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Abstract 1 

The integration of artificial intelligence (AI) into creative work continues to 2 

expand, yet its impact on human creativity itself—beyond simply providing ideas—3 

remains uncertain. We reposition AI’s role from idea generator to idea evaluator, using 4 

trained models to provide real-time feedback on human-generated ideas. Across two 5 

studies—a preregistered online experiment involving individuals with varying levels of 6 

expertise (N = 554) and a large-scale naturalistic experiment during a year-long museum 7 

exhibit (N = 36,198)—participants generated solutions to real-world problems or created 8 

visual sketches. AI feedback significantly improved participant originality in both verbal 9 

and visual creative domains. Mediation analyses revealed these gains were partly driven 10 

by changes in individuals’ self-evaluation of their own originality, implying a key role for 11 

metacognition—the ability to monitor, control and regulate one’s thinking. These findings 12 

suggest that AI’s potential extends beyond generation to include idea evaluation, helping 13 

humans assess and refine their ideas through real-time feedback. 14 

Keywords: Artificial Intelligence; Creativity; Feedback; Metacognition  15 
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Artificial Intelligence Enhances Creativity Through Real-Time Evaluative Feedback 16 

The rise of generative AI tools has led to a surge in human-AI collaborative 17 

creativity, with people increasingly using AI to generate ideas for creative work (Bick, 18 

Blandin et al., 2024; Rafner, Beaty et al., 2023). Recent studies indicate that AI systems 19 

can produce novel and useful outputs—compared to people working without AI 20 

assistance (Doshi & Hauser, 2024; Haase & Hanel, 2023; Hubert, Awa et al., 2024; 21 

Urban, Děchtěrenko et al., 2024; Zhou & Lee, 2024)—by prompting these systems to 22 

produce text, images, music, and videos. Yet, a crucial question remains: Can AI 23 

actually help people learn to be more creative themselves, beyond merely prompting it 24 

for ideas? This question is especially pressing given emerging evidence that AI not only 25 

produces less diverse ideas than humans (Anderson, Shah et al., 2024; Moon, Green et 26 

al., 2024), but may actually diminish human creativity when people become dependent 27 

on it (Liu, Zhou et al., 2024). Understanding how people learn from AI interaction is 28 

therefore critical for enhancing rather than undermining human creativity. 29 

Here, we introduce an approach to human-AI co-creativity that shifts the focus to 30 

AI evaluation and feedback, with models trained to simulate human evaluations of 31 

creativity. Our approach allows a previously unfeasible form of real-time feedback 32 

intervention for people generating their own ideas. Feedback is known to benefit learning 33 

and performance across many different tasks (Hattie & Timperley, 2016; Kluger & 34 

DeNisi, 1996; Wisniewski, Zierer et al., 2019), but it is difficult for human evaluators to 35 

provide reliable feedback at scale. We propose that AI feedback can support human 36 

creativity and metacognition—the ability to monitor, control, and evaluate cognitive 37 

processes relevant for creativity (Lebuda & Benedek, 2023; Puente-Diaz, 2023; K. 38 

Urban & M. Urban, 2023; M. Urban & K. Urban, 2023). In two experiments across 39 

diverse creative domains—generating solutions to real-world problems and sketching 40 
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drawings—we investigate whether real-time AI feedback can augment human creativity 41 

and improve people's ability to accurately evaluate their own ideas. 42 

Models of creative thinking typically define two main stages: idea generation and 43 

idea evaluation (Sowden, Pringle et al., 2014; Volle, 2018; Ward, Smith et al., 1998). 44 

The advent of generative AI, particularly large language models (LLMs), has sparked 45 

widespread interest in their potential to enhance idea generation, building on a long 46 

history of research on human-AI creativity that predates LLMs (Boden, 1998). LLMs are 47 

neural networks trained on vast amounts of data, allowing them to perform a range of 48 

tasks, from answering questions to generating code to composing poetry. 49 

The use of LLMs in creative processes has dramatically increased in recent 50 

years, with several studies assessing how LLMs impact human idea generation (Doshi & 51 

Hauser, 2024; Moon et al., 2024; Rafner et al., 2023; Urban et al., 2024; Zhou & Lee, 52 

2024). On the one hand, because LLMs can quickly generate many ideas, they can 53 

augment human idea generation on some tasks that benefit from brainstorming. 54 

However, emerging evidence also points to potential limitations of LLM creativity, such 55 

as homogenization of outputs, resulting in reduced idea diversity (Anderson et al., 2024; 56 

Moon et al., 2024) and even reduced human idea generation when LLM access is 57 

removed (Liu et al., 2024)—suggesting minimal learning and potential de-skilling of 58 

human creativity. Furthermore, while studies frequently claim that co-creating with AI 59 

enhances human creativity, it remains unclear whether this truly occurs or if humans 60 

simply prompt LLMs and copy their outputs, raising questions about the nature of 61 

creativity enhancement with AI. As LLMs become more advanced and widely used, it is 62 

crucial to examine how they impact human creativity and to develop strategies for 63 

leveraging their strengths while mitigating potential drawbacks. 64 
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In addition to idea generation, LLMs have been used for idea evaluation, 65 

particularly for automatically evaluating responses to creativity tasks (DiStefano, 66 

Patterson et al., 2024; Jaschek, von Thienen et al., 2023; Luchini, Maliakkal et al., 2025; 67 

Organisciak, Acar et al., 2023). For example, researchers have shown strong 68 

performance in predicting human originality ratings on text-based tasks, such as 69 

generating creative uses for everyday objects, by fine-tuning pretrained language 70 

models like T5 and GPT-3 (Organisciak et al., 2023). This approach has been 71 

successfully applied to similar tasks with elementary school children, demonstrating its 72 

scalability to diverse contexts (Acar, Dumas et al., 2024). During fine-tuning, the 73 

pretrained model is adjusted for creativity ratings on specific tasks by training it on 74 

thousands of human ratings. Remarkably, GPT-4 was able to predict human creativity 75 

ratings with “few-shot” prompting, where a general model, without additional fine-tuning, 76 

is given instructions and 5-10 examples (Organisciak et al., 2023). In the visual domain, 77 

Patterson et al. trained a deep convolutional neural network called Automated Drawing 78 

Assessment (AuDrA) on thousands of line drawings and human originality ratings 79 

(Patterson, Barbot et al., 2024). The model accurately predicted the originality of new 80 

drawings (r = .80), beyond merely the drawing's complexity (i.e., ink on the page), 81 

suggesting the model accounted for nuanced representations of visual creativity (Acar, 82 

Organisciak et al., 2024; Cropley & Marrone, 2022). 83 

Given that AI models can accurately predict creativity ratings, we evaluate a use 84 

of those predictions for real-time feedback while people are generating ideas. 85 

Specifically, we pursue the question: Can AI enhance human creativity by helping 86 

individuals to evaluate their own ideas? Feedback plays a critical role in learning, with 87 

extensive research showing feedback benefits for educational and professional 88 

achievement (Hattie & Timperley, 2016; Kluger & DeNisi, 1996; Wisniewski et al., 2019). 89 
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However, the link between feedback and creativity specifically has been inconsistent—90 

while some studies show enhanced creative performance with feedback (Ezzat, 91 

Camarda et al., 2017; Gong & Zhang, 2017), others find null or even negative effects (Li, 92 

Zhang et al., 2024; Sijbom, Anseel et al., 2017). 93 

To our knowledge, only one set of studies have investigated automated feedback 94 

on creative tasks (de Chantal, Houde-Labrecque et al., 2024; de Chantal & Organisciak, 95 

2023), albeit using semantic distance, an earlier computational approach with a weaker 96 

correlation to human creativity ratings (r ≈ .30), finding it helped people produce more 97 

uncommon responses to the task. Notably, the authors suggested that feedback may 98 

have influenced creative metacognition—the ability to monitor, control, and evaluate 99 

cognitive processes relevant for creativity (Lebuda & Benedek, 2023). Accurate 100 

metacognitive judgements are critical for effective idea evaluation (Puente-Diaz, 2023), 101 

yet people often struggle with evaluating their own ideas (Puente-Díaz, Cavazos-Arroyo 102 

et al., 2021), frequently exhibiting patterns of over- and under-estimation of creativity 103 

(Pesout & Nietfeld, 2021; Sidi, Torgovitsky et al., 2020; Urban & Urban, 2021). 104 

Metacognitive accuracy may therefore be a promising target for enhancing creative 105 

performance. However, receiving feedback on semantic distance did not improve 106 

accuracy (de Chantal et al., 2024), suggesting the possibility that AI feedback, more in 107 

tune with human judgments, may yield better results. 108 

We conducted two complementary studies examining the impact of real-time AI 109 

feedback on creativity: a preregistered online experiment (N = 554) where participants 110 

generated solutions to real-world design problems, and a naturalistic museum 111 

experiment (N = 36,198) where participants sketched line drawings. Both studies 112 

delivered AI-generated originality feedback using custom-trained models and measured 113 

changes in participants’ idea generation and self-evaluation accuracy relative to control 114 
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conditions. This approach enabled us to assess the impact of AI feedback across both 115 

controlled and naturalistic settings, as well as across verbal and visual modalities, 116 

thereby ensuring robust and ecologically valid findings. Given their convergence in 117 

experimental design and analysis, results from the two studies are presented together. 118 

Method for Study 1 119 

Participants 120 

A total of 629 adults, aged between 18 and 71 years (M age = 29.80, SD = 121 

10.56; 393 men, 232 women, 4 unspecified), were recruited online through the Prolific 122 

academic database. Participants were English-speaking volunteers from the United 123 

States, Canada, and the United Kingdom, 62% of whom indicated experience in an 124 

engineering field on Prolific (n = 388) to test whether domain expertise impacts feedback 125 

receptivity and overall performance on the design problems task. Detailed 126 

sociodemographic characteristics by engineering status (engineers, non-engineers) can 127 

be found in the Supplementary materials. As per the study’s preregistration, the minimal 128 

sample size was determined through an a priori power analysis for an ANOVA with a 129 

two-level between-participants factor, using G*Power (version 3.1.9.7). We hypothesized 130 

a moderate effect of condition (d = 0.57) on originality based on a previous study (de 131 

Chantal & Organisciak, 2023), with alpha set at .05 and power at .90. This resulted in a 132 

minimum sample size of 210 participants. With a sample size of over 600 participants, 133 

including both engineers and non-engineers, Study 1 has sufficient power to detect the 134 

predicted effect size. 135 

Materials 136 

Design problems. Participants completed three design problems (Patterson, 137 

Pronchick et al., 2024), each asking them to generate as many solutions as possible to 138 
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specific problems: improve access to clean water in remote areas (hereafter “water”), 139 

assist people with memory impairments remember important tasks (“memory”), and 140 

improve the safety of pedestrian crossings (“pedestrian”). In an unanalyzed practice 141 

phase, participants proposed three solutions for making remote learning more engaging 142 

and effective. In each trial, participants were instructed to “be creative”, with creative 143 

ideas described as novel (original, unique, and innovative) and effective (practical, 144 

efficient, and feasible). During each trial, participants rated their creative self-efficacy 145 

before undertaking the task, the originality of their responses during idea generation, and 146 

the perceived difficulty of the task upon completion, all on a 10-point horizontal scale. 147 

Only self-ratings of originality were analyzed in this study. After submitting each idea, 148 

participants rated its creativity on a scale from 1 "poorly creative" to 10 "very creative", 149 

with 5 corresponding to "somewhat creative." Time-on-task was set to 6 minutes to 150 

accommodate the additional time needed for self-rating and feedback. Participants had 151 

to wait until the end of the allotted time if they ran out of ideas, with a maximum of 10 152 

ideas allowed per trial. 153 

Development of AI feedback. Each idea provided by participants in the design 154 

tasks was scored for originality in real-time by a fine-tuned language model, GPT-3, via 155 

an Application Programming Interface (API). The model was trained specifically for this 156 

study using an existing sample of design ideas (N = 7,705) and expert human ratings (N 157 

= 20 raters; see Supplementary materials for model training procedure). This model 158 

produced originality scores ranging from 10 to 50 (Organisciak et al., 2023), and showed 159 

strong correlations with human ratings for unseen responses in a test dataset (r = .80, p 160 

< .001; see Figure 1). The feedback scores displayed to participants were automatically 161 

scaled to 1-10 using a min-max normalization method, with the prior minimum and 162 

maximum values corresponding to the empirical minimum and maximum values of the 163 
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training dataset (15.76 and 38.24, respectively). Once the API returned the originality 164 

score for a submitted idea, this value was displayed in a half-donut graph with three 165 

possible colors: not original (gray; 3.99 or less), original (yellow; 4.00 to 6.99), and highly 166 

original (green; 7.00 or more). The specific idea submitted, along with its rounded-down 167 

originality score, was shown below the graph. Participants were encouraged to produce 168 

ideas with originality scores above 4, as indicated by the feedback. 169 

 170 

Figure 1. Representative responses and AI model validation. (a) Example design 171 

problem with responses from Study 1 (top) and drawing stimulus with completions from 172 

Study 2 (bottom), rated by AI systems as low, medium, or high originality. (b) 173 

Correlations between human and AI originality ratings for the GPT-3 model (top) and the 174 

AuDrA model (bottom). Shaded areas show 95% confidence intervals, and axes display 175 

standardized scores. 176 
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Procedure 177 

The Research Ethics Board at the first author’s university approved the project. 178 

The experiment was administered online using the Prolific database, with the Qualtrics 179 

survey available in open access. Figure 2 displays the experimental design. Condition 180 

was a between-participants factor with three levels (continuous feedback, intermediate 181 

feedback, no feedback). Participants in the intermediate condition received feedback 182 

during training but not during the trials, while participants in the control condition 183 

received no feedback at any stage. In all three conditions, participants received repeated 184 

“be-creative” prompts after submitting each idea (i.e., “keep in mind to generate creative 185 

solutions”), consistent with best practices in creativity assessment.  186 

Participants first completed a practice phase to familiarize themselves with the 187 

experiment format. All three design problems were then administered in a random 188 

sequence. A total of 208 participants received feedback during both practice and trials 189 

(continuous feedback), 214 received feedback only during practice (intermediate 190 

feedback), and 208 received no feedback (control). On each trial, participants provided 191 

judgments of creative self-efficacy beforehand and rated the originality of their ideas 192 

after submitting a response. After completing the creative thinking tasks, participants 193 

answered questions about their familiarity with the problems and their appreciation of the 194 

feedback intervention (de Chantal & Organisciak, 2023). Finally, they provided basic 195 

demographic information (sex at birth, age, level of education, and experience in 196 

engineering). The study took 33.62 minutes on average, and participants were paid 197 

approximately 4£. 198 
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 199 

Figure 2. Study design overview. Study 1 (N = 554): Participants completed design 200 

problems under one of three feedback conditions—continuous feedback (practice and 201 

test phases), intermediate feedback (practice phase only), or no feedback. Study 2 (N = 202 

36,198): Participants completed drawing tasks with either immediate feedback (after the 203 

first drawing) or delayed feedback (after two drawings). In both studies, participants 204 

generated a solution/drawing and rated its originality. Blue boxes indicate AI feedback 205 

delivery and arrows represent experimental flow. 206 

Method for Study 2 207 

Participants 208 

A total of 37,823 people (M age = 21.95, SD = 15.00; 14,777 men, 18,974 209 

women, 1,669 non-binary, 2,403 unspecified) participated in the study during their visit to 210 

the exhibit in Poland over a period of 12 months (June 2023 to June 2024). 211 

Materials 212 

Drawing tasks. Participants completed a drawing task, asking them to finish one 213 

of six simple incomplete shapes, representing 6 trials (Barbot, 2018). This mirrors the 214 
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Picture Completion task within the figural version of the Torrance Tests of Creative 215 

Thinking (Torrance, 1972). In each trial, participants were instructed to complete the 216 

unfinished shapes to create something new and interesting. Prior to the task, 217 

participants assessed their creative self-efficacy. Following each trial, they rated the 218 

originality of their submitted ideas using a vertical 10-point scale. The scale ranged from 219 

"poorly creative" at the bottom to "very creative" at the top, with "somewhat creative" at 220 

the midpoint. There were no time constraints for completing the drawings, and 221 

participants were free to attempt new drawings as often as they wished, using the same 222 

or different shapes. 223 

Development of AI feedback. Each entry provided by participants in the drawing 224 

tasks was scored by a fine-tuned large language model via an application programming 225 

interface (API). The procedure used to develop the model can be found in the 226 

Supplementary materials. AI feedback was provided via the AuDrA neural network 227 

model (J. D. Patterson et al., 2024)—which strongly predicted human originality ratings 228 

(N = 141 raters) in a separate validation analysis of the AuDrA model (r = .92, p < .001; 229 

see Figure 1). Once the API returned the originality score for a submitted idea, this value 230 

was displayed on a yellow vertical scale ranging from “poorly creative” at the bottom to 231 

“very creative” at the top, with “somewhat creative” marked at the midpoint. Alongside 232 

this, a green vertical scale showed the participant's self-rating, allowing them to visually 233 

compare their assessment with the feedback. 234 

Procedure 235 

The Research Ethics Board at the last author’s university approved the project. 236 

Recruitment took place at a science museum, from June 2023 to June 2024. The 237 

experiment was part of the Living Lab, a dedicated research area featuring various 238 
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research projects. Before beginning, participants were informed that the exhibit aimed to 239 

develop creativity, and they provided informed consent. For children, consent was 240 

obtained from both the child and their parent or guardian. Next, participants were asked 241 

to provide basic demographic information (sex at birth, age) and report whether they 242 

were alone or with others (classmates, family members) at the exhibit. To familiarize 243 

participants with the drawing task, a brief warm-up session was conducted. During this 244 

session, participants completed one of seven unfinished objects drawn from the Test of 245 

Creative Imagery Abilities (Jankowska & Karwowski, 2015), which were distinct from the 246 

stimuli used in the main experiment. After finishing their warm-up drawing, participants 247 

self-assessed its originality using an 11-point scale, with anchors labeled "poorly 248 

original" and "very original" and a midpoint labeled "somewhat original". After the warm-249 

up, participants were randomly assigned to one of two conditions: immediate or delayed 250 

feedback.  251 

In both conditions, participants were reminded of the goal—i.e., to create 252 

something new and interesting—and informed that their drawings would be assessed by 253 

artificial intelligence. In the delayed feedback condition, participants were explicitly 254 

informed that they would have to create two drawings before receiving AI feedback. 255 

Participants completed the drawing tasks on a touchscreen device, with no limit on the 256 

number of drawings they could attempt—most participants only completed a few 257 

drawings, while some created up to 25 (maximum). The first shape presented was 258 

randomly selected from six possible options (for examples, see Figure 1), but 259 

participants could switch to a different shape after their initial drawing (immediate 260 

feedback condition) or after the second (delayed feedback condition). Across the study, 261 

18,998 participants were assigned to the immediate feedback condition, and 18,825 262 

participants were assigned to the delayed feedback condition. 263 
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Results 264 

Transparency and openness 265 

The hypotheses, design, sample size, and analysis plan for Study 1 were 266 

registered prior to data collection (https://aspredicted.org/bgmj-yrm4.pdf). Notable 267 

deviations include: (a) the addition of an intermediate condition to allow a more precise 268 

test of the feedback effect; (b) the use of a correlational approach to analyze evaluation 269 

accuracy, replacing the preregistered squared-difference score method; (c) the inclusion 270 

of both engineers and non-engineers to examine potential domain-specific effects. To 271 

account for these changes, a larger sample size was recruited. All deviations are further 272 

justified in the relevant sections. Study 2 was not preregistered. All materials, data, and 273 

analysis scripts for both studies are publicly accessible on the Open Science Framework 274 

https://osf.io/6k52d/?view_only=398df4fd924440ee9387af4f6434d422. 275 

Data cleaning 276 

Study 1. Following preregistration, the dataset of 8,173 entries was screened for 277 

invalid ideas. This screening was accomplished using a combination of manual review 278 

by research assistants and a transformer language model (TLM) trained to detect invalid 279 

responses. Full details on the TLM training process are described in the Supplementary 280 

materials. These invalid entries accounted for less than 1% of all ideas and were 281 

excluded from further analysis. Eleven participants were excluded for completing the 282 

study in a time that was more than three standard deviations from the average duration. 283 

Additional unregistered exclusions were applied to ensure data quality. Specifically, 56 284 

participants were identified as having over 25% of their responses showing signs of 285 

copy-and-paste behavior, as indicated by a significant discrepancy between the number 286 

of keys pressed and the number of characters in their responses. Furthermore, 15 287 

https://aspredicted.org/bgmj-yrm4.pdf
https://osf.io/6k52d/?view_only=398df4fd924440ee9387af4f6434d422
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participants used a mobile phone or tablet, and 34 trials contained only one response 288 

and were thus excluded. The distribution of excluded entries and participants was 289 

consistent across all conditions. The final dataset comprised 554 adults aged between 290 

18 and 71 years (M age = 29.82, SD = 10.54; 343 men, 207 women, 4 unspecified), who 291 

provided 7,174 valid responses. There were 327 engineers (114 in feedback, 106 in 292 

intermediate, 107 in control conditions) and 228 non-engineers (76 in feedback, 75 in 293 

intermediate, 77 in control conditions).  294 

Study 2. We excluded drawings whose completion time was in the bottom 3% of 295 

the sample distribution, resulting in the deletion of 2,632 entries submitted in 6 seconds 296 

or less. This step was taken to eliminate low-quality responses. The final dataset 297 

comprised 36,198 participants (M age = 22.0, SD = 15.0; 14,089 men, 18,343 women, 298 

1,528 non-binary and 2,238 unspecified), who provided a total of 77,142 drawings. 299 

There were 18,136 people in the immediate feedback condition and 18,062 people in the 300 

delayed feedback condition. 301 

Analysis strategy 302 

After cleaning the datasets, we analyzed 7,174 solutions from the online 303 

experiment (Study 1) and 77,142 drawings from the museum experiment (Study 2), 304 

applying a consistent analysis strategy across both studies. We tested our hypotheses 305 

using sequential linear mixed-effects models with different sets of predictors, controlling 306 

for baseline differences by including participants and prompts (design problem, drawing 307 

shape) as random intercepts. We also conducted exploratory analyses to examine 308 

whether the effect of feedback on originality was mediated by changes in evaluation 309 

accuracy. Given the similar study design and analysis strategies, we present the results 310 

of Study 1 and Study 2 side by side to provide a clear comparison of our findings.  311 
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In Study 1, the experimental manipulation was a three-level categorical variable 312 

(continuous, intermediate, or no feedback), whereas Study 2 employed a slightly 313 

different approach. Given the naturalistic nature of this second experiment, participant 314 

engagement varied widely, with some spending significant time on the activity while 315 

others engaged minimally. Notably, after the initial drawings, even participants in the 316 

delayed feedback condition gained significant experience with feedback, making the two 317 

experimental conditions less contrasting after the first two drawings. Therefore, we 318 

restricted the analysis to a subset of the dataset that ensures a reliable comparison 319 

between the feedback (immediate feedback) and no-feedback conditions (delayed 320 

feedback). The first drawing for a given shape was always submitted without feedback in 321 

both conditions; the second drawing followed feedback only in the immediate feedback 322 

condition, and all the drawings that followed were created with feedback in both 323 

conditions. Therefore, examining only the two first drawings per shape allows for a 324 

clearer comparison between conditions with and without feedback, while also reducing 325 

the noise caused by the exhibition setting, where participants were free to generate 326 

nearly as many drawings as they desired for as many of six shapes of their choice. 327 

The main analyses, carried out using R 4.3.2, followed a similar approach for 328 

both studies. We examined the effect of condition and self-ratings on originality using 329 

mixed-effects models, making it possible to account for the multilevel structure of the 330 

dataset. The full scripts are available as Supplementary materials. The models were 331 

fitted using the "lmer" function from the "lme4" package 1.1-35.1 (Bates, Mächler et al., 332 

2015). The assumptions of homoscedasticity and normality of the residuals were 333 

examined by visual inspection of plots of the residuals against the fitted values and Q-Q 334 

plots of the residuals. All models satisfied the homoscedasticity assumption but 335 

sometimes indicated the presence of outliers. We computed cluster-robust variance 336 
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estimates as a robustness test using the "clubSandwich" package 0.5.10 (Pustejovsky, 337 

2018). As the results with robust estimates converged with the original results, these are 338 

not reported here. Originality was analyzed at the response level, which is nested within 339 

participants. Therefore, originality scores were neither aggregated to the trial level nor to 340 

the participant level. In each model, random intercepts for participant and design 341 

problem were included to control for differences across participants and problem types. 342 

The significance of the effects was assessed using the "lmerTest" package 3.1-3 343 

(Kuznetsova, Brockhoff et al., 2017), which provides p-values for the fixed effects. We 344 

also employed Wald chi-square test, from the "car" package 3.0-13 (Fox & Weisberg, 345 

2019), to assess the significance of variables with categorical levels, as it provides an 346 

alternative, yet simplified approach to report these effects. The best-fitting model was 347 

identified using likelihood ratio tests and post-hoc analyses were performed using the 348 

"emmeans" package 1.10.1 (Lenth, Singmann et al., 2019). 349 

In both studies, originality was first regressed on condition, and then on response 350 

order, trial order, and their two-way interactions. As an unregistered analysis of the 351 

predictors of originality, we also computed a third model including self-ratings as a fixed 352 

effect. More specifically, we had originally planned and preregistered for Study 1 to 353 

examine evaluation accuracy using the squared difference technique, which involves 354 

subtracting originality scores from self-ratings and then squaring the difference to 355 

eliminate directional bias. Instead, our correlational analysis examines the linear 356 

relationship between self-evaluations and originality scores. The argument for preferring 357 

correlations to difference scores is twofold. First, it has recently been argued that 358 

difference scores can be biased by participants' baseline (intercept) use of the rating 359 

scale (Rietzschel, Ritter et al., 2024). For instance, individuals may systematically 360 

anchor their self-ratings to a specific value, thereby reducing the range of the scale they 361 
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truly use and making comparisons with reference scores, which use the whole scale, 362 

more difficult and unreliable. Correlations, however, capture the relationship between 363 

self-ratings and originality scores independently of baseline tendencies, making them 364 

less prone to bias. In other words, they assess whether the ratings follow the same 365 

covariation pattern on the scale, regardless of where participants anchor their ratings. 366 

Second, using correlations allows for more parsimonious reporting, as both self-ratings 367 

and condition effects can be incorporated within the same predictive model. For 368 

transparency, we report the analysis using squared differences in the Supplementary 369 

materials. 370 

For Study 1 only, we carried out an exploratory analysis to determine how 371 

including engineering status (engineers, non-engineers) impacted the model fit. While 372 

engineers reported higher familiarity with the problems, d = 0.40, t(552) = 4.59, p < .001, 373 

considering engineering status did not significantly improve model fit (AIC = 26,483, 374 

Δχ²(4) = 7.70, p = .10), so all participants were pooled for further analyses. 375 

Finally, we carried out an additional exploratory analysis to examine whether 376 

feedback enhances originality through improved evaluation accuracy. We proceeded 377 

with a two-level mediation model (responses nested within participants) using the 378 

“lavaan” package in R. In Study 1, the self-rating of originality served as a mediator 379 

between contrast-coded condition (control = -1, intermediate feedback = 0, continuous 380 

feedback = 1) and AI-scored originality. Originality was regressed on both the condition 381 

variable and self-ratings. Our primary focus was on the level 2 (person-level) indirect 382 

effect - i.e., we examined whether assigning participants to one of the three conditions 383 

(control, intermediate feedback, or feedback) influenced their average self-rating 384 

(reflecting evaluation accuracy), which, in turn, predicted the originality of their generated 385 

ideas. In Study 2, the model included condition (delayed feedback = 0, immediate 386 
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feedback = 1) as the independent variable, self-ratings of the second drawing as the 387 

mediator, and the AI-score originality of the second drawing as the dependent variable. 388 

To control for baseline performance, the self-rating and AI-score originality of the first 389 

drawing were included as covariates. This approach allowed us to assess whether 390 

condition was associated with changes in self-ratings between the first and second 391 

drawings, and whether these changes in self-ratings were associated with corresponding 392 

changes in originality. 393 

Reliability of the originality and self-rating scores 394 

In Study 1, originality scores provided by the API were saved as participants 395 

produced ideas, resulting in scores ranging from 1 to 10 (M = 6.34, SD = 2.11). 396 

Correlations between the originality scores of each design problem ranged from .70 to 397 

.73, all ps < .001. This showed excellent internal consistency, with a Cronbach's alpha of 398 

.87, 95% CI [.85, .89]. Participants also self-rated the originality of each idea on a scale 399 

from 1 to 10 (M = 5.92, SD = 2.04), with correlations between prompts ranging from .58 400 

to .61, all ps < .001. Internal consistency was good (α = .81, [.78, .83]). It should be 401 

noted that the correlation patterns across problems were identical for both engineers and 402 

non-engineers. Pairwise correlations between both scores are reported in the 403 

Supplementary materials. In Study 2, originality scores ranged from 0 to 10 (M = 4.57, 404 

SD = 2.46). Correlations between the scores of each trial ranged from .25 to .36, all ps < 405 

.001. This showed good internal consistency, with a Cronbach's alpha of .72, 95% CI 406 

[.72, .73]. Participants also self-rated the originality of each of their ideas on a scale from 407 

0 to 10 (M = 6.88, SD = 3.17), with correlations between shapes ranging from .33 to .42, 408 

all ps < .001. Again, internal consistency was good (α = .79, [.79, .80]).  409 

  410 
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Does feedback drive changes in originality? 411 

We started by examining the effect of feedback on originality scores, which were 412 

recorded as participants produced design solutions (Study 1) and drawings (Study 2). If 413 

feedback resulted in changes in the level of originality, a significant effect of condition 414 

should be found in both studies. To test this, we first regressed originality on condition 415 

alone, providing a basis for subsequent comparative models and directly examining our 416 

primary hypothesis. As predicted, the effect of condition was a significant predictor of 417 

originality in both Study 1, Wald χ2(2) = 21.37, p < .001, and Study 2, Wald χ2(1) = 54.37, 418 

p < .001, clearly demonstrating that feedback influenced overall levels of originality (see 419 

Figure 3).  420 

 421 
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Figure 3. Estimated Marginal Mean originality scores by condition. Bars represent 422 

standard errors. The original y-axis values (1–10) were truncated to improve visualization.  423 

** p < .01, *** p < .001. (a) Study 1: Originality was higher in the continuous feedback 424 

(EMM = 6.67, SE = 0.15) and intermediate conditions (EMM = 6.80, SE = 0.15) compared 425 

to control (EMM = 6.13, SE = 0.15). (b) Study 2: For the first drawing, there was no 426 

significant difference between the feedback (EMM = 4.63, SE = 0.02) and control 427 

conditions (EMM = 4.62, SE = 0.02). For the second drawing, originality was higher in the 428 

feedback (EMM = 4.84, SE = 0.02) than in the control condition (EMM = 4.44, SE = 0.02), 429 

with originality in the feedback condition exceeding baseline levels observed in the first 430 

drawing.  431 

In Study 1, levels of originality were significantly higher in the continuous 432 

feedback (EMM = 6.67, SE = 0.15, 95% CI [6.34, 7.00]) than in the control condition 433 

(EMM = 6.13, SE = 0.15, 95% CI [5.79, 6.46]), t(8.50) = −3.56, p < .01, with a medium 434 

effect size (d = −0.35, SE = 0.10, 95% CI [−0.57, −0.13]). The intermediate condition 435 

also outperformed the control group (EMM = 6.80, SE = 0.15, [6.46, 7.13]), t(8.95) = 436 

−4.36, p < .01, again showing medium effect size (d = −0.43, SE = 0.10, 95% CI [−0.66, 437 

−0.21]). However, no significant differences were found between the continuous and 438 

intermediate feedback conditions (d = 0.08, SE = 0.10, 95% CI [−0.14, 0.30]), t(3.80) = 439 

−0.86, p = .68. Although this aligns with our preregistered prediction, the finding that 440 

participants in the intermediate condition—who received feedback only during practice—441 

showed such a significant increase suggests that even minimal feedback can influence 442 

originality. These findings suggest that providing real-time AI feedback—even minimally 443 

during the practice phase alone—led to medium-sized improvements in originality in the 444 

subsequent phase. Importantly, the effect sizes are robust, as they control for 445 
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participant- and prompt-level variability, offering a conservative yet accurate estimate of 446 

the differences across conditions. 447 

Similarly, in Study 2, participants in the feedback condition showed a significant 448 

increase in originality across the first two drawings compared to the control group (p < 449 

.001), replicating Study 1. Further model estimates are available in the Supplementary 450 

materials. Post-hoc analysis in Study 2 quantified these differences, with participants in 451 

the feedback group producing drawings of higher originality (EMM = 4.65, SE = 0.02, 452 

95% CI [4.62, 4.68]) than those in the control group (EMM = 4.49, SE = 0.02, 95% CI 453 

[4.46, 4.52]), t(29,398) = −7.25, p < .001. Notably, compared to Study 1, the effect size 454 

was smaller (d = −0.08, SE = 0.01, 95% CI [−0.10, −0.06]), which was expected as this 455 

comparison includes the first drawing, always produced without feedback in both 456 

conditions. The key contrast in Study 2 lies between the first (baseline) and second 457 

drawings, making response order a critically important factor to add in the predictive 458 

model. 459 

If receiving feedback led to increased levels of originality in Study 2, we would 460 

expect this effect to be stronger for the second drawing, after receiving the AI feedback, 461 

leading to a Condition × Response Order interaction. To test this, we regressed 462 

originality on condition, response order, and trial order, as well as their interactions 463 

(Response Order × Condition and Trial Order × Condition). In both studies, trial order 464 

had the same meaning, as it referred to successive design problems (Study 1) or shapes 465 

(Study 2). However, the interpretation of response order differed. In Study 1, participants 466 

could generate up to 10 solutions per design problem, making response order a 467 

continuous variable. In Study 2, we analyzed only the first and second drawings, making 468 

response order a two-level categorical variable. This comparative model allowed us to 469 
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examine the effect of feedback while controlling for trial and response order, as well as 470 

to explore the cumulative effect across repeated solutions and drawings. 471 

In both studies, this more complex model involving response and trial order 472 

provided a better fit to the data than the simpler one-predictor model (Study 1: Δχ2 (6) = 473 

29.07, p < .001; Study 2: Δχ2 (4) = 618.55, p < .001; for Akaike Information Criterion 474 

values and additional model estimates, see the Supplementary materials). While the 475 

effect of condition was maintained in Study 1, Wald χ2(2) = 27.35, p < .001, reinforcing 476 

its effect after controlling for trial and response order, it was greatly reduced in Study 2, 477 

as it was qualified by the predicted Condition × Response Order interaction, Wald χ2(2) = 478 

140.70, p < .001. For the first (baseline) drawing, estimated marginal means were nearly 479 

identical across the feedback (EMM = 4.63, SE = 0.02, 95% CI [4.60, 4.67]) and control 480 

conditions (EMM = 4.62, SE = 0.02, 95% CI [4.59, 4.66]), t(46,652) = −0.50, p = .62. 481 

However, the levels of originality in the second drawing were higher when preceded by 482 

feedback (EMM = 4.84, SE = 0.02, 95% CI [4.79, 4.90]) compared with no feedback 483 

(EMM = 4.44, SE = 0.02, 95% CI [4.40, 4.48]), t(54,419) = −11.83, p < .001, indicating a 484 

small-to-medium effect size (d = −0.20, SE = 0.02, 95% CI [−0.24, −0.17]). Taken 485 

together, these findings suggest that providing AI feedback led to improvements in 486 

originality, with robust effect sizes across both studies, although larger effects in the 487 

controlled online experiment using verbal design problems (d = 0.43 and 0.35) than in 488 

the naturalistic museum study employing visual sketch tasks (d = 0.20). 489 

Does feedback improve evaluation accuracy?  490 

A critical test of AI feedback is its impact on metacognitive monitoring, here 491 

operationalized as evaluation accuracy and measured using correlations between AI 492 

scores and self-ratings. We would expect that, if evaluation accuracy is related to basic 493 
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creative thinking abilities, then adding self-ratings as a fixed factor in predicting 494 

originality scores should improve model fit. More importantly, we would expect stronger 495 

relationships between self-ratings and originality scores in the feedback conditions, 496 

suggesting an interaction effect. To test these predictions in both studies, we regressed 497 

originality on condition, response variables (response order, trial order, and their 498 

interactions with condition), and added self-ratings (1-10 scale) along with its interaction 499 

with condition (Self-Ratings × Condition). For Study 2, we also included a three-way 500 

Self-Ratings × Condition × Response Order interaction to account for differences 501 

between the first (baseline) and second drawings. 502 

In both studies, this more complex model involving self-ratings provided a better 503 

fit to the data (Study 1: Δχ2 (6) = 29.07, p < .001; Study 2: Δχ2 (4) = 2,081.51, p < .001), 504 

reinforcing the key predictive value of evaluative processes (for Akaike Information 505 

Criterion values and model estimates, see the Supplementary materials). Self-ratings 506 

significantly predicted AI originality scores, irrespective of whether participants received 507 

feedback, in both Study 1, Wald χ2(1) = 602.62, p < .001, and Study 2, Wald χ2(1) = 508 

689.94, p < .001. An increase of one point in self-ratings was associated with a 0.41-509 

point (SE = 0.02, p < .001) and a 0.13-point (SE = 0.01, p < .001) increase in originality 510 

scores in Study 1 and 2, respectively (see Figure 4, for additional pairwise correlations 511 

between self-ratings and originality scores by conditions, see the Supplementary 512 

materials). However, in Study 1, feedback no longer had a significant effect on originality 513 

once self-ratings were accounted for (b = 0.12, SE = 0.24, p < .62), suggesting that 514 

feedback influenced originality through changes in evaluation accuracy. If feedback led 515 

to significant changes in evaluation accuracy, self-ratings should be more strongly 516 

correlated with originality in the feedback than in the control conditions. Supporting this 517 

idea, self-ratings interacted with condition in Study 1, Wald χ2(1) = 26.89, p < .001, and 518 
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as predicted, we found a significant Self-Ratings × Condition × Response Order 519 

interaction in Study 2, Wald χ2(1) = 10.95, p < .001. We conducted post-hoc analyses to 520 

further explore the nature of these interactions. 521 

 522 

 523 

Figure 4. Fitted regression lines of self-rating and originality scores. Shaded areas 524 

surrounding the regression lines are confidence intervals. (A) Study 1: Correlation was 525 

stronger in the feedback condition (r = .59, p < .001) compared to the intermediate (r = 526 

.17, p < .05) and control conditions (r = .22, p < .05). (B) Study 2 displays the regression 527 

lines for the second drawing: Correlation was higher in the feedback (r = .22, p < .001) 528 

than in the control condition (r = .15, p < .001). 529 
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In Study 1, self-ratings consistently predicted originality scores across all 530 

conditions. However, the association was significantly stronger for participants receiving 531 

feedback (b = 0.52, SE = 0.02, 95% CI [0.49, 0.56]) compared to those in the 532 

intermediate (b = 0.40, SE = 0.02, [0.37, 0.44]), t(7094) = −4.69, p < .001, and the 533 

control conditions (b = 0.41, SE = 0.02, [0.38, 0.44]), t(7089) = −4.45, p < .001. There 534 

was no significant difference between both intermediate and control conditions, t(7069) = 535 

0.40, p = .92 (see Figure 4). These findings clearly demonstrate that although receiving 536 

minimal feedback during practice (intermediate) led to improved idea generation 537 

(originality), it did not significantly drive better evaluation accuracy. Changes in 538 

evaluation accuracy appeared to be confined to the feedback condition, where 539 

participants received feedback not only during practice but throughout the entire creative 540 

thinking task.  541 

The pattern was similar in Study 2, with self-ratings predicting originality similarly 542 

for the first (baseline) drawing in both the feedback (b = .12, SE = 0.01, 95% CI [.11, 543 

.14]) and control conditions (b = .13, SE = 0.01, 95% CI [.12, .14]), t(47,103) = 0.59, p = 544 

.93. However, it was only after receiving feedback that self-ratings became a stronger 545 

predictor of originality (b = .16, SE = 0.01, 95% CI [.14, .18]), t(47,103) = −4.32, p < .001, 546 

while the linear relationship remained constant in the control condition (b = .13, SE = 547 

0.01, 95% CI [.12, .14]), t(51,010) = −0.68, p = .90 (for more information, see the 548 

Supplementary materials).  549 

Do changes in self-ratings drive changes in originality?  550 

Our previous analyses suggest that feedback influenced originality scores 551 

through changes in evaluation accuracy, though they did not provide direct evidence. To 552 

examine this possibility more specifically, we conducted an exploratory multilevel 553 



AI Feedback and Creativity     26 

 

 

mediation analysis. In Study 1, condition was contrast-coded (control = –1, intermediate 554 

feedback = 0, continuous feedback = 1). The between-level indirect effect was 555 

statistically significant, b = –0.10, 95% CI [–0.15, –0.04], p < .001, indicating that 556 

changes in self-ratings partially explained changes in originality. Participants in the 557 

continuous feedback condition, whose self-evaluations showed better alignment with AI 558 

scores, tended to rate their ideas as less creative compared to those in the other groups 559 

(b = –0.25, [–0.38, –0.12], p < .001), indicating that improved evaluation accuracy was 560 

driven by more modest self-ratings (for more information, see the Supplementary 561 

materials). 562 

In Study 2, we estimated a mediation model with contrast-coded condition as the 563 

independent variable (control = 0, feedback = 1), self-ratings of the second drawing as 564 

the mediator, and the originality of the second drawing as the dependent variable. Self-565 

ratings and originality of the first drawing were included as covariates. This mediation 566 

model allowed us to examine whether feedback was associated with changes in self-567 

ratings (i.e., the difference in self-assessment between the second and first drawing) and 568 

whether these changes were related to differences in originality between the second and 569 

first drawing. Consistent with the results from Study 1, Study 2 revealed a statistically 570 

significant negative indirect effect, indicating that feedback led to lower yet more 571 

accurate self-assessments (b = –0.02, 95% CI [–0.03, –0.01], p < .001), which in turn 572 

predicted an increase in originality between the first and second drawing. Specifically, 573 

participants in the feedback condition showed a decrease in self-rated originality 574 

between the first and second drawing, (b = –0.14, [–0.22, –0.06], p < .001), while this 575 

change in self-ratings was positively associated with changes in originality scores, b = 576 

0.14, 95% CI [0.13, 0.15], p < .001 (see the Supplementary materials). 577 

  578 
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Discussion 579 

Artificial Intelligence is rapidly transforming how people engage in creative work, 580 

raising key questions about how to best leverage AI to enhance human creativity. Our 581 

results provide the first experimental evidence that AI feedback can benefit creative 582 

thinking, observed through two large-scale studies across distinct creative modalities 583 

(verbal and visual) and settings (controlled laboratory and naturalistic environment). We 584 

successfully trained AI models to simulate human evaluators, enabling real-time 585 

feedback that aligns with human perceptions of creativity—feedback that would be 586 

impractical for human evaluators to deliver at scale. Participants produced more original 587 

solutions to real-world problems (d = 0.35, Study 1) and more original drawings (d = 588 

0.20, Study 2) when receiving AI-based numerical feedback. Importantly, improved idea 589 

generation occurred even with minimal feedback during practice in Study 1 (d = 0.43). 590 

However, enhanced evaluation accuracy required continuous feedback throughout the 591 

entire experiment. Our findings suggest that AI can serve an educational role in 592 

promoting human creativity by helping people become better at generating and 593 

evaluating their own ideas. 594 

Importantly, the AI models used in our study were trained to mimic human 595 

judgments. In Study 1, we fine-tuned a GPT model on expert originality ratings for 596 

design problems—showing it thousands of example solutions and ratings from 40 597 

human experts with a background in engineering and design—finding the model 598 

predicted the originality of new solutions it was not trained on with high accuracy (r = 599 

.80). Likewise, in Study 2, we used a convolutional neural network that was previously 600 

trained to evaluate creativity of line drawings (J. D. Patterson et al., 2024) we validated 601 

the model with an independent sample of 120 human raters, showing that the AI ratings 602 

strongly correlated with human creativity ratings (r = .92).  603 
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One important finding is that participants who received feedback only during 604 

practice in Study 1 produced more original solutions—a remarkable finding on its own 605 

that suggests even a single “dose” of performance feedback can boost creativity, with 606 

feedback benefits observed in both domain experts and novices with no prior training in 607 

engineering design. Such rapid learning was also observed in Study 2, where 608 

participants produced more original drawings following a single round of AI feedback. 609 

Although we did not compare against non-human aligned AI models, our results suggest 610 

that human-aligned AI can provide meaningful feedback to improve creative thinking in 611 

both verbal and visual domains. 612 

Regarding idea evaluation, we found a different rate of feedback learning. While 613 

idea generation could be improved with a single exposure to AI feedback, idea 614 

evaluation required sustained feedback for successful learning. Participants receiving 615 

continuous feedback in Study 1 showed stronger alignment between self-ratings and AI 616 

scores compared to intermediate feedback or controls, while Study 2 evaluation 617 

accuracy improved only after feedback. Thus, while idea generation benefited from brief 618 

exposure, developing accurate evaluation may require extended practice. Critically, we 619 

found that idea evaluation accuracy partially mediated idea generation originality—AI 620 

feedback boosted idea originality in part by improving people's ability to accurately 621 

evaluate their ideas, indicating that idea evaluation is a cognitive mechanism of 622 

successful feedback learning. This finding aligns with theories proposing that accurate 623 

monitoring of creative processes supports the generation of more original ideas 624 

(Rietzschel et al., 2024), as people learn to recognize and build upon promising ideas 625 

and reject common ideas. 626 

Taken together, our findings suggest broadening AI's role in creative work from 627 

idea generator to idea evaluator. Recasting AI for idea evaluation, and prioritizing 628 



AI Feedback and Creativity     29 

 

 

humans for idea generation, may help to combat emerging challenges of generative AI 629 

for human creativity, such as AI ideas being less diverse than (Anderson et al., 2024; 630 

Moon et al., 2024) and deskilling of human creativity without AI assistance (Liu et al., 631 

2024). Although generative AI can generate original ideas on some tasks, studies show 632 

AI outputs lack diversity—AI ideas are more similar to each other than human ideas—633 

highlighting a risk to creativity that could be mitigated by keeping humans engaged in 634 

idea generation, leveraging their unique experiences and knowledge while using human-635 

aligned AI models for evaluation. 636 

The benefits we observed in both laboratory and museum settings suggest AI 637 

feedback could be particularly valuable for creativity training, where human evaluators 638 

often struggle to provide consistent, timely feedback to large numbers of learners. 639 

Moreover, our finding that even brief AI feedback improved idea generation suggests 640 

this approach could be efficiently implemented in settings where sustained human 641 

feedback may be impractical. This could enhance accessibility to creativity training, 642 

allowing people with limited access to expert teachers to receive immediate feedback 643 

that mimics expert evaluation. Notably, AI feedback consisted of 1-10 originality ratings 644 

only. Future work should move beyond such quantitative-only feedback to explore 645 

qualitative feedback, leveraging generative AI to explain limitations and suggest 646 

improvements, aligned to human experts. 647 

While our studies demonstrate that AI feedback can enhance creative 648 

performance in a single session, developing creative expertise requires sustained 649 

practice over longer time periods. The modest effect sizes observed, particularly in the 650 

museum study, reflect known ceiling effects in creative skill development—substantial 651 

improvements typically emerge through extended practice, domain knowledge 652 

acquisition, and expert guidance (Baer, 2015; Ericsson, Krampe et al., 1993). This 653 
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suggests that AI feedback systems might be most effective when integrated into broader 654 

learning contexts that include human mentorship, sustained practice opportunities, and 655 

the development of domain expertise. Future work should examine how AI feedback can 656 

complement traditional approaches to creative skill development, particularly in 657 

educational and professional settings where both immediate feedback and long-term 658 

expertise development are crucial. 659 
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Supporting text 

Fine-Tuned Large Language Model for Originality Scoring in Study 1 and Study 

2. In Study 1, sixteen design problems across three categories—Social and 

Environmental Systems, Ability Difference and Limitation, and Transportation and 

Mobility—were rated for creativity by 20 expert raters, focusing on uncommonness, 

remoteness, and cleverness. Each rater assessed half of the problems using a planned 

missing data design. Responses were formatted as “An original solution to [problem] is 

[solution], rating: [score].” We selected three problems, one from each category, based 

on high factor loadings and strong correlations with human ratings. The GPT-3 davinci-

002 model was fine-tuned using an 85/15 train/test split (n=6,549 training samples; 

n=1,156 test samples), across three epochs, with a batch size of 13 and a learning rate 

multiplier of 2. Model performance was evaluated via Pearson correlations between 

predicted and actual ratings on the held-out test set.  

A large sample of first-year psychology students (N = 141, 85% female, age 18-

28, M = 20.83, SD = 3.32) served as coders for randomly selected 200 drawings created 

in Study 2. All student-coders participated in a psychology of creativity course, where 

they were provided with information on creativity theories, assessment methods, and 

criteria for scoring creativity. The drawings were presented randomly in four sets (50 

each), and coders used a 1-5 Likert scale (1 = not original, 5 = highly original). The 

coders' reliability was excellent (α = .995), so the ratings for each drawing were 

averaged. They ranged from a minimum of 1.22 to a maximum of 4.74, with M = 3.00 

and SD = 0.97. Pearson correlation between the average coders' ratings and AI 

assessment of drawings originality was estimated at r(200) = .924, p < .001. 
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Automated Detection of Invalid Responses in Study 1. Given the substantial 

workload involved in manually screening large numbers of responses for irrelevant or 

nonsensical ideas, we decided to utilize modern techniques from natural language 

processing and deep learning to aid us in screening participant responses. This decision 

was based on recently developed methods utilizing bag-of-words based models to 

automatically screen for careless responding in social-behavioral data (Yeung & 

Fernandes, 2022). However, rather than relying on bag of words models that have 

limited ability to capture deeper semantic relationships, we instead utilized a contextual, 

transformer-based language model (TLM) that we finetuned to predict whether a given 

response was invalid, as we believed such a model would be more accurate in detecting 

careless responses. 

Our model, based on the deberta-base architecture (He et al., 2021), was trained 

on a corpus of creative design problems rated as valid or invalid (NA) by five human 

raters. We considered a response invalid (1) if four or more raters marked it invalid and 

marked the response valid (0) otherwise. We split the ratings into train, dev, and two test 

sets. The first test set was an out-of-item (Toi) set, constructed by holding out 15% of the 

items from the full dataset at random. The second test set was an out-of-response (Tor) 

set that was created by splitting the remaining data using an 80 / 10 / 10 (train / dev / Tor) 

ratio. Tor contained unseen responses to previously seen items during training, making it 

a weaker but easier test of generalization than Toi (where both items and responses were 

unseen). The final dataset used to train the model contained 5,504 invalid and 5,196 

valid responses in the training set, while the development set had 21 invalid and 640 

valid responses. The two datasets were similarly imbalanced, with 19 invalid and 641 

valid responses in the Tor set and 69 invalid and 1,736 valid responses in the Toi set. We 

further expanded this dataset by applying a series of data augmentations that 
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transformed valid responses to become invalid. This consisted of introducing 

misspellings, wrong words, and cutting off responses, each of which likely rendered valid 

responses invalid. We applied each transformation to every valid response in the train 

set, leaving the other sets as is, and added the transformed valids to the invalid split. 

This brought the number of invalids to be roughly equal to the number of valids. 

The model was trained using a standard binary cross entropy loss function, 

weighted proportionally to each class frequency. We used the dev set to tune the batch 

size, learning rate, number of training epochs, warmup steps, and the weight decay 

parameter. We implemented the model and training process using HuggingFace (Wolf et 

al., 2020) and evaluated the final model on both our test sets. Our final model weights 

and training scripts are available on our OSF repository. The model achieved a precision 

of 0.325 on the out-of-response (Por) test set and 0.313 on the out-of-item (Poi) test set. 

Recall was notably higher, with scores of 0.684 for recall of the out-of-response set (Ror) 

and 0.667 for recall of the out-of-item set (Roi), indicating that while the model 

successfully identified a substantial portion of invalid responses, precision remained 

more moderate. These indicated that the model correctly identified a large fraction of 

true invalids without introducing too many false positive predictions. Based on this 

analysis, we concluded that the model would be suitable for performing a first pass 

rating of the data gathered in the main study but opted to include an additional round of 

human review for all responses marked NA. 
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Table S1. 

Sociodemographic characteristics by engineering status (engineers, non-engineers) in Study 1 

 
 Engineers   Non-engineers 

  M SD   M SD 

Age 26.10 7.70   35.20 11.70 
Years of experience in engineering 4.58 3.57       
Familiarity with design problems 3.38 1.01   2.97 1.06 

     Memory 3.07 1.40   3.20 1.52 
     Pedestrian 3.41 1.45   2.67 1.29 
     Water 3.64 1.38   3.03 1.38 

  n %   n % 

Total 327     227   

Identified sex / gender           
    Female 88 27   119 52 
    Male 235 72   108 48 

    Other 0 0   0 0 
    No answer 4 1   0 0 
Education           

     Less than high school 1 <1   1 <1 
     High school graduate (or GED) 48 15   32 14 

     Some college, but no degree 70 21   35 15 

     Associate or bachelor’s degree 133 41   118 52 

     Master’s degree 71 22   35 15 

     Doctoral or professional degree 4 1   6 3 

     No answer 0 0   0 0 
Engineering field           

     Civil 36 11       
     Electrical 61 19       
     Industrial 47 14       

     Mechanical 59 18       
     Other 120 37       
     None 4 1       

Note. Socio-demographic data are presented for participants used for analysis. Memory problem is "assist people with 
memory impairments remember important tasks". Pedestrian problem is "improve the safety of pedestrian crossings". 
Water problem is "improve access to clean water in remote areas". Average familiarity with design problems is higher 

for engineers (M = 3.38, SD = 1.01) than for non-engineers (M = 2.97, SD = 1.06), t(552) = 4.59, p < .001. 
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Table S2. 

Correlations between originality and self-rating scores by condition (feedback, intermediate, 
control) and engineering status (engineers, non-engineers) in Study 1 

    Engineering status     

  Condition Engineers   Non-engineers   Total 

  Feedback .63***   .52***   .59*** 

  Intermediate .21*   .15*   .17* 

  Control .20*   .26*   .22* 

Notes. Scores are aggregated to the participant level. * p < .05. ** p < .01. *** p < .001. 
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Table S3. 
Estimates of the predictors of originality scores for Linear Mixed Model 1, 2 and 3 in Study 1 

    Model 1   Model 2   Model 3 

Fixed effects   b (SE) p   b (SE) p   b (SE) p 

Intercept   6.13 (0.15) < .001   6.18 (0.17) < .001   3.75 (0.23) < .001 

Condition (intermediate)   0.67 (0.15) < .001   1.06 (0.21) < .001   0.92 (0.24) < .001 

   (feedback)   0.54 (0.15) < .001   0.66 (0.20) < .001   0.12 (0.24) .62 

Response order         0.08 (0.02) .64   -0.02 (0.02) .25 

Response order × Condition 
(intermediate) 

      -0.03 (0.03) .19   0.01 (0.02) .68 

   (feedback)         -0.05 (0.03) .06   0.02 (0.02) .36 

Trial order         -0.04 (0.04) .31   -0.04 (0.03) .28 

Trial order × Condition 
(intermediate) 

        -0.14 (0.06) .01   -0.09 (0.05) .06 

   (feedback)         0.01 (0.06) .86   0.08 (0.05) .11 

Self-ratings               0.41 (0.02) < .001 

Self-ratings × Condition 

(intermediate) 

              -0.01 (0.02) .69 

   (feedback)               0.11 (0.03) < .001 

Random effects   σ2 SD   σ2 SD   σ2 SD 

   Participant (intercept)   1.97 1.40   1.95 1.40   1.76 1.33 

   Problem (intercept)   0.03 0.17   0.03 0.17   0.08 0.28 

Model comparison           p     p 

   AIC   28,104     28,087     26,483   

   Δχ2 (df)         29.07 (6) < .001   1610.29 (3) < .001 

Model 1. Originality ~ condition + (1 | participant) + (1 | problem) 

Model 2. Originality ~ condition + response order + trial order + condition:response order + condition:trial order + (1 | 
participant) + (1 | problem) 
Model 3. Originality ~ condition + response order + trial order + self-ratings + condition:response order + condition:trial 

order + condition:self-ratings + (1 | participant) + (1 | problem) 
Notes. Significant fixed effects are in bold. Condition is a three-level categorical variable with “control” as the reference 
category. Results for fixed effects are presented as regression coefficients (b) with standard errors (SE) in 

parentheses. χ2 indicates chi-square statistic of the likelihood ratio test. σ2 indicates the variance estimate of the 
random intercept. AIC indicates Akaike’s Information Criterion. 
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Table S4. 
Estimates of the multilevel mediation model in Study 1 

Effect  b 95% CI p 

Within     

  Condition - Self-rating 1.49 [-0.10, 3.09] .07 

  Condition - Originality 1.16 [-0.23, 2.55] .10 

  Self-rating - Originality 0.42 [0.40, 0.45] < .001 

  Indirect (Condition - Self-rating - Originality) 0.63 [-0.04, 1.31] .07 

Between     

  Condition - Self-rating -0.25 [-0.38, -0.12] < .001 

  Condition - Originality 0.34 [0.20, 0.49] < .001 

  Self-rating - Originality 0.38 [0.27, 0.48] < .001 

  Indirect (Condition – Self-rating- Originality) -0.10 [-0.15, -0.04] < .001 

Notes. Significant fixed effects are in bold. Results for within and between effects are presented as regression coefficients 
(b) 
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Table S5. 
Correlations between originality and self-rating scores by condition (feedback, control) and 
response order (first, second drawing) in Study 2 

    Response order     

  Condition First drawing   Second drawing   Total 

  Feedback .15***   .22***   .16*** 

  Control .15***   .15***   .12*** 

Notes. Scores are aggregated to the participant level. *** p < .001. In the "feedback" condition, participants received 
feedback after the first drawing, while in the "control" condition, feedback was only provided after the second drawing, 
meaning the second idea was not influenced by feedback. In both conditions, the first drawing serves as the baseline, with 

the key comparison focusing on the second drawing in each condition. 
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Table S6. 
Estimates of the predictors of originality scores for Linear Mixed Model 1, 2 and 3 in Study 2 

    Model 1   Model 2   Model 3 

Fixed effects   b (SE) p   b (SE) p   b (SE) p 

Intercept   4.49 (0.16) < .001   4.23 (0.16) < .001   3.34 (0.17) < .001 

Condition   0.16 (0.02) < .001   0.10 (0.04) .01   0.12 (0.06) .04 

Response order         -0.18 (0.02) < .001   -0.17 (0.05) < .001 

Response order × Condition       0.41 (0.03) < .001   0.18 (0.08) .02 

Trial order         0.28 (0.02) < .001   0.30 (0.02) < .001 

Trial order × Condition         -0.06 (0.02) <.01   -0.06 (0.02) .01 

Self-ratings               0.12 (0.01) < .001 

Self-ratings × Condition               -0.01 (0.01) .50 

Self-ratings × Condition × 
Response order 

              0.04 (0.01) < .001 

Random effects   σ2 SD   σ2 SD   σ2 SD 

   Participant (intercept)   2.03 1.43   2.08 1.45   2.06 1.44 

   Shape (intercept)   0.16 0.40   0.16 0.40   0.16 0.40 

Model comparison           p     p 

   AIC   340,867     340,256     338,183   

   Δχ2 (df)         618.55 (4) < .001   2081.51(4) < .001 

Model 1. Originality ~ condition + (1 | participant) + (1 | shape) 
Model 2. Originality ~ condition + response order + trial order + condition:response order + condition:trial order + (1 | 
participant) + (1 | shape) 

Model 3. Originality ~ condition + response order + trial order + self-ratings + condition:response order + condition:trial 
order + condition:self-ratings + (1 | participant) + (1 | shape) 
Notes. Significant fixed effects are in bold. Condition is a two-level categorical variable with “control” as the reference 

category. Response order is a two-level categorical variable with “first drawing” as the reference category. Results for 
fixed effects are presented as regression coefficients (b) with standard errors (SE) in parentheses. χ2 indicates chi-
square statistic of the likelihood ratio test. σ2 indicates the variance estimate of the random intercept. AIC indicates 

Akaike’s Information Criterion. 
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Table S7. 
Estimates of the multilevel mediation model in Study 2 

Effect b 95% CI p 

Self-rating [2nd] ~ Condition (a path) -0.14 [-0.22, -0.06] < .001 

  (Self-rating [2nd] ~ Self-rating [1st]) 0.43 [0.42, 0.45] < .001 

Originality [2nd] ~ Condition (c path) 0.54 [0.48, 0.60] < .001 

Originality [2nd] ~ Self-rating [2nd] (b path) 0.14 [0.13, 0.15] < .001 

  (Originality [2nd] ~ Originality [1st]) 0.48 [0.47, 0.50] < .001 

Indirect effect (Condition - Self-rating [2nd] - Originality [2nd]) -0.02 [-0.03, -0.01] < .001 

Notes. Significant fixed effects are in bold. [1st] and [2nd] indicate the first and second drawings, respectively. Results are 
presented as regression coefficients (b). 
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Table S8. 
(Preregistered analysis) Estimates of the predictors of accuracy scores for Generalized Linear 
Mixed Model 1 and 2 in Study 1 

    Model 1   Model 2   

Fixed effects   b (SE) p   b (SE) p   

Intercept   0.22 (0.01) < .001   0.22 (0.01) < .001   

Condition (intermediate)   0.01 (0.01) .52   0.03 (0.02) .06   

   (feedback)   0.04 (0.01) < .001   0.05 (0.02) < .01   

Response order         0.00 (0.01) .53   

Response order × Condition (intermediate)       0.00 (0.01) .68   

   (feedback)         0.00 (0.01) .30   

Trial order         0.00 (0.01) .56   

Trial order × Condition (intermediate)         -0.01 (0.01) < .01   

   (feedback)         0.00 (0.01) .92   

Random effects   σ2 SD   σ2 SD   

   Participant (intercept)   0.01 0.11   0.01 0.12   

   Problem (intercept)   0.00 0.01   0.00 0.01   

Model comparison           p   

   AIC   37,024     37,019     

   Δχ2 (df)         17.22 (6) < .001   

Model 1. Accuracy ~ condition + (1 | participant) + (1 | problem) 

Model 2. Accuracy ~ condition + response order + trial order + condition:response order + condition:trial order + (1 | 
participant) + (1 | problem) 
Notes. GLMM generated using a gamma distribution. Significant fixed effects are in bold. Condition is a three-level 

categorical variable with “control” as the reference category. Results for fixed effects are presented as regression 
coefficients (b) with standard errors (SE) in parentheses. Χ2 indicates chi-square statistic of the likelihood ratio test. σ2 

indicates the variance estimate of the random intercept. AIC indicates Akaike’s Information Criterion. 
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Table S9. 
(Preregistered analysis) Estimates of the predictors of accuracy scores for Generalized Linear 
Mixed Model 1 and 2 in Study 2 

    Model 1   Model 2   

Fixed effects   b (SE) p   b (SE) p   

Intercept   0.05 (0.00) < .001   0.05 (0.00) < .001   

Condition   0.002 (0.00) < .001   -0.003 (0.00) .09   

Response order         -0.001 (0.00) <.01   

Response order × Condition       0.003 (0.00) < .001   

Trial order         0.004 (0.00) < .01   

Trial order × Condition         0.00 (0.00) .50   

Random effects   σ2 SD   σ2 SD   

   Participant (intercept)   0.00 0.00   0.00 0.00   

   Shape (intercept)   0.00 0.00   0.00 0.00   

Model comparison           p   

   AIC   579,450     579,283     

   Δχ2 (df)         175.55 (4) < .001   

Model 1. Accuracy ~ condition + (1 | participant) + (1 | shape) 
Model 2. Accuracy ~ condition + response order + trial order + condition:response order + condition:trial order + (1 | 

participant) + (1 | shape) 
Notes. GLMM generated using a gamma distribution. Significant fixed effects are in bold. Condition is a two-level 
categorical variable with “control” as the reference category. Response order is a two-level categorical variable with 

“first drawing” as the reference category. Results for fixed effects are presented as regression coefficients (b) with 
standard errors (SE) in parentheses. χ2 indicates chi-square statistic of the likelihood ratio test. σ2 indicates the variance 
estimate of the random intercept. AIC indicates Akaike’s Information Criterion. 
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