventions 
aimed at reducing the producer identity bias.

Other Domains of Production

We saw that the target of production seems to influence the 
effect of producer identity on product creativity evaluation. 
In particular, we found that people discount AI creativity 
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for more aesthetic production (e.g., Australian Aboriginal 
paintings), but not for more commercial production (e.g., 
advertisement posters, startup ideas). From this, we ten-
tatively suggest that the domain of production may be a 
switch turning on (in aesthetic production) or off (in com-
mercial production) the impact on creativity evaluations of 
the identity of the producer as human or AI. It would be 
interesting to further test this relationship in various domains 
of creative production. For instance, AI is currently being 
used to perform creative tasks in the scientific domain—e.g., 
to develop new compounds for medicines (Fleming, 2018; 
Popova et al., 2018). How do people evaluate AI creativity 
in this domain? Is creativity seen as a re-combination of 
existing components and the result of a trial-and-error pro-
cess, or does the acknowledgment of creativity stem from 
the producer’s ability to see a holistic picture and to chal-
lenge existing criteria of evaluation? In the former case, AI 
production might be considered as (if not more) creative 
than humans’ due to AI’s superior computational ability; in 
the latter case, AI’s perceived inability to go beyond a given 
set of instructions might instead lead its work to be deemed 
as less creative.

Practical Implications

Our research findings suggest that it is advisable to consider 
intervention programs (e.g., see Burton et al., 2020; Longoni 
& Cian, 2022) to raise awareness about human biases toward 
AI-generated creative outcomes and make human evaluators 
better creative gatekeepers. Targeted interventions should 
address when (e.g., for productions framed as more aes-
thetic) and why (e.g., because of lower effort perceptions) 
biases against generative AI occur as well as raise awareness 
among evaluators so as to prevent them.

Another important consideration in adopting generative 
AI relates to workers’ willingness to disclose the use of AI 
due to concerns about creativity evaluation. While people 
may fear that their creations may be discriminated if they 
disclose a collaboration with generative AI, new domains of 
human-AI creativity may emerge, such as prompt engineer-
ing—i.e., the search for prompts that allow generative AI 
to produce desired outputs (Liu & Chilton, 2022). Creating 
awareness of potential changes and new forms of creativity 
arising from AI adoption, organizations need to establish 
ethical and practical guidelines on how to utilize and evalu-
ate AI to ensure transparency and fairness.

Additionally, our findings have direct implications for 
marketing decision-making. The integration of generative 
AI into the creative process can lead customers to under-
value the efforts invested in the resulting outcomes. When 
marketing and communicating the creative outcomes of 
AI-human collaboration, marketers can reduce the bias 
against AI creativity by emphasizing human involvement 

in the process, human-like features of AI, and the effort 
dedicated to the creative process (Castelo et al., 2019; 
Chamberlain et al., 2018).

Limitations

Limitations of this research, in addition to what has been dis-
cussed above, include the following. First, due to the paucity 
of empirical research on creativity evaluation as well as to 
the complex and multidimensional nature of creativity, we 
derived and inspired our measures of artifact creativity from 
extant theories and empirical studies (e.g., Harvey & Berry, 
2022; Runco, 2004; Sullivan & Ford, 2010). Specifically, we 
adopted—and found empirical support for—the creativity-
as-integration approach to assess creativity as an integrative 
construct with multiple dimensions positively related to each 
other (Harvey & Berry, 2022). This approach is appropriate 
because (1) it is consistent with the dominant theoretical 
framework and empirical measures in the creativity liter-
ature and (2) it is consistent with how evaluation targets 
(e.g., consumer products, employee outputs) are commonly 
assessed (e.g., George & Zhou, 2001; Oldham & Cummings, 
1996; Zhou et al., 2019).

A second possible limitation is that participants were told that 
AI was involved in the production process in general, but they 
were given no specific information about the exact extent of AI’s 
involvement in the production process. The instructions we gave 
them focused on the involvement of AI in artifact production in a 
general sense because we examined an emergent phenomenon. 
The primary goal of our research was to test the general impact 
of having an AI producer on creativity evaluation, rather than 
to narrowly focus on a specific facet of the phenomenon. None-
theless, we encourage future research to explore how different 
extents of AI involvement in creative processes might have dif-
ferent effects on how AI creativity is evaluated.

Another potential limitation is that the participants may 
have different ideas about the characteristics and abili-
ties of AI. Given that AI capabilities have been develop-
ing quickly thanks to fast technological innovation cycles 
(Vinuesa et al., 2020), it is important to clarify to par-
ticipants what one means with AI. In study 1, we did not 
elaborate on a definition of AI and rather left this open for 
participants, which might be a limitation as participants 
might have different ideas about what an AI is and what 
it can do. To remedy this, in subsequent studies, we have 
more clearly provided participants with definitions and 
descriptions of AI. We expect that most lay people would 
have a generally shared and superficial understanding 
about AI and what it can do; nonetheless, in future studies, 
it would be important to explicitly describe the abilities of 
the AI under analysis, especially because technology has 
been advancing rapidly and the variance among laypeople 
conceptualizations about AI may increase.
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Conclusions

With four experimental studies, we tested whether peo-
ple evaluate differently the creativity of productions when 
these productions are described as produced by AI or by 
humans. Human evaluators only sometimes judged a prod-
uct to be less creative when they were told that AI created 
it rather than a human. Specifically, the effect manifested 
itself when evaluating certain kinds of products, such as 
paintings, but not others, such as advertisement posters 
and business ideas. Consistent evidence instead was found 
about perceptions of exerted effort mediating this effect, 
as AI was perceived to exert less effort than humans in the 
production of a given output, which led to perceptions of 
lower creativity.

Our results substantiate previous findings on the pro-
ducer identity bias only in part, as they show that the bias 
is not ubiquitous and that human evaluators’ inadequacy as 
creativity gatekeepers seems to be situated in the context 
of AI creative production for aesthetic purposes. We also 
theoretically extend the extant literature by applying a folk 
psychology framework to the sphere of AI creative produc-
tion. This work takes a pioneering step in analyzing peo-
ple’s evaluation of AI creativity and offers a springboard 
for future research to further study how the identity of the 
producer as an artificial (rather than human) agent impacts 
people’s evaluations of creative productions.
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