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Abstract15

Rapid advances in generative AI are giving rise to hybrid societies in which humans and16

machines are deeply interconnected. However, understanding how human-AI interactions17

shape collective outcomes such as intelligence and creativity remains a challenge. We18

conducted large-scale social network experiments with 1,363 human participants and 7,86519

AI bots, where agents iteratively selected, modified, and transmitted stories from their20

neighbours in the network. We compared networks composed exclusively of humans, AI21

agents, and hybrid human–AI populations. Results show that AI-only networks initially22

achieved high creativity and collective diversity but exhibited a pronounced decline in23

diversity over time. In contrast, hybrid human–AI networks consistently achieved a24

balance, combining high creativity with the highest levels of collective diversity across25

iterations. Importantly, humans embedded in hybrid networks became substantially more26

diverse than when interacting exclusively with other humans, providing empirical evidence27

that AI influences creativity not only through direct dyadic exchanges but also via28

emergent network-level processes. Semantic analyses indicate that hybrid networks succeed29

by balancing human tendency to preserve semantics with the introduction of novel ideas by30

AI agents. Moreover, partial benefits emerged when different AI models (e.g., GPT and31

Claude) were combined within the same network, even though each model was limited on32

its own. Overall, our results show that human–AI misalignment—often viewed as a33

limitation—can instead be a productive feature of hybrid societies, enhancing individual34

creativity while preserving collective diversity in hybrid systems.35

Keywords: Human-AI Interaction, Collective Intelligence, Collective Creativity,36

Social Networks, Large Language Models37
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Hybrid Human–AI Societies Balance Creativity and Diversity38

Introduction39

Generative AI has become deeply embedded in modern society. Conversational40

agents mediate everyday communication and workplace tasks, multimodal models generate41

high-quality prose and images on demand, and recommender systems increasingly shape42

our exposure to culture and news (Brynjolfsson et al., 2025; Shi & Sun, 2024). As a result,43

society is evolving into a complex hybrid social system in which beliefs, ideas, and cultural44

artefacts emerge through continuous interaction between humans and machines45

(Brinkmann et al., 2023; Tsvetkova et al., 2024). However, understanding how human-AI46

interactions give rise to collective outcomes such as intelligence and creativity remains a47

major challenge (Sucholutsky et al., 2025).48

As generative AI rapidly enters mainstream use, its effects on individual cognition49

and creativity have become an increasingly active area of study (Capraro et al., 2024).50

Across experimental and real-world settings, AI assistance has been shown to increase51

productivity of workers and the quality of the work they do in domains such as writing,52

programming, and design (Boussioux et al., 2024; Mirowski et al., 2023; Noy & Zhang,53

2023; Peng et al., 2023). Beyond performance gains, interaction with AI can enhance54

individual creativity by increasing the efficiency and novelty of idea generation (Doshi &55

Hauser, 2024; Eisenmann et al., 2025; Lee & Chung, 2024) and supporting creative56

problem-solving, often encouraging shifts toward higher-level oversight and new learning57

strategies (Hou et al., 2025; Lee, Sarkar, et al., 2025). At the same time, this literature58

highlights an important trade-off. While AI assistance can enhance individual productivity59

and creativity, it may also reduce global diversity and narrow creative search spaces,60

leading to homogenization in cultural and creative outputs (Doshi & Hauser, 2024; Meincke61

et al., 2025). This is particularly important in human groups and societies, where the value62

of creativity and innovation depends on the sustained diversity of ideas rather than63

multiple voices repeating similar thoughts. Understanding the societal impact of generative64
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AI therefore requires moving beyond the individual level to examine collective dynamics in65

large-scale social systems (Burton et al., 2024; Tsvetkova et al., 2024).66

In this paper, we focus on collective creativity, a form of collective intelligence that67

operates in creative domains (Centola, 2022; Flack et al., 2022; Galton, 1907; Hertwig,68

2012; Malone & Bernstein, 2022; Prelec et al., 2017). Collective creativity underpins69

cultural evolution and many of humanity’s most significant achievements in music, art,70

technology, and science (Acar et al., 2024; Henrich, 2015; Hochberg et al., 2017;71

Muthukrishna & Henrich, 2016; Sawyer, 2017; Tomasello, 2014). In this paper, we72

operationalize collective creativity as the emergence of creative outcomes from structured73

interactions among multiple agents, such that these outcomes depend on how agents are74

connected and interact in networks, rather than on isolated individuals. While historical75

and modern accounts of creativity have often focused on individual genius, most creative76

and innovative achievements take place at the level of collectives, such as teams, crowds,77

organizations, and even societies.78

Collective creativity manifests at multiple scales. At the micro-level, it emerges79

within small groups who jointly create, adapt, and develop original ideas through sustained80

interaction (Kallas, 2013; Laroche et al., 2024; Sawyer, 2017; Seo et al., 2020). A long81

tradition in psychology and organizational research shows that group creativity depends on82

group diversity (e.g., demographic and cultural differences) and the distribution of83

individual expertise (e.g., Bang & Frith, 2017; Harrison et al., 2002; Hong & Page, 2004;84

Mohammed & Angell, 2004; Page, 2008). At the macro-level, collective creativity arises85

when large populations independently or loosely coordinate around shared creative86

problems. Here, solutions emerge from the aggregation, selection, and recombination of87

many individual contributions (Balietti et al., 2016; Centola, 2022; Malone & Bernstein,88

2022; Thompson et al., 2022). For example, in large-scale digital platforms and online89

communities that collaboratively generate, modify, and refine creative outputs, such as90

open-source software development and large-scale artistic collaboration (Hippel & Krogh,91



HUMAN–AI POPULATIONS BALANCE CREATIVITY AND DIVERSITY 5

2003; Literat, 2012; Yu et al., 2012).92

Generative AI is likely to fundamentally reshape collective creativity across all these93

scales by transforming how information is produced, accessed, evaluated, and transmitted94

(Brinkmann et al., 2023; Burton et al., 2024; Epstein, Hertzmann, of Human Creativity,95

et al., 2023; Grilli & Pedota, 2024; Rafner et al., 2023). Chatbots and large language96

models (LLMs) increasingly act as intermediaries within groups and organisations,97

influencing human behaviour in complex and often nonlinear ways through both direct98

interaction and indirect exposure to AI-generated content (Tsvetkova et al., 2024). As a99

result, generative AI may not simply augment individual creativity, but reconfigure the100

dynamics of collective creativity at the level of groups, networks, institutions, and societies.101

Creativity is typically assessed along two core dimensions: novelty and usefulness102

(Amabile, 1982; Kaufman & Sternberg, 2010). Novelty captures the extent to which an103

idea deviates from existing conventions or expectations, while usefulness reflects the idea’s104

practicality, coherence, or relevance, such as whether a short story could plausibly be105

published as a book. Research has long examined creativity at the level of the individual,106

for example emphasizing associative mechanisms in memory whereby creative ideas emerge107

from forming connections between previously unrelated concepts (Beaty & Kenett, 2023;108

Benedek et al., 2023). However, creativity can also be assessed at the collective level, where109

it reflects the diversity of outputs produced by a group or system (Doshi & Hauser, 2024;110

Maher, 2012; Parjanen, 2012; SonicRim, 2001). From this perspective, a creative society is111

not just one that generates isolated novel and useful ideas, but one that sustains a broad112

range of distinct, meaningful outcomes over time. However, studying such processes at the113

collective level is difficult because they are normally hidden or very hard to infer from114

observational data alone (Sucholutsky et al., 2025).115

Recent advances in computational and experimental techniques provide new116

opportunities to study human collective behaviour, each with strengths and limitations.117

Observational studies enable large-scale analysis of real-world behavior in digital platforms118
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and social netowrks, but cannot directly test causal mechanisms (Fortunato et al., 2018;119

Gomez-Rodriguez et al., 2012; Lee, Jacoby, et al., 2025; Murthy, 2024). Laboratory studies120

of social networks with human participants provide controlled environments for testing the121

causal impact of specific mechanisms, but they focus exclusively on human groups (Balietti122

et al., 2016; Centola, 2010, 2022; Centola & Baronchelli, 2015; Derex & Boyd, 2015; Derex123

et al., 2013; Hawkins et al., 2019; Kirby et al., 2008; Raviv et al., 2019; Salganik et al.,124

2006; Thompson et al., 2022). Agent-based modeling allows high levels of control and125

scalability, but depends on strong assumptions that may diverge substantially from how126

humans and LLMs behave (Centola & Macy, 2007; Gupta et al., 2025; Jackson et al.,127

2017). More recently, a growing literature examines social networks composed entirely of128

AI agents, often based on LLMs. This includes work on agentic AI systems (Li et al., 2023;129

Wang et al., 2024), large-scale simulations of human behaviour for social science130

applications (Park et al., 2024; Tessler et al., 2024; Ziems et al., 2024), and studies131

simulating the evolution of AI-collective behavior (Acerbi & Stubbersfield, 2023;132

Brinkmann et al., 2023; Perez et al., 2024); but this research so far has only focused on AI133

populations. Consequently, we currently lack experimental frameworks capable of134

capturing emergent collective dynamics in hybrid societies composed of interacting humans135

and AI agents (Sucholutsky et al., 2025; Tsvetkova et al., 2024).136

Here, we conducted a large-scale study of social networks involving human137

participants and AI agents to examine how human–AI interactions shape collective138

creativity. Building on recent advances that allow large-scale social network experiments139

online with real human participants (Marjieh et al., 2025), we recruited large numbers of140

participants online and organized them into evolving societies – 5×5 grid networks – facing141

a common creative problem (see Figure 1). In each “generation” of the experiment,142

participants (either human or AI) selected and modified short stories created by their143

network neighbours and shared their new versions with the next generation (Figure 1A).144

We repeated the same experiments in networks consisting of only humans, only AI agents,145
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and hybrid human–AI populations (Figure 1B). We used GPT-4o (Hurst et al., 2024) as146

the AI agent for our main analysis due to its prevalence at the time of testing, however, we147

also considered other models (see Methods). Over time, distinctive features of the148

collective outputs such as appeal, novelty, and diversity emerged and evolved, allowing us149

to establish causal links between network composition and the emergence of collective150

creativity. The quality of the creations that evolved were evaluated using a combination of151

computational measures and large-scale online validation studies with independent human152

raters (Figure 1C; see Figure 1D for example of selected stories in each condition). We153

additionally conducted a series of control experiments examining parameters such as model154

temperature and model type, comparing systems based on different model providers such155

as Anthropic1 and OpenAI2. Finally, we compared a hybrid society composed of multiple156

AI agent types to societies that combined humans and AI agents.157

Our approach is novel in that it (i) directly tests the conditions under which158

human–AI interactions become effective in collectives, and (ii) characterizes the interaction159

dynamics through which diversity and creativity emerge and change over time. The central160

innovation lies in embedding both human participants and AI models within an161

experimental social network, thereby extending prior work on human–AI interaction (e.g.,162

Doshi & Hauser, 2024) to the collective scale. This approach allows us to address163

fundamental questions that have thus far been difficult to test empirically: When and why164

do hybrid human–AI collectives outperform homogeneous populations of humans or AI165

agents alone? What mechanisms within hybrid populations enable high creativity while166

preserving collective diversity? How does the presence of AI alter human behaviour? Can167

we recreate some of the benefits of hybrid societies using heterogeneous populations of AI168

systems alone? More broadly, this study highlights the potential of real-world experiments169

employing ecologically valid, open-ended tasks as a powerful paradigm for investigating170

1 https://www.anthropic.com/
2 https://openai.com/

https://www.anthropic.com/
https://openai.com/
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human–AI collective intelligence and creativity.171
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Figure 1
Experimental framework for studying collective creativity in social networks. A
Participants join social networks and engage in a creative writing task. Each participant is
assigned to a node in the network and sees stories associated with that node and the nodes
of their neighbours. They choose their favorite story then modify that story to improve it,
with the modified story residing in their node for the next generation. (Experiment 1:
N = 879 human participants). B We study three network configurations: human-only ,
AI-only, and human-AI. C The creativity of stories is assessed by a separate group of
human participants (Experiment 2: N = 106 human raters; Experiment 3: N = 378). D
Examples of the stories from Human, Human-AI and population, with some
semantic-thematic shifts highlighted.
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Results172

Human–AI Populations Balance Creativity and Diversity173

We begin by examining the population dynamics of the generated stories across the174

three experimental conditions (Experiment 1: N = 879): AI-only, human-only, and hybrid175

human-AI populations. In all conditions, the 25 network nodes were initialized with 25176

distinct but closely related variations of a single seed story, so that the network began with177

high but imperfect similarity (see Methods). Those stories were then modified by the178

population as illustrated in Figure 1. Detailed information about all experiments and179

participants is provided in the Supplementary Materials (see Table A1 and A2; see180

Methods for full details of the statistical analyses).181

Figure 2A shows the mean creativity ratings for all stories in each condition over182

iterations (as evaluated by an independent group of human raters; Experiment 2:183

N = 106). Stories in the AI-only condition exhibited the highest creativity ratings from the184

start and remained highest throughout the experiment (iterations 1-5: M = 3.30,185

SD = 1.05, 95% CI = [3.12, 3.48]; iterations 21-25: M = 3.78, SD = 0.99,186

95% CI = [3.59, 3.94]), significantly increasing over iterations (p < 0.001, Cohen’s d = 0.46)187

and outperforming both conditions in the last five iterations, including Human-only188

(p < 0.001, Cohen’s d = 1.21) and Human-AI populations (p < 0.001, Cohen’s d = 0.52).189

In contrast, the Human-only condition showed the lowest creativity ratings initially and190

remained low by the final iterations (iterations 1-5: M = 2.55, SD = 1.19,191

CI = [2.35, 2.77]; iterations 21-25: M = 2.43, SD = 1.21, CI = [2.22, 2.64]), with no192

signifcant improvement (p = 0.79, Cohen’s d = −0.10). Interestingly, the Human-AI hybrid193

condition began at a level of creativity similar to Human-only (iterations 1-5: M = 2.85,194

SD = 1.14, CI = [2.66, 3.02]; iterations 21-25: M = 3.24, SD = 1.09, CI = [3.04, 3.42]),195

but increased significantly over iterations (p = 0.004, Cohen’s d = 0.35).196

Subjective ratings of creativity are a useful measure of how individual stories are197

perceived. However, creativity can also emerge at the collective level, reflecting the198
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Figure 2
Human–AI populations achieve a balance between creativity and diversity. A Mean
creativity ratings of stories over time, as evaluated by human participants. Shaded areas
represent 95% bootstrap confidence intervals. The horizontal axis represents the 25
iterations, grouped into five sets of five iterations each. B Diversity of stories (inverse
similarity; see Methods) over time. C Results of additional validation study (N = 378)
assessing all stories in the last 5 iterations using nine adjectives (Experiment 3; See
Figures B2 to B3 for detailed results including ratings on individual adjectives and their
evolution across all iterations; see Methods for all experiment details). Error bars and
shaded areas indicate 95% bootstrap confidence intervals. ∗, ∗∗, ∗ ∗ ∗ indicate
p < 0.05, 0.01, 0.001 obtained using a mixed effect model (see Methods).

diversity and distinctiveness of outputs within a population (Doshi & Hauser, 2024). To199

capture this, we examined the collective diversity of the generated stories, which indicates200

how semantically similar stories were within each iteration (computed using pairwise cosine201

similarity; see Methods). Figure 2B shows the evolution of collective diversity, revealing an202

intriguing pattern. In the AI-only condition, stories initially exhibited the highest levels of203

both creativity and diversity (iterations 1–5: M = 0.91, SD = 0.07, CI = [0.89, 0.91]), but204

collective diversity declined significantly over time, resulting in substantially more205

homogeneous outputs by the final iterations (iterations 21–25: M = 0.87, SD = 0.07,206

CI = [0.86, 0.87]; decline: p < 0.001, Cohen’s d = −0.51). In contrast, the Human-only207

condition showed a moderate but significant increase in collective diversity across iterations208

(iterations 1–5: M = 0.80, SD = 0.08, CI = [0.78, 0.81]; iterations 21–25: M = 0.84,209

SD = 0.09, CI = [0.83, 0.85]; increase: p < 0.001, Cohen’s d = 0.58). The Human–AI210

condition similarly exhibited a significant increase in diversity over time (iterations 1–5:211

M = 0.88, SD = 0.08, CI = [0.86, 0.88]; iterations 21–25: M = 0.91, SD = 0.06,212
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CI = [0.90, 0.91]; increase: p < 0.001, Cohen’s d = 0.62), ultimately achieving the highest213

overall diversity in the final iterations, significantly larger than AI only (p < 0.001, Cohen’s214

d = 0.59) and human only (p < 0.001, Cohen’s d = 0.92) conditions.215

These results reveal a dissociation between individual-level creativity and collective216

diversity. Although AI-only populations consistently achieve higher creativity scores as217

judged by human raters, they converge on increasingly homogeneous solutions over time.218

In contrast, Human-only populations produce less creative individual stories but improve219

in collective diversity over time. Crucially, hybrid Human–AI populations combine the220

strengths of both populations, sustaining high individual creativity while also increasing221

collective diversity.222

To assess the degree of alignment between human and AI evaluations, we223

re-evaluated all stories using GPT-based ratings (see Supplementary Figure B1 for the224

results). The human and AI ratings were only modestly correlated (r = 0.42, p < 0.001)225

and overall, AI assigned higher creativity scores than human evaluators across all story226

types (score difference ∆ = 0.56, CI = [0.51, 0.61]), reflecting a generally more positive227

evaluation tendency. However, GPT models systematically rate their own outputs, and the228

magnitude of improvement in those outputs, more favorably than human judges do229

(M = 3.56, CI = [3.52, 3.60]). Specifically, the relative increase in GPT ratings is largest230

for AI-authored stories (∆ = 0.78, 95% CI = [0.69, 0.86]), followed by hybrid human–AI231

stories (∆ = 0.58, 95% CI = [0.50, 0.67]), and smallest for human-authored stories232

(∆ = 0.31, 95% CI = [0.21, 0.41]). These findings show that AI systems assign233

disproportionately higher ratings to their own creations than human judges do, suggesting234

that AI models may evaluate creativity partly based on similarity to the statistical235

patterns underlying their own outputs.236

To better understand the perceived qualities underlying the generated stories, we237

further assessed them in a new validation experiment, where a separate group of human238

raters evaluated all stories using nine descriptive adjectives (Experiment 3: N = 378; see239
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Methods). These adjectives can be grouped into three categories: Novelty (Novel, Original,240

Surprising), Appropriateness (Appropriate, Feasible, Publishable), and Aesthetic Appeal241

(Liking, Meaningful, Interesting). Prior research has shown that multidimensional242

evaluations using such trait descriptors can capture distinct aspects of creative output243

beyond a single global creativity rating (Amabile, 1982; Doshi & Hauser, 2024; Kaufman &244

Sternberg, 2010). Results are shown in Figure 2C. AI-only populations received245

significantly higher Novelty scores than human-only populations (p = 0.02, Cohen’s246

d = 0.30), while hybrid human–AI populations scored significantly higher on247

Appropriateness than the AI-only condition (p = 0.02, Cohen’s d = 0.33). Aesthetic248

Appeal did not differ significantly across conditions. Together, these findings suggest that249

AI systems preferentially amplify novelty, whereas hybrid populations enhance250

appropriateness, consistent with the interpretation that combining human and AI agents251

balances diversity and creativity.252

We also asked participants to judge whether they thought stories were AI-generated.253

As expected, AI-only stories were perceived as the least human-like: raters most strongly254

identified AI-only stories as AI-generated, followed by human–AI stories, and then255

human-only stories, with all pairwise comparisons significant (AI only vs. hybrid:256

p = 0.007, Cohen’s d = 0.43; AI only vs. humans only: p < 0.001, Cohen’s d = 0.88;257

Hybrid vs. humans-only: p = 0.048, Cohen’s d = 0.42). More detailed analyses, including258

ratings of individual adjectives and their trends across iterations, are shown in259

Supplementary Figures B2 and B3.260

Humans change their behaviour in response to AI interactions261

Previous theoretical work suggests that human behaviour may change in the262

presence of AI, both directly, through interaction with AI systems, and indirectly, through263

exposure to AI-generated content. Importantly, such effects may amplify the societal264

impact of AI beyond its direct outputs by reshaping human behaviour itself (Tsvetkova265

et al., 2024). To test this prediction, we decomposed behaviour within the Hybrid266
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Figure 3
Impact of AI on humans in hybrid societies. Splitting human and AI stories within the
human-AI hybrid condition for A Creativity, and B Diversity. Dashed lines correspond the
original aggregated results presented in Figure 2. Shaded areas represent one standard
deviation.

Human–AI condition by analysing human and AI agents separately, and compared their267

behaviour to the corresponding agents in the Human-only and AI-only conditions. If268

humans are influenced by AI-generated content, we should expect systematic differences in269

human behaviour in the Hybrid condition compared to the Human-only condition.270

Conversely, if AI behaviour is shaped by exposure to human-generated content, AI agents271

in the Hybrid condition should differ from those operating in the AI-only condition.272

Figure 3 shows the results of perceived creativity and collective diversity separately273

for AI agents and human participants within the Hybrid Human–AI condition. In terms of274

creativity, AI stories within the hybrid condition substantially outperformed human stories275

throughout and in the final iterations (iterations 21–25: human trials: M = 2.55,276

SD = 1.08; AI trials: M = 3.68, SD = 0.84; mean difference = −1.13, CI = [−1.48, −0.78],277

p < 0.001, Cohen’s d = −1.21), indicating that the creativity advantage of AI persists even278

when humans and AI coexist in the same condition. However, a different pattern emerged279

when examining collective diversity restricted to human responses only within the hybrid280

condition. Initially, humans in the hybrid condition exhibited low collective diversity281

comparable to the Human-only condition (iterations 1–5: M = 0.80, SD = 0.01). However,282

as humans increasingly interacted with AI-generated stories over time, their collective283
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diversity increased substantially (iterations 21–25: M = 0.88, SD = 0.01; gain = 0.09,284

CI = [0.06, 0.12], p < 0.001, Cohen’s d = 1.00), ultimately signficantly exceeding the285

diversity observed in the Human-only condition (p < 0.001, d = 0.82). Interestingly, the286

diversity of AI-generated stories showed a decline in the AI-only condition (iterations 1–5:287

M = 0.91, SD = 0.06; iterations 21–25: M = 0.87, SD = 0.07), but this decline was288

smaller when AI agents interacted with humans within a hybrid population (hybrid AI:289

iterations 1–5: M = 0.89, SD = 0.07; iterations 21–25: M = 0.89, SD = 0.06).290

Overall, these results suggest that hybrid societies induce reciprocal behavioral291

changes: while AI systems retain an individual-level creativity advantage, human292

participants become increasingly diverse in their creative outputs, and AI systems maintain293

greater collective diversity when embedded within human social contexts.294

Semantic Differences Between Human and AI Creative Productions295

Our results show that hybrid human–AI populations achieved better balance296

between creativity and diversity compared to AI-only and Human-only populations. This297

pattern raises the question of what features of hybrid productions underlie this balance. In298

particular, in what ways stories generated by human, AI-only, and hybrid populations299

differ in their semantic structure.300

Qualitative analysis of the stories generated reveal clear differences across conditions301

(see Figure 1D for example stories from the three conditions alongside the original seed302

story). The human-only story remains closely connected to the original narrative,303

preserving both the protagonist John and the theme of the missing key. In the human–AI304

story, there is a pronounced style shift, but the protagonist John is retained and the cat305

named “Whiskers” is introduced. In contrast, the AI-only story completely abandons the306

original protagonist; elements from the original story are transformed such that “Whiskers”307

becomes a dancing entity, and the narrative shifts toward cosmic imagery, including black308

holes, the universe, celestial ballet, and dreams. All stories generated in the study are309

available in the OSF repository associated with this paper (see Data and Code Avilability310
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in Methods).311

To analyze this quantitatively, we constructed a semantic space encompassing all312

generated stories by embedding them with a state-of-the-art pre-trained transformer model313

(Wang et al., 2020; see Methods). We then projected the resulting high-dimensional314

representations into two dimensions using the UMAP algorithm (McInnes et al., 2018; see315

Methods). In this space, each point represents a single story, and distances between points316

reflect semantic similarity in the original embedding space. Figure 4A shows the resulting317

semantic space coloured by experimental condition. In this space, the human-only and318

AI-only chains occupy largely opposing regions, exhibiting minimal overlap. By contrast,319

the hybrid human–AI chains span a broader area that interpolates between both extremes,320

overlapping substantially with the human-only and AI-only distributions.321

To further examine semantic differences, Figure 4B shows the same space coloured322

according to a clustering solution identifying four thematic clusters (see Methods).323

Figure 4C shows the average creativity ratings for each cluster, and Figure 4D the most324

frequent and distinctive keywords associated with each cluster, extracted using tf-idf (term325

frequency–inverse document frequency) and visualised as word clouds (see Methods).326

Overall, we can see that the clusters span a continuum ranging from themes closely aligned327

with the original seed narrative (clusters 1–2) to more novel adventure- and space-related328

themes (clusters 3–4). As a result, clusters aligned with the seed story received lower329

creativity ratings (cluster 1: M = 2.38, CI = [2.24, 2.52]; cluster 2: M = 2.53,330

CI = [2.42, 2.64]), whereas the more semantically distant clusters were judged as331

significantly more creative by independent raters (cluster 3: M = 3.23, CI = [3.13, 3.33];332

cluster 4: M = 3.42, CI = [3.34, 3.51]; Figure 4D).333

The nature and distribution of clusters reveal important differences in narrative334

themes and concepts across conditions. In clusters largely comprised by human-only stories335

(cluster 1: 99.3 %, CI = [98.3, 100]; cluster 2: 74.3 %, CI = [70.2, 78.1]), semantic content336

remained closely connected to the original narrative, preserving both the protagonist John337
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Figure 4
Semantic differences between human and AI creative productions. A UMAP projection of
the shared semantic embedding space reveals clear separation between human- and
AI-generated stories, with human–AI hybrid stories occupying an intermediate region
between the two clusters (see Methods). B Clustering solution for the semantic space of
stories. Black stars shows the location of the original seed stories. C Average creativity
scores (as rated by humans) per cluster. Error bars indicate 95% bootstrap confidence
intervals. D Word cloud representation of each cluster. E Cluster population proportion
over time. F An example of spatial distribution of clusters over iterations for the three
conditions.

and the theme of the missing key. In clusters largely comprised by stories in the AI-only338

experimental condition (cluster 4: 61.8 %,CI = [58.1, 65.4]), stories completely abandoned339

the original protagonist. Cluster 3, which was dominated by human-AI stories (54.2340
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percent, CI = [49.7, 58.7]) occupies an intermediate position: some AI-generated stories341

retained the protagonist, but increasingly emphasized the term whiskers, derived from the342

original cat element, which was subsequently generalized into alternative narrative343

contexts. This results suggest human and AI use different type of semantics in their stories.344

Tracking the relative prevalence of thematic clusters over time and across the345

network (Figure 4E–F) reveals distinct population-level dynamics. In the human-only346

condition, the population is consistently dominated by less creative clusters that remain347

close to the original seed story, reflecting strong preferences for narrative continuity at the348

expense of novel content. In contrast, the AI-only population is initially dominated by349

cluster 3 but progressively departs from it, ultimately converging on the most semantically350

distant, space-related cluster 4. This cluster is rated as the most creative by independent351

raters (Figure 4C), suggesting strong convergence toward an optimised but potentially,352

thematically narrow solution. Finally, in the hybrid human–AI condition,353

cluster 3—representing an intermediate position between human-driven continuity and354

AI-driven novelty—decays more slowly than in the AI-only condition. This suggests that355

the hybrid system sustains an intermediate semantic solution for longer, balancing356

originality and coherence, supporting the previous results (Figure 2A-B). However,357

eventually the novel creative theme by AI (cluster 4) takes over in both AI and human AI358

conditions, potentially becuase of its high value. Supplementary Figure B5 presents a359

parallel analysis based directly on tf–idf term weights, without relying on clustering, and360

reveals qualitatively similar dynamics.361

Robustness of Results under Temperature, Model, and Prompt Manipulations362

Since AI-generated outputs can be sensitive to model-specific parameters and363

prompting choices, it is important to assess whether these effects reflect general properties364

of human–AI interaction rather than the idiosyncrasies of a particular model configuration.365

We therefore conducted a series of control analyses varying the temperature parameter (see366

below), the underlying AI model, and the prompt, to test the robustness of the observed367
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Figure 5
Controlling for the effect of temperature on the dynamics of creativity and diversity in
AI-only populations. We considered high (1.1, 1.4, 1.7; panels A,B) and low (0.1, 0.4, 0.7;
panels C,D) temperature regimes (temperature values range between 0 − 2). Dashed lines
correspond to results using the default temperature parameter of 1 (the results presented in
Figure 2). Shaded areas represent one standard deviation.

patterns.368

First, the temperature parameter controls the stochasticity of the AI model’s text369

generation, ranging from 0 (deterministic output) to 2 (high randomness), with 1 as the370

default value. Because higher temperatures allow for greater variation in generated371

content, we tested whether adjusting this parameter could modulate the diversity (and372

potentially the creativity) of the resulting stories. The results are shown in Figure 5. For373

high temperature values (1.1, 1.4, 1.7; Figure 5A-B), the diversity of the AI-only population374

remains the highest (iterations 21-25: Mean score for GPT temperture 1.1: M = 0.87,375

SD = 0.04; GPT temperature 1.4: M = 0.95, SD = 0.03; GPT temperature 1.7:376

M = 0.99, SD = 0.01). However, this enhanced diversity comes at the cost of significantly377
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lower creativity scores (iterations 21-25: Mean score GPT temperature 1.1: M = 3.72,378

SD = 0.83; GPT temperture=1.4: M = 2.63, SD=1.31; GPT temperture=1.7: M = 1.29,379

SD = 0.76). Looking at stories generated with different temperature values (1.1, 1.4, and380

1.7) reveals that as temperature increases, the generated narratives contain a higher381

proportion of random symbols and semantically unrelated words, resulting in reduced382

coherence and narrative appropriateness (see Supplementary Figure B6 for example stories383

generated at different temperature values). For low temperature values (0.1, 0.4, 0.7;384

Figure 5C-D), the diversity decreases significantly (iterations 21-25: Mean score GPT385

temperature 0.1: M = 0.83, SD = 0.06; GPT temperture 0.4: M = 0.83, SD = 0.06; GPT386

temperature 0.7: M = 0.84, SD = 0.05), whereas the creativity scores remained largely387

unchanged (Mean score GPT 0.1: M = 3.70, SD = 0.88, GPT 0.4: M = 3.65, SD = 0.85,388

GPT 0.7: M = 3.58, SD = 0.85). These results demonstrate that simply changing the389

temperature parameter is not sufficient to improve the balance between creativity and390

diversity, with the default value (1) providing an optimal tradeoff between variability and391

structure (maximizing creative performance without introducing excessive randomness).392

Second, we assessed the robustness of our findings to additional experimental393

manipulations. In particular, we evaluated an alternative model (Claude-3.7-sonnet,394

version:2025-0219) across a range of temperatures (0.1–1.0). As shown in Figure 6A,395

performance for Claude was consistently below that of GPT (dashed line). Moreover,396

Claude exhibited very low diversity (Figure 6B): in many cases, the model generated397

identical stories, and this tendency intensified across iterations, leading to a progressive398

deterioration of the diversity score.399

Third, because prompt engineering is known to influence AI-generated outputs, we400

also tested the sensitivity of our results to changes in the prompt. Specifically, we401

constructed a longer, more detailed prompt that incorporated all instructions provided to402

human participants in the initial explanation pages (see Methods). To assess robustness to403

this manipulation, we ran a version of the experiment in which the full set of human404
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Figure 6
Robustness analyses across models and prompts. A-B Results for an alternative model
(Claude-3.7-sonnet-2025-0219) across temperature values 0.1–1.0 were consistently below
GPT and showed reduced diversity that deteriorated over iterations. C-D Results for
prompt control. Using an extended prompt containing the full human instructions did not
substantially affect creativity in later iterations (21–25) but moderately influenced diversity.

instructions was given to the AI model (Figure 6C). This manipulation did not405

substantially alter creativity scores in iterations 21–25 (M = 3.47, SD = 0.93, ∆ = −0.30,406

p = 0.02), but it did have a moderate effect on diversity relative to the original prompt407

(∆ = 0.01, p < .001).408

The Advantage of Population Diversity409

The control analyses above (Figure 5) indicate that increasing stochasticity within a410

single AI model (by manipulating temperature) is insufficient to reproduce the balance411

between creativity and collective diversity. What, then, underlies the human-AI synergy in412

the hybrid condition? One hypothesis, motivated by our semantic analysis, is that the413

balance is achieved through conceptual diversity in the way human and AI agents apply a414

“creative” edit: humans, on the one hand, seek to maintain core elements of the original415
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Figure 7
Mixed AI models (GPT and Claude). Population creativity and diversity for an additional
pure AI population (Claude) and a mixed GPT-4 and Claude population. Dashed lines
corresponds to previous GPT-4, human, and human-AI conditions.

narrative, whereas the AI agents explore distant but intuitively creative themes. If this is416

indeed the case, then we should be able to achieve a similar outcome by mixing different417

types of AI models in a population. To test this possibility, we extended our analysis by418

introducing a second large language model alongside GPT-4o, namely Claude Version:419

Claude-3.7-sonnet-2025-0219, and examined creative dynamics in mixed-AI populations.420

As shown earlier (Figure 6A), this model alone does not provide substantial improvements421

in either creativity or diversity. This raises the question of whether a hybrid society422

combining Claude and GPT models might outperform each model individually.423

The results for the mixed-AI condition, as well as the AI-only conditions (GPT-4o424

and Claude) are shown in Figure 7. In the Claude-only condition, creativity did not425

improve over time (p = 0.91, Cohen’s d = −0.16), resembling the pattern observed in426

Human-only populations. However, stories in the Claude-only population exhibited a427

drastic decline in collective diversity over iterations (p < 0.001, Cohen’s d = −0.62), in line428

with the decline observed in AI-only condition using GPT bots (see Figure 6B for429

additional temperature controls). In contrast, combining Claude and GPT-4 in a mixed430

population mitigated these limitations. The mixed-AI condition achieved final creativity431
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levels comparable to GPT-4 alone and higher than Claude alone (iterations 21–25:432

M = 3.55, SD = 0.91, CI = [3.39, 3.71]), while also maintaining greater diversity than433

either single AI population (iterations 21–25: M = 0.89, SD = 0.08, CI = [0.88, 0.89];434

mixed vs. Claude: p < 0.001, Cohen’s d = −1.48; mixed vs. GPT-4: p < 0.001, Cohen’s435

d = −0.22). Note that diversity in the mixed-AI condition remained lower than that436

observed in the Human–AI hybrid population (p < 0.001, Cohen’s d = 0.27). Thus,437

population-level diversity arising from a combination of AI models can enhance creative438

performance while preserving diversity, mirroring (but not exceeding) the benefits observed439

in human–AI hybrid populations.440

Discussion441

We investigated how the interaction between humans and AI shapes collective442

creativity within experimental social networks. Using an iterative storytelling paradigm,443

we compared how different population compositions (human-only, AI-only, and hybrid444

human–AI) influence the emergence of creativity and collective diversity over time. This445

approach allowed us to causally test timely questions that were previously difficult to446

address empirically: when and why hybrid human–AI systems outperform homogeneous447

groups of humans or AI agents alone; how diversity and novelty are balanced within448

collectives; and how humans alter their behaviour in the presence of AI-generated content.449

Our results reveal that hybrid human–AI populations consistently achieved a450

balance combining relatively high creativity with the highest levels of collective diversity451

across iterations (Figure 2). In contrast, AI-only populations initially reached high levels of452

creativity and diversity but exhibited a pronounced and systematic decline in diversity over453

time. Human-only populations, on the other hand, performed worst overall, showing the454

lowest levels of both creativity and diversity. These patterns were consistent across455

different dimensions of creativity, including novelty and appropriateness, and were robust456

to manipulations of model temperature (Figure 5), AI models (GPT vs. Claude), and457

prompt framing (Figure 6).458
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Individual and collective creativity459

The decline in diversity observed in AI-only networks is particularly important and460

extends recent findings from studies of human–AI interaction in individual creativity tasks461

(Doshi & Hauser, 2024; Lee & Chung, 2024; Meincke et al., 2025). Although LLMs can462

produce highly novel outputs in isolation, when embedded within iterative social networks463

they tend to converge rapidly toward semantically similar regions of the solution space.464

These results highlight the importance of distinguishing between individual-level and465

collective-level creativity, and provide new empirical evidence for theoretical accounts of466

the dynamics and consequences of human–AI societies (Brinkmann et al., 2023; Tsvetkova467

et al., 2024). A system may appear highly creative when evaluated in isolation, yet fail to468

sustain diversity when placed within a networked, iterative environment. This distinction469

has important implications for how AI creativity is studied, evaluated, and deployed in470

real-world groups and collectives. In our study, integrating humans and AI within the same471

network mitigated this issue. Hybrid populations generated stories that were both creative472

and structurally diverse, maintaining broad semantic coverage with small conceptual473

overlap.474

Mechainsms of collective creativity475

What mechanisms enabled hybrid human–AI populations to achieve this balance476

between creativity and diversity, outperforming both human-only and AI-only groups? The477

validation experiements, combined with computational semantic analyses of the stories478

(Figure 4), suggest that the advantage of hybrid systems emerges from the distinct and479

complementary ways in which humans and AI approached the task. AI agents frequently480

introduced radical semantic shifts, often disregarding core narrative elements in favour of481

novel inventions. In contrast, human participants tended to preserve key story482

components–such as character identities (e.g., maintaining the protagonist, John) and483

central objects (e.g., “keys”)–thereby maintaining narrative continuity and coherence (see484

Supplementary Figure B5). The interaction between these tendencies generated a dynamic485
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balance between stability and novelty. In this sense, hybrid populations appear to resolve a486

classic exploration–exploitation tension: sustaining semantic exploration without collapsing487

into fragmentation, and preserving structure without stagnation (Hart et al., 2018; Hills488

et al., 2015; Lazer & Friedman, 2007; Steele et al., 2021).489

These findings are consistent with classical work on group creativity and collective490

intelligence, which shows that diversity in cognitive strategies, perspectives, and heuristics491

can enhances problem-solving and innovation (Centola, 2022; Page, 2008). They are also492

consistent with experimental work showing that incorporating simple artificial agents into493

social networks can improve collective performance, for example, through “noisy” bots that494

inject stochastic variation (Shirado & Christakis, 2017) or bots that aggregate information495

across network neighbors (Ueshima et al., 2024). Our contribution builds on this literature496

by identifying comparable mechanisms in open-ended, ecologically richer creative settings497

that map onto established forms of human activity (collaborative writing; Akoury et al.,498

2020; Du & Chilton, 2023; Lee et al., 2022; Venkatraman et al., 2025) . More broadly, these499

results offer a more nuanced account of the impact of AI on culture and society. Although500

concerns about homogenization and overreliance on AI are well-founded (Bommasani et al.,501

2022; Chen & Chan, 2024; Epstein, Hertzmann, the Investigators of Human Creativity,502

et al., 2023; Krakowski, 2025; Lindebaum & Fleming, 2024), our findings indicate that,503

when embedded within human collectives, AI can operate as a generative source of504

variation rather than convergence. The cultural consequences of AI thus depend critically505

on how it is integrated into human social systems.506

Humans alter their behaviour in the presence of AI507

Another central question in our study concerns how the presence of AI alters human508

behaviour within social systems. Recent theoretical work (Sucholutsky et al., 2025;509

Tsvetkova et al., 2024) suggests that introducing AI agents into societies may reshape510

human perception, decision-making, and behavioural strategies over time. Empirical511

evidence from real-world domains supports this perspective. For example, studies in chess512
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and Go show that human players adopt strategies originally developed by superhuman AI513

systems (Gaessler & Piezunka, 2023; Shin et al., 2023), leading to lasting shifts in play514

styles and competitive norms. These findings suggest that AI can influence long-term515

human behaviour and cultural practices, even beyond direct human–AI interaction. Our516

results provide clear causal evidence of such effects within controlled social networks. In517

hybrid populations, humans who interacted with AI agents became substantially more518

diverse in their outputs compared to those in human-only networks (Figure 3).519

Interestingly, although this effect was stronger in humans, it also extended to AI agents:520

the decline in diversity observed in AI-only networks was significantly attenuated when AI521

bots were embedded within hybrid populations. Overall, these findings suggest that hybrid522

societies induce reciprocal behavioural changes. Rather than exerting a one-directional523

influence, AI and humans co-shape each other’s behavioural trajectories through sustained524

interactions in social networks.525

Agent diversity and alignment526

Finally, our results suggest that achieving a balance between creativity and527

collective diversity depends on combining agents with distinct generative strategies. We528

therefore asked whether similar benefits could be obtained by combining different artificial529

agents, rather than integrating humans and AI. To test this, we constructed mixed-agent530

societies composed of two distinct LLMs (Claude and GPT). We found that when531

operating in isolation, each model exhibited a marked decline in diversity over time,532

replicating the convergence dynamics observed in AI-only populations. However, when533

embedded within a mixed-LLM network, their collective performance improved534

substantially in terms of diversity (Figure 7). These findings align with recent work535

highlighting the advantages of heterogeneous or mixed AI populations, where combining536

models with different architectures and inductive biases enhances performance (Wang537

et al., 2024). Overall, they suggest that population-level diversity—whether across humans538

and machines or across distinct AI systems—may represent a key design principle for539
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sustaining creativity in hybrid societies. That said, the performance of the mixed-LLM540

population in our study did not reach the levels observed in human–AI hybrid populations,541

suggesting that diversity across model architectures alone may be insufficient to fully542

replicate the stabilising role played by humans.543

Future work should examine this more systematically by manipulating model544

heterogeneity in a controlled manner. For example, models can be trained to emulate545

specific individuals—either by conditioning them on a detailed backstory or by fine-tuning546

them to replicate that person’s performance patterns on particular tasks (Binz et al., 2025;547

Hashemi & Macy, 2025; Kolluri et al., 2025). Importantly, these findings also highlight a548

methodological contribution of our work. While a growing body of research investigates549

collective behavior in social networks composed entirely of AI agents (Fadaei et al., 2026;550

Hashemi & Macy, 2026; Holtz, 2026), our results underscore the importance of551

incorporating real human participants. Human responses are not fully captured by552

simulations of artificial agents alone, and meaningful collective dynamics may therefore be553

missed in AI-only network experiments.554

Recent work in machine learning and cognitive science has emphasized the555

importance of aligning human and AI representations and behavior (Sucholutsky et al.,556

2023). Contemporary models are often explicitly optimized to match human judgments557

and expectations. Our results, however, reveal substantial misalignment. For example,558

correlations between human story ratings and AI evaluations were only moderate559

(r = 0.42, see Figure B1), and the AI relied on semantic, verbal, and narrative strategies560

that diverged markedly from human patterns (Figure 4). Importantly, this divergence was561

not detrimental in our case. When humans and AI systems were combined, hybrid groups562

outperformed single-agent systems (Figure 2), and similar gains could be partially563

reproduced using heterogeneous AI agents alone (Figure 7). These findings suggest that564

misalignment can, in certain contexts, be advantageous: complementary skills and565

behavioral strategies may integrate to yield superior collective performance. Future work566
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should more precisely characterize the functional roles humans and AI can occupy in567

ecologically valid tasks—for example, collaborative code writing (Hu et al., 2026)—and568

determine when alignment versus diversity produces optimal outcomes.569

Limitations and future directions570

Our study aimed to simulate social-naturalistic dynamics within controlled571

experimental societies. However, this approach necessarily departs from the complexity of572

real-world social systems. In our experiments, participants interacted within a bounded573

and relatively short-lived setting, whereas real-world societies involve repeated, long-term574

interactions in which individuals continuously adapt to one another. Another key575

limitation is the static structure of our simulated social network, which used a grid-based576

topology. Real social networks, such as groups of friends or work relationships, tend to have577

a modular structure with irregular patterns and evolving connections, allowing individuals578

to actively shape their interactions by forming and adjusting their social ties rather than579

being confined to static connections (Almaatouq et al., 2020; McPherson et al., 2001).580

Moreover, our paradigm avoids any direct communication between participants and masks581

agent information, such as whether one’s partner is a human or an AI. Prior research582

suggests that the awareness that one is interacting with an AI system may alter individual583

behavior, which in turn could influence collective dynamics (Tsvetkova et al., 2024).584

Importatntly, none of these constraints are inherent to our methodological585

approach. The experimental framework can be extended to incorporate more complex586

network topologies and to isolate specific social mechanisms, such as transmission and587

selection (Marjieh et al., 2025). Our ongoing work builds on these findings by introducing588

explicit social feedback and examining its influence on creativity (Gautheron et al., 2026;589

Tchernichovski et al., 2025; Urano et al., 2024). We are also extending the paradigm to590

tasks with objective evaluation criteria, which permit more precise computational analysis591

(Li et al., 2026), as well as to societally consequential domains such as collaborative coding592

(Hu et al., 2026). These directions will enable a broader understanding of how differing593
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task demands shape the dynamics of collective behavior.594

Anoter important consideration in interpreting our results is the nature of the595

creative task itself. The storytelling task used in this study aligns with those traditionally596

employed in human creativity research (Beaty & Kenett, 2023; Kaufman & Sternberg,597

2010). However, the task proved to be relatively easy for a large language model like GPT,598

which consistently outperformed humans alone both in creativity and diversity. This does599

not necessarily imply that AI is intrinsically more creative than humans; rather, it600

highlights the limitations of using tasks designed for human cognition as benchmarks for601

AI creativity. AI’s advantage may stem from its ability to rapidly generate highly novel yet602

semantically coherent text, a skill optimized by its training on vast datasets (Brinkmann603

et al., 2023; Burton et al., 2024). Conversely, human creativity and creative writing is604

influenced by memory constraints, cognitive biases, and adherence to implicit narrative605

conventions (Hayes, 2012).606

Moving forward, creativity research should move beyond simple tasks that may be607

well-suited for assessing individual human creativity but fall short in evaluating AI608

capabilities or capturing the dynamics of human–AI synergy. For example, using609

multimodal creative tasks that do not only rely on language, such as music creation610

(Anglada-Tort et al., 2023) and drawings (Hart et al., 2017, 2018; Kumar et al., 2024).611

Moreover, future studies should focus on designing complex tasks that challenge both612

humans and AI in meaningful ways, allowing for a more nuanced understanding of613

collective creativity and underlying mechanisms.614

Conclusion615

AI systems are advancing at an unprecedented pace, with new tools rapidly616

developed and deployed across domains of cultural production, communication, and617

decision-making. While these systems are often evaluated for safety and performance at618

the level of individual users, there is little systematic assessment of their impact on619

collective behavior. As a result, society is effectively conducting a large-scale, uncontrolled620
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experiment: tools optimized for individual use are immediately embedded in social systems621

without understanding their emergent collective dynamics. This carries substantial risks,622

including diversity collapse, overstandardization, and human de-skilling. However, our623

findings show that hybrid human–AI systems can also create new opportunities for624

collective performance by sustaining greater creativity while combining complementary625

cognitive strategies from humans and AI in ways that neither achieves alone.626

The experiments presented here represent an initial step toward an experimental627

framework for understanding the mechanisms and consequences of collective behaviour in628

hybrid societies. We show that collective creativity emerges from micro-level interactions629

within social networks that could not be predicted by human or machine behaviour alone.630

This challenges traditional notions of creativity as a property of individual minds and631

instead positions it as an emergent property of interaction dynamics within structured632

collectives. In this way, our work contributes to a deeper understanding of hybrid633

human–AI societies, and provides a foundation for identifying the conditions under which634

collaboration with AI enhances, rather than replaces, human creative potential.635

Methods636

Data and Code Avilability637

All experiment and analysis code, as well as the human and AI data will be avilable638

upon publication.639

Participants640

A total of 1,363 participants took part in the study, with 879 contributing to the641

story writing experiments and 484 to the rating experiments. Demographic information for642

all participant groups is provided in Table A2. All participants were recruited online via643

Prolific3. Eligibility criteria required that participants were based in the UK and identified644

English as their native language. Particiapnts provided informed consent in accordance645

3 www.prolific.com

www.prolific.com
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with the approved ethics protocol (Max Planck Ethics Council #202142), and were646

compensated at a rate of £9 per hour.647

Online Experiment Implementation648

PsyNet649

The behavioural experiments were designed using PsyNet4 (Harrison et al., 2020), a650

framework for complex experiment design that builds on the Dallinger5 platform for651

experiment hosting and deployment. Participants completed the experiments online652

through a web-browser interface which communicates with a Python server that manages653

the timeline of the experiment.654

Recruitment655

Participant recruitment was managed automatically by PsyNet. In the story writing656

experiments, participants (either humans or AI bots) were recruited until the target657

number of chains and the required number of iterations per chain were reached. We ran 25658

chains on a 5×5 square lattice, each evolving for 25 iterations. These parameters were659

determined through extensive piloting, as they were found to provide an optimal balance660

between generating sufficient breadth and depth of creative outcomes and maintaining661

practical experimental costs.662

Network Structure663

In all story-writing experiments, social dynamics evolved on 5×5 square-lattice664

(grid) networks. Each network comprised 25 nodes, with each node storing a single story at665

every iteration. The grid had periodic boundaries so that all nodes have exactly four666

neighbors, and thus is equivalent to a torus (i.e., wrap-around boundary conditions). Edges667

connected horizontally and vertically adjacent nodes, creating a local neighborhood668

structure that constrained which stories could be sampled and rewritten at each trial.669

4 https://www.psynet.dev
5 https://dallinger.readthedocs.io/en/latest/

https://www.psynet.dev
https://dallinger.readthedocs.io/en/latest/
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AI Models670

We used two common large language models (LLMs), namely, GPT-4o (Hurst et al.,671

2024) by OpenAI (Version: September 3, 2024) and Claude6 by Anthropic (Version:672

February 19, 2025). These models were accessed using the official API services provided by673

OpenAI and Antoropic. For a summary of the number of API calls per experiment, see674

Supplementary Table A2. The models interacted with the experiments through a custom675

Bot() abstraction in PsyNet which simulates a participant that progresses through the676

experiment timeline in real-time. The bot completes the different required tasks by677

performing suitable API calls to the specified LLM model. For prompting details, see LLM678

Prompting below.679

Procedure680

Story Writing Task681

Each story writing experiment involved a 5×5 grid network (with periodic682

boundaries so that all nodes have exactly four neighbors). Each node in this network is683

associated with a short story. Initially, all nodes were initialized with 25 distinct seed684

stories. The original seed story was generated using GPT-4o. We then used the same685

model to produce 25 distinct close variations of this story. All stories used in this study are686

available in the OSF repository associated with this project. For illustration, the first seed687

story was:688

“As John reached for his front door, he realized his key was missing. Panic set689

in as he searched his pockets, but the key was nowhere to be found. Feeling690

defeated, he slumped against the door, only to hear a jingle from inside—his cat691

had been playing with the key all along.”692

Upon providing consent, participants were randomly assigned to one location (node) in the693

network. They were then presented with five stories associated with that location and its694

6 https://claude.com/product/overview

https://claude.com/product/overview
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neighbors. Participants were instructed to choose the story that they liked most (“Please695

select your favorite version of the story from the options below.”), and then to modify it696

creatively (“Please creatively elaborate on the story, adding your own details and ideas”).697

Each participant contributed only once to the experiment, and the contributed story698

replaced the previous one in that location, becoming available to other participants. The699

process continued for 25 generations (or iterations), where a generation is completed when700

all nodes are updated once. We considered three experimental conditions: human-only,701

where all nodes were occupied by human participants, (2) AI-only, where all nodes were702

simulated using an LLM, and (3) human-AI, consisting of an equal distribution of human703

participants and LLM agents (50%). To minimize bias, participants were not informed that704

any of the stories may have been generated by AI agents.705

Story Generation706

We first prompted GPT-4o (OpenAI) to generate a small pool of candidate stories707

using the instruction: “Please provide a CSV file with 8 very short stories (4 sentences).”708

From the resulting outputs, we selected one story to serve as the base seed. We then709

prompted the same model with the full text of this selected story and requested: “Create710

25 variations of the story below and output as CSV.” The model returned 25 distinct711

narrative variations, which were used to initialize the 5×5 network (one per node).712

Validation Task713

To evaluate the quality of the produced stories across conditions and iterations, we714

conducted rating experiments by an independent group of human raters. Each participant715

was presented with 20 randomly-selected stories from all experimental conditions and asked716

to rate their fit to a target concept of interest on 5-point scale. The main concept was717

creativity, and the 5-point scale ranged from 1 (not creative at all) to 5 (extremely718

creative) (“Rate the creativity of the story on a scale from 1 (not creative at all) to 5719

(extremely creative)”). As before, participants were not informed whether stories were720

created by humans or AI.721
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In addition to creativity, we conducted two further validation experiments in which722

stories were rated on adjectives grouped into three dimensions: (1) Aesthetic evaluation723

(liking, interesting, and meaningful), (2) Novelty (novel, original, and surprising), and (3)724

Appropriateness (appropriate, feasible, and publishable). These dimensions were selected725

to capture the two core components of creativity typically assessed in the literature:726

novelty and usefulness (Amabile, 1982, 1983; Doshi & Hauser, 2024; Harvey & Berry,727

2023). Novelty reflects the extent to which an idea departs from expectations, capturing728

originality, surprise, and rarity. Usefulness reflects the practicality and relevance of an729

idea—in this context, whether the story is coherent, meaningful, and could plausibly730

become a publishable narrative product if further developed. We also included ratings of731

aesthetic evaluation, as it plays a central role in the experience and evaluation of narrative732

creativity (e.g., stories can be technically sound yet aesthetically unengaging). Finally,733

raters indicated whether they believed each story was generated by a human or an AI734

model. Together, these measures provide a multidimensional evaluation of story quality735

and allow us to compare how creativity unfolds across iterations and across human–AI736

conditions.737

Validation Task with AI Prompting738

We examined whether human and AI evaluators differ in their ratings by739

administering a validation task using the following prompt (“Rate the creativity of the740

story on a scale from 1 (not creative at all) to 5 (extremely creative)”). Ratings produced741

by humans and by the AI were modestly correlated (r = 0.42, p < 0.001).742

Prompt Control Experiment743

To see the robustness of the results to changing the prompt, we created a version of744

the experiment where all the instuctions for humans are provided to the AI (Figure 6).745

This manipulation was designed to test whether variation in the instruction prompt746

influences the LLM’s outputs, and whether our main results remain robust to such747

prompt-level changes. The prompt was in this case:748
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"Welcome to the Story Experiment! - instruction 1749

You will be participating in an experiment with short stories.750

- You will be shown several variations of short stories751

to choose your favorite one.752

- Please select intuitively within approximately 30 seconds.753

754

Story Experiment - instruction 2755

- You will be shown the short story you choose to read and remember.756

- After a minute, the story will disappear and you’ll be asked757

to reproduce it from memory.758

759

Story Experiment - instruction 3760

- You should replicate the story and elaborate on it creatively.761

- The story should be sufficiently long and closer in content762

to the original story.763

- You are not allowed to copy and paste the stories.764

- Please do your best to remember the story as accurately as possible.765

- We will check that your reproduced story is of sufficient quality.766

Failure to do so may result in termination of the experiment.767

- The experiment takes about 5 minutes.768

769

The experiment will start on the next page. Please pay close attention770

to the instructions!"771

Failing Criteria772

Responses were required to meet predefined validity criteria to be included in the773

analyses. Specifically, responses had to contain at least 10 words, include at least one774

complete sentence, and share a minimum of five lexical items with the original story.775



HUMAN–AI POPULATIONS BALANCE CREATIVITY AND DIVERSITY 36

Responses failing to meet any of these criteria were failed until a new participants provide776

valid data.777

Statistical Analysis778

All analyses comparing experimental conditions and changes over time were779

conducted using non-parametric bootstrapping to quantify uncertainty. For each iteration780

group, participants were resampled with replacement, the corresponding set of stories was781

reconstructed, and the metric of interest was recomputed (e.g., creativity, diversity). This782

procedure was repeated 1,000 times, yielding a bootstrap distribution of estimates for each783

analysis.784

From these distributions, we computed the mean trend estimate and the associated785

95% confidence interval (2.5th and 97.5th percentiles). These estimates represent the786

expected change in the metric across iteration groups, with uncertainty derived directly787

from the empirical resampling distribution. Estimates whose confidence intervals did not788

include zero were interpreted as statistically reliable changes over time.789

To compare overall performance across experimental conditions, we computed each790

condition’s mean score in the last 5 iterations of the experiment (iterations 21–25). For791

each bootstrap resample, we recomputed the condition means and then calculated pairwise792

differences between conditions (e.g., AI-only minus Human-only; AI-only minus Human-AI;793

Human-AI minus Human-only). For each comparison, we report the bootstrap mean794

difference and its 95% confidence interval. One-sided p-values were computed from the795

bootstrap distribution of differences as796

p = Pr(µA − µB ≤ 0),

estimated as the fraction of bootstrap replicates in which the difference was ≤ 0 (testing797

the directional hypothesis that condition A outperforms condition B).798

To quantify changes over time, we defined a gain score within each condition as the799
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difference between the mean in the final five iterations and the mean in the first five800

iterations:801

∆ = x̄21–25 − x̄1–5.

For each bootstrap resample, we recomputed ∆ for each condition and then compared802

gains by computing pairwise gain differences (e.g., ∆AI − ∆Human). We report bootstrap803

mean gain differences and 95% confidence intervals. One-sided p-values for gain804

comparisons were computed as805

p = Pr(∆A − ∆B ≤ 0),

estimated as the fraction of bootstrap replicates in which the gain difference was ≤ 0.806

When testing whether a single condition exhibited improvement over time, we computed807

p = Pr(∆ ≤ 0),

corresponding to the directional hypothesis that the gain is positive.808

To quantify the magnitude of change, we report Cohen’s d for all mean-based809

comparisons (including adjective ratings). For between-condition contrasts, Cohen’s d was810

computed as the standardized mean difference using the pooled standard deviation,811

d = x̄A − x̄B

sp

, sp =
√

(nA − 1)s2
A + (nB − 1)s2

B

nA + nB − 2 .

For within-condition changes over time, we report a standardized gain computed812

analogously from the early (1–5) and late (21–25) samples,813

d∆ = x̄21–25 − x̄1–5

sp,∆
,

where sp,∆ is the pooled standard deviation of the two time windows. Confidence intervals814
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for d were obtained by recomputing the same effect-size statistic within each bootstrap815

resample.816

In Figure 3 we repeated the main analysis splitting the group of AI-human society817

to seperate sub-groups of responses only by AI and only by humans the analysis was818

otherwise identical to the one of Figure 2.819

Comparison of creativity dimensions across groups820

To understand the group differences within each creativity dimension we performed821

the following analysis. For each of the three dimensions (novelty, aesthetics, and822

appropriateness), we fit mixed-effects models using statsmodels (Seabold & Perktold,823

2010), with adjective (e.g., liking, interesting, meaningful) and group (AI, hybrid, human)824

as fixed effects and participant as a random effect.825

We then applied Tukey’s Honestly Significant Difference (HSD) post hoc tests826

(Tukey, 1949) to assess group differences, which are reported in Figure 2C. The same827

procedure was used for the “written by AI” measure; however, because this measure828

included only a single adjective, the model contained only group as a fixed effect. Figure829

B2 shows the scores separated for each adjective, and Figure B3 shows the dynamics of the830

ratings across iterations (for Figure 2C we used the average over iterations 21-25).831

Collective Diversity832

We measured the diversity of stories in a population by computing their pairwise833

semantic similarity. Specifically, we embedded each story using a tf–idf (term834

frequency–inverse document frequency) vectorization approach (Leskovec et al., 2020) and835

calculated the pairwise cosine similarity between all story vectors within a predefined836

iteration groups. Diversity was operationalized as the inverse of the mean cosine similarity,837

with lower similarity indicating greater diversity.838

Concretely, each story was represented as a tf–idf vector using scikit-learn’s839

TfidfVectorizer (Pedregosa et al., 2011), where the tf–idf weight of term t in story d is840
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defined as841

tfidf(t, d) = tf(t, d) · log N

df(t) ,

where tf(t, d) is the term frequency of t in d, df(t) is the number of documents containing t,842

and N is the total number of documents in the set. Each story i is therefore represented as843

a vector vi in the tf–idf space. We then computed the pairwise cosine similarity between all844

pairs of stories within a predefined iteration group using scikit-learn’s845

cosine_similarity:846

cos(vi, vj) = vi · vj

∥vi∥ ∥vj∥
,

and obtained the mean similarity within group g by averaging over all unordered pairs847

(i, j):848

Sg = 2
ng(ng − 1)

∑
i<j

cos(vi, vj),

where ng is the number of stories in group g. Diversity was operationalized as849

Dg = 1 − Sg,

so that higher values indicate greater semantic diversity (lower average similarity).850

Comparison of adjectives851

Participant-level scores were computed by averaging the three adjectives within each852

dimension (Novelty, Appropriateness, Aesthetic) and then averaging these scores across853

iterations 21–25 for each participant and condition. We then fit a linear mixed-effects model854

(random intercept per participant) to these participant-level scores using statsmodels.855

The full model included condition, dimension, and their interaction as fixed effects:856

ȳp,k = β0 + βcond(conditionp) + βdim(k) + βint(conditionp, k) + up + εp,k,
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where k ∈ Novelty, Appropriateness, Aesthetic indexes the creativity dimension,857

up ∼ N (0, σ2
u) captures between-participant variability and εp,k ∼ N (0, σ2) is residual error.858

Models were fit using full maximum likelihood (ML) estimation, rather than restricted859

maximum likelihood (REML), to allow valid likelihood-ratio comparisons between models860

differing in their fixed effects.861

To test for (i) an overall condition effect averaged across dimensions, (ii) a condition862

× dimension interaction, and (iii) any condition-related effect, we compared nested models863

via likelihood-ratio tests (LRTs) (Casella & Berger, 2024):864

χ2 = 2 (ℓfull − ℓreduced) ,

with degrees of freedom equal to the difference in the number of fixed-effect parameters865

between models (with three conditions and three dimensions, df = 2 for the condition main866

effect, df = 4 for the interaction, and df = 6 for any condition-related effect).867

Finally, to report interpretable pairwise group differences within each dimension, we868

performed Tukey HSD post hoc tests on the participant-level means ȳp,k separately for each869

dimension. Significant comparisons are visualized in Figure 2C. Figure B2 presents ratings870

separated by adjective, and Figure B3 shows rating dynamics across iterations; all871

inferential statistics in Figure 2C are based on participant-level averages over iterations872

21–25.873

For the “Do you think this was written by AI?” rating, we applied the same874

iteration filtering (21–25) and participant-level aggregation. Because this yielded one875

participant-level score per condition without a within-participant dimension factor, we876

tested for a condition effect using a one-way ANOVA implemented as an Ordinary Least877

Squares (OLS) model:878

ȳp = β0 + βcond(conditionp) + εp,

followed by Tukey HSD post hoc tests to assess pairwise condition differences.879
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Semantic Analayis (Figure 4)880

To characterize higher-level structure in the semantic space of stories, we pooled all881

stories from the AI-only, Human-only, and Human-AI conditions and embedded them in a882

shared sentence-level representation. Each story was encoded using a pretrained sentence883

transformer model (all-MiniLM-L6-v2; Wang et al., 2020), yielding a 384-dimensional884

embedding that captures distributional semantic similarity between stories. To visualize885

the semantic space of stories, we then used the UMAP embedding algorithm (McInnes886

et al., 2018) applied to the sentence-level embeddings (Figure 4A-B). UMAP was then887

applied to this similarity structure (package: umap-learn7, metric = euclidean,888

n_neighbors = 15, min_dist = 0.1, n_components = 2, random_state = 42), producing a889

two-dimensional embedding space in which stories positioned closer together share more890

overlapping semantic content, whereas distant points reflect semantically divergent stories.891

The resulting embedding provides a continuous representation of semantic proximity and892

allows visual inspection of global semantic structure across the entire corpus.893

On this embedding space, we performed k-means clustering to identify groups of894

semantically similar stories. We evaluated cluster solutions for k = 2 . . . 10 by computing895

within-cluster sum of squares and applying the Kneedle algorithm (Satopaa et al., 2011) to896

identify the elbow point. The elbow was located at k = 4, which was used as the final897

clustering solution for all subsequent analyses and visualizations (Figure 4B-F).898

To quantify creativity performance across semantic clusters, we calcualted the899

average creativity ratings for each cluster (Figure 4C). To help interpretability, we900

computed word clouds for different story clusters 4D), using the package wordcloud8 with901

parameters max_words = 20. Finally, we computed the proportion of stories assigned to902

each of the four clusters over iterations. These proportions were then plotted within each903

condition to track how the distribution of semantic clusters evolved across conditions904

7 https://umap-learn.readthedocs.io/en/latest/
8 https://pypi.org/project/wordcloud/

https://umap-learn.readthedocs.io/en/latest/
https://pypi.org/project/wordcloud/
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(Figure 4E).905

Term Dynamics Visualization (Figure B5)906

As a supporting analysis we analyzed leading terms (words that appear in stories)907

and changes in their frequency over the iterations (Figure B5). To do so, each story was908

first transformed into a tf–idf weighted vector representation and the terms with the909

highest mean tf–idf scores across the corpus were selected as global keywords.910

To track the evolution of key terms across iterations, we first identified globally911

salient lexical items using tf-idf applied across the full corpus of stories (Human, AI-only,912

and Human-AI conditions combined; Figure B5B). Specifically, all stories were vectorized913

using a tf-idf representation with English stopwords removed, and the terms with the914

highest mean tf-idf scores across the corpus (17 terms) were selected as global keywords.915

This procedure ensured that term tracking was based on corpus-level salience rather than916

condition-specific frequency artifacts.917

Using this fixed vocabulary, we then re-computed tf-idf scores separately for each918

condition across the chronological sequence of 25 iterations. For each story, we recorded919

whether each of the selected terms appeared with a non-zero tf-idf weight. The results are920

plotted in Figure B5921
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Appendix A

Additional Experiment Information

Table A1
Overview of experiments.

Experiment Task Condition Chains Iterations Stories Nhumans Nbots

Experiment 1a Writing Human 25 25 625 625 0
Experiment 1b Writing AI 25 25 625 0 625
Experiment 1c Writing Human–AI 25 25 625 254 271
Experiment 2 Validation Human − − 1875 94 0
Experiment 3 Validation Human − − 9375 469 0
Experiment 4a Writing GPT 25 25 3750 0 3750
Experiment 4b Writing Claude 25 25 2500 0 2500
Experiment 4c Writing GPT–Claude 25 25 625 0 625
Experiment 5 Validation GPT − − 1875 0 94
All chain-based experiments (Experiment 1 and 4) were conducted on a 5 × 5 square-lattice
network (25 nodes). Experiment 1 compares Human, AI, and Human–AI collaborative story
evolution. Experiment 4 compares GPT, Claude, and mixed GPT–Claude evolution. Experiment
2 and 3 are one-shot human evaluations with independent human judgments, and Experiment 5 is
a validation experiment with GPT evaluations.
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Table A2
Summary of participant counts and AI model API calls per experiment condition.

Experiment Task Condition N (Failed) Ncalls Age (Mean ± SD) Sex (F/M)
Experiment 1 Writing Human 625 (173) 0 41.53 ± 13.61 354 / 326
Experiment 1a Writing AI 0 625 – –
Experiment 1b Writing Human-AI 254 (164) 271 43.15 ± 14.39 148 / 187
Experiment 2 Validation Human 106 (2) 0 44.38 ± 14.27 40 / 57
Experiment 3 Validation Human 378 (22) 0 46.60 ± 14.82 158 / 186
Experiment 4a Writing GPT 0 3750 – –
Experiment 4b Writing Claude 0 2500 – –
Experiment 4c Writing Mixed-LLM 0 625 – –
Experiment 5 Validation AI 0 94 – –
All human participants were recruited via Prolific and were based in the United Kingdom.

12 participants reported non-binary, prefer-not-to-say, or other gender responses
(Experiment 1 Human: 8; Experiment 1 Human-AI: 3; Experiment 3: 1)
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Appendix B

Additional figures

Figure B1
Mean creativity ratings of stories over time, as evaluated by GPT. Shaded areas represent
95% bootstrap confidence intervals. Dashed lines represent human evaluation scores. The
horizontal axis represents the 25 iterations, grouped into five sets of five iterations each.
Critically, GPT models systematically rate their own outputs—and the magnitude of
improvement in those outputs—more favorably than human judges do, and this
self-enhancement effect is substantially stronger for AI-generated stories than for stories
produced by humans or through human–AI collaboration. In other words, AI systems assign
disproportionately high relative ratings to their own creations and their improvements over
time.
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Figure B2
Detailed results including ratings on individual adjectives in the last 5 iterations. Error
bars indicate one standard error. ∗, ∗∗, ∗ ∗ ∗ indicate p < 0.05, 0.01, 0.001 obtained using a
mixed effect model (see Methods).
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Figure B3
Detailed results including ratings on individual adjectives and their evolution across all
iterations. Shaded areas represent one 95% bootstrap confidence intervals
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Figure B4
Detailed results including ratings on "Do you think this was written by an Al?" and its
evolution across all iterations. Shaded areas represent 95% bootstrap confidence intervals.
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Figure B5
Semantic differences between human and AI story populations observed using term
dynamics. We combined all stories across conditions, calculated a tf-idf score for each word,
and sorted them so that the most important terms are identified (see Methods). Results for
different words are plotted along the horizontal axis, and generations are plotted along the
vertical axis. A circle at position (x, y) indicates that the word x was used in a story at
iteration y. A line denotes that the corresponding word was used by successive iterations.
The size of the circle represents the frequency of the word’s appearance in the same
iteration.We see that the persistence of specific keywords vary significantly depending on the
condition. For example, words such as “dreams”, “danced” and “celestial” only emerge and
persist under the AI-only condition. Conversely, themes from the original story, including
“John”, “cat”, and “keys” are preserved until the last generation only in the human-only
condition. These results suggests that humans tend to create new narratives that remain
closely aligned with the original seed story, while AI outputs exhibit a unique tendency to
converge on certain new, creative themes, such as space-related narratives.
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Figure B6
Examples of the stories from different temperature parameters (see Figure 5).
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