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Abstract 
Hackathons have become popular collaborative events for acceler-
ating the development of creative ideas and prototypes. There are 
several case studies showcasing creative outcomes across domains 
such as industry, education, and research. However, there are no 
large-scale studies on creativity in hackathons which can advance 
theory on how hackathon formats lead to creative outcomes. We 
conducted a computational analysis of 193,353 hackathon projects. 
By operationalizing creativity through usefulness and novelty, we 
refined our dataset to 10,363 projects, allowing us to analyze how 
participant characteristics, collaboration patterns, and hackathon 
setups influence the development of creative projects. The contri-
bution of our paper is twofold: We identified means for organizers 
to foster creativity in hackathons. We also explore the use of large 
language models (LLMs) to augment the evaluation of creative 
outcomes and discuss challenges and opportunities of doing this, 
which has implications for creativity research at large. 

CCS Concepts 
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1 Introduction 
Reacting fast to rapid changes in society and technology develop-
ment has generally been considered a prerequisite for innovation 
[79]. Originating in niche software development environments in 
Silicon Valley during the late 1990’s, hackathons have become a 
popular format for accelerating people’s creativity and developing 
creative ideas, prototypes, products, or services in a variety of con-
texts such as education [82], entrepreneurship [41], corporations 
[71], scientific communities [38], civic engagement [81] and oth-
ers [24]. Hackathons are time-bounded, participant-driven design 
events, often spanning only a few days, where participants form 
teams and collaborate on projects to address a common theme or 
challenge, resulting in a perceptible outcome, such as an interac-
tive prototype [23]. They are often celebrated for their potential 
for creative outcomes, see e.g. [5, 11, 27, 45, 88]. For this reason, 
hackathons have become an attractive approach for entrepreneurs, 
companies, educators and researchers to develop creative solutions 
to problems they face or to complement or enhance their existing 
innovation processes [24]. 

Since 2016, the CHI community has shown a growing interest 
in hackathons. A search for “hackathon” in the CHI proceedings 
on the ACM Digital Library returns 87 results for full research pa-
pers. Most research focusing on creativity in hackathons, however, 
consists of case studies of one or only a few events [11, 27, 28, 80]. 
While they can provide valuable insights, case studies are not suit-
able to advance and validate theory, either on hackathons as a 
phenomenon in itself or on how hackathon formats lead to creative 
outcomes. Answering fundamental research questions in this frame 
requires larger-scale quantitative studies in order to test hypotheses 
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[21, 23]. Current quantitative studies of hackathons focus mainly 
on understanding project continuation [63, 65] and re-use of code 
that was created during hackathons [39, 40, 59]. To the best of our 
knowledge, as of yet, no research has conducted large-scale analy-
sis of hackathon projects from a creativity perspective. Our work 
addresses this gap by asking the following first research question: 

RQ1: How can we define and implement an analysis of creativ-
ity in a way that enables large-scale analysis of creativity within 
hackathon projects? 

Large-scale creativity assessment is essential for validating the 
effectiveness of the different contexts in which hackathons are or-
ganized for supporting creative outcomes – such as in educational 
programs, workplace training, and other interventions – ensuring 
that the formats are successfully cultivating the creative skills de-
manded [74]. From this perspective, Rafner and colleagues have 
suggested that exploring methods which combine scalability “and 
product-oriented assessments (data with high ecological validity) 
could greatly enhance the construct validity of creativity assess-
ment instruments” [74]. In our paper, we contribute to exploring 
such scalable methods with potentially high ecological validity for 
assessing creative products in the context of hackathons, since the 
data we analyze resemble real-world data rather than data created 
in controlled creativity test settings [73]. We thus also address the 
following second research question: 

RQ2: What insights into participants, collaboration patterns, 
and hackathon setups can we gain from analyzing a large number 
of creative hackathon projects and how do these insights relate to 
fostering creativity? 

Similar to the contributions by [39, 40, 59, 65], we use Devpost’s 
database of hackathons and hackathon projects for our large-scale 
analysis of creativity.1 

Similar to Fang, Herbsleb and Vasilescu [25], 
we operationalize a definition of creativity which we explore as 
a lens to analyze our dataset. Specifically, we operationalize the 
concepts of novelty and usefulness to create a subset of creative 
projects. We conduct statistical analysis on this subset of creative 
projects to identify patterns in the interaction of aptitude, process 
and environment, a contribution which we frame as particularly 
valuable for researchers and practitioners who organize hackathons 
and wish to support hackathon participants’ creativity and increase 
the potential for creative outcomes. 

Furthermore, to address calls for exploring a Generative AI-
augmented expert assessment [10, 58, 73], we explore the com-

pelling case of Large Language Models (LLMs)-as-a-judge to aug-
ment our large-scale creativity evaluation method and address the 
following research question: 

RQ3:How might LLMs be used to augment large-scale evalua-
tions of creative hackathon projects? 

The contribution of this two-pronged large-scale exploration of 
creativity in hackathon projects is the following: In addressing RQ1, 
we arrive at an operationalization of creativity theory which guides 
the first prong of our two-pronged approach; a statistical analysis 
of a dataset consisting of 10,363 hackathon projects. We discuss the 
findings from this statistical analysis as take-aways for organizers, 
thereby addressing RQ2. As the second prong of the two-pronged 

1
https://devpost.com/ 

approach, we address RQ3 by using LLMs to analyze the creativ-
ity of a subset consisting of 21,318 randomly sampled hackathon 
projects which contained both creative and non-creative projects, 
as defined by our operationalization (RQ1). We also compared the 
ratings of LLM judges and human judges on a randomly selected 
subset of 30 hackathon projects. Drawing from the LLM analysis, 
we explore how LLMs can function as supplementary judges, sup-
porting human judgment within a human-AI hybrid intelligent 
system [84], and how they can facilitate large-scale analyses of 
hackathon creativity. The large-scale exploration of creativity in 
hackathons contributes towards a greater understanding of how 
creativity manifests in hackathons, which we argue contributes to 
moving large-scale creativity evaluation towards real-world rele-
vant scenarios with high validity. Finally, we discuss the challenges, 
limitations, and opportunities of our exploratory methods of mea-

suring creativity on a large scale which contribute towards aiding 
researchers interested in quantitative instruments for measuring 
creativity in general. 

2 Related Work 
In this section we outline related works researching creativity in 
hackathons and how creativity can be evaluated. 

2.1 Creativity in Hackathons 
Hackathons are often highlighted for accelerating participants’ cre-
ativity and resulting in creative outcomes [11]. Employee-focused 
internal hackathons have been highlighted as a means for testing 
“new products and services as well as to generate new ideas” [80] 
and streamline creativity by bypassing slow decision-making pro-
cesses and fixed organizational structures [27]. Not surprisingly, 
creative industries such as media, arts, and culture fields have also 
adopted and adapted hackathons [46]. Karlsen and Løvlie explains 
this with these industries’ “long tradition of using constraints and 
games to facilitate creativity in arts” [46]. 

Previous work has explored how to organize hackathons in order 
to facilitate creativity. Tenório and colleagues provide suggestions 
which mainly focus on pre-events such as “workshops, coaching, 
training, mentoring, and so on” [90] for: (1) supporting knowledge 
application, where the participants apply and combine their individ-
ual domain knowledge [67] into new perspectives and solutions for 
challenges; (2) learning about how to manage conflicts; (3) support-
ing participants’ individual learning; (4) organizing shorter events 
to mitigate fatigue [90]. However, these recommendations are based 
on a small sample, making it difficult to assess their validity and 
understand to what extent they might hold in different contexts. 
Lobbe, Bazzaro, and Sagot researched collaborative design tools 
used to enhance creativity and innovation in a hackathon attended 
by 1,310 engineering students, resulting in around 160 projects [45]. 
This larger-scale study focuses on a narrow perspective on how 
to support creativity contributing mainly with insights on some 
select tools. In addition, the study focused on a single event with 
a specific setup and population of participants. Broadening the 
scope somewhat further in terms of number of hackathons stud-
ied, Attalah, Nylund and Brem studied three different hackathons 
through participant observation to understand “the impact of open 
innovation and collective intelligence in hackathons” [5], where 

https://devpost.com/
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they frame the collective creativity taking place in hackathons as 
playing a key role for fostering collective intelligence. Collective in-
telligence is a kind of distributed intelligence constantly developed 
and coordinated by a group of people, for example, a community 
or society, while collective creativity is a “momentary, collective 
process that includes interaction in the form of help seeking, help 
giving, reflective reframing and reinforcing” [34] as cited in [5]. A 
key finding is that organizers should frame hackathons as a last-
ing development of collective intelligence, rather than momentary 
events of collective creativity [5]. 

These contributions are valuable in their own right to understand 
creativity in the context of hackathons; however, these cases take 
place in specific settings, which means that the findings may not be 
translated to other settings, as hackathons are very diverse [22]. In 
order to advance and validate theories on creativity in hackathons, 
we need quantitative methods [21] and large-scale analyses [74] in 
addition to case studies. 

Moving from small-scale and qualitative data collections to larger 
ones, a couple of literature reviews have aimed at consolidating 
knowledge on how to organize hackathons including how to sup-
port creativity. Kollwitz and Dinter’s contribution is a taxonomy of 
hackathons where they “figured out which dimensions and objec-
tives are discussed in the literature” [51] and which “contributes 
to a better understanding of the opportunities and characteristics 
of hackathons” [51]. While they mention innovation and creativity 
as characteristic of hackathons, they mainly discuss their taxon-
omy as a way to reduce uncertainties for organizers regarding 
results, processes and resources, for example by making “detailed 
specifications regarding the solution space as well as the degree of 
elaboration in order to channel the creativity of the participants 
in a desired direction” [51]. Furthermore, their taxonomy “need[s] 
further evidence to show that those aspects are actually relevant 
from a practical point of view” [51]. 

Heller and colleagues conducted a literature review of 87 articles 
on how to best execute hackathons including elements which are 
meant to facilitate creativity [36]. The following elements were 
specifically highlighted for their relation to increased creativity: 
Pre-registered teams may improve teamwork but may jeopardize 
creativity as they are usually made up of participants with similar 
backgrounds [66] whereas diverse teams have shown increased 
creativity [87]. Heller and colleagues further found that “a very 
competitive atmosphere with high-value prizes creates extrinsic 
motivation to stand out, but an atmosphere of collaboration leads 
to improved creativity, better teamwork, and intrinsic motivation” 
[36]. Drawing especially on the findings by Lifshitz-Assaf and col-
leagues, Heller and colleagues emphasized that although research 
has discussed the detrimental effect of time pressure on creativity 
(see e.g. [4]), the limited time-frame of hackathons are by design, 
and instead of following traditional coordination strategies partic-
ipants should adopt adaptive coordination processes [55], similar 
to Edmondson’s distinction between teamwork and teaming [20]. 
For supporting ideation, Heller and colleagues identified having 
mentors as ideation facilitators for increasing creativity and re-
ferred to Wilson’s description of good brainstorming facilitators 
[96]: “preventing participants from offering premature criticism, 
encouraging the flow of ideas, focusing on quantity rather than the 
quality of ideas, and promoting tolerance for radical ideas” [36]. 

However, similar to related works involving case studies of 
hackathons, Heller and colleagues’ literature review included “ex-
isting studies [that] are limited to mainly correlative case studies, 
[and] which do not allow for a proper understanding of the causal 
processes underlying effective hackathon execution” [36]. They fur-
ther recommend future research exploring hackathons to conduct 
“advanced qualitative (such as collecting previous hackathons’ post-
event surveys and interviews) and quantitative methods (such as 
meta-analysis) to offer data-driven conclusions on how to best plan 
and execute hackathons” [36]. Our contribution falls into the latter 
type of research. Heller and colleagues also suggest that “studies 
can examine participant-, organization-, or event-level variables 
of interest by comparing the outcomes of two hackathons that are 
identical in all characteristics except one (e.g., staff diversity, judges’ 
identity, virtual versus physical versus hybrid, etc.)” [36]. This is, 
to some extent, what we contribute in this paper: However, instead 
of comparing only two hackathons where all except one variable 
are controlled, we utilized a large-scale dataset consisting of almost 
200,000 hackathon projects. 

2.2 Evaluating Creativity 
The need for accurate and valid methods to evaluate creativity was 
first emphasized during Guilford’s 1950 presidential address to the 
American Psychological Association (APA) and has been a popular 
topic of study in many disciplines, including the CHI community 
[93]. More recently, the 2019 special issue of Philosophy, Aesthetics, 
Creativity and the Arts, featured an editorial statement stressing 
that “without proper instruments to measure creativity or ade-
quate standards of assessment, the validity of any creativity study 
is seriously questioned” [7]. However, developing and adhering 
to rigorous creativity assessments standards proves exceptionally 
difficult, given the complex, contextual nature of creativity and the 
many ways in which it can be evaluated. 

In psychology, creativity assessments include standardized in-
struments targeting components of divergent thinking (e.g., orig-
inality, flexibility, fluency), as well as expert product evaluations 
and measures of creative behavior or self-efficacy [74]. One of the 
major drawbacks of many creativity assessments is that they re-
quire extensive human effort for manual evaluation which is labor 
intensive and often suffers from disagreement among raters [74]. 
Some automated creativity scoring leverages advances in Natural 
Language Processing (NLP) to address these limitations [6, 26, 75]. 

LLM-as-a-judge. Recent NLP research trends highlight a shift 
towards using LLMs for automated evaluation of text documents, 
potentially supplementing or replacing human judgments [16, 56, 
94, 97]. This approach manifests in competition leaderboards such 
as [97] or [53], where researchers evaluate models against each 
other based on human evaluations or pre-defined benchmarks. In 
general, rating long and detailed survey responses based on pre-
designed criteria is challenging even to human experts. To reduce 
manual effort, researchers can instruct an LLM to rate any given text 
on, e.g., a Likert-like scale (1-7) or other custom rubrics as, e.g., pro-
posed by Kim and colleagues [49]. This “LLM-as-a-judge” approach 
has demonstrated strong correlations with human judgments on 
various natural language tasks [15, 29, 37, 50, 56, 64, 91, 97] and an 
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even better agreement when used in a “jury setting” with multiple 
models judging the same input [92] and aggregating the ratings. 

Automated methods for creativity assessment have mostly been 
applied to scoring divergent thinking tasks, such as the Alternative 
Uses Task[33, 68]. These automated methods have focused exclu-
sively on scoring the originality of ideas [1, 8, 9, 35, 70] . However, 
assessment of solutions from real-world creative problem-solving, 
often requires both evaluating novelty and usefulness (i.e., plausible 
and effective) [75]. 

Luchini and colleagues [58] have taken an important step to-
wards addressing this issue by using LLMs to automatically evalu-
ating standard creative problem solving tasks for both novelty and 
usefulness. While more complex than data from the Alternative 
Uses Task, their creative problem solving tasks still result in well 
structured, reasonably short, homogeneous data. There is a need 
for methods to handle the variability of real-world data, ensuring 
LLM evaluations of creativity remain as effective as in controlled 
settings. 

For complex and context-rich datasets such as hackathon outputs, 
we propose that instead of replacing subjective human evaluations, 
LLM technologies should assist human judges by providing scala-
bility, analytical insights, and potentially consistency, to enhance 
human expertise. This approach aligns with recent advancements 
in hybrid intelligence and human-centered AI, which emphasize 
synergetic human-AI interactions [60, 62, 73, 84], fostering collabo-
rative partnerships where AI serves as a supportive tool for humans 
[54, 85]. 

Our contribution approaches large-scale analysis of our context-
rich hackathon project dataset from two angles: First, we explore 
how to operationalize creativity in order to conduct statistical anal-
ysis, and secondly, we explore how LLMs may be used as an addi-
tional supporting judge. 

3 Method 
Similar to our motivation for exploring large-scale evaluation of 
creativity, Fang, Herbsleb and Vasilescu explored creativity and 
innovation by analyzing 70,891 projects from the World of Code 
dataset. They follow the Schumpeterian tradition [83] of “viewing 
innovation as emerging from the novel recombination of existing 
bits of knowledge” [25] and analyze their data by operationalizing 
this at code level, by focusing on unusual combinations of software 
packages. From this lens, they found that innovative projects tended 
to have more GitHub star counts – in other words, novelty begets 
popularity. We expand on this approach by (1) considering the 
established standard definition of creativity as defined by Plucker, 
Beghetto and Dow [44], and (2) evaluate this in the context of a 
new dataset based on a large sample of hackathon projects (further 
detailed in Section 3.2). 

3.1 Creativity Framework 
In order to answer the three research questions stated in the in-
troduction, we constructed a framework to guide our analysis and 
frame the results. This was done iteratively, by continuously explor-
ing our dataset, familiarizing ourselves with it, reviewing related 
creativity literature, and discussing among ourselves about how cre-
ativity is measured in general and how we might analyze hackathon 

creativity based on our available data. During these discussions, 
we constructed the framework which was used to scaffold the final 
analysis of the dataset. To create the framework for our analysis, 
we took point of departure in Plucker, Beghetto and Dow’s stan-
dard definition of creativity, which is based on a cross-disciplinary 
review of how peer-reviewed business, education, psychology, and 
creativity journal articles evaluated the term creativity: 

“Creativity is the interaction among aptitude, pro-
cess, and environment by which an individual or 
group produces a perceptible product that is both 
novel and useful as defined within a social context” 
[44] 

3.1.1 Operationalizing the Standard Definition of Creativity. We 
approach the definition in a reverse order: First, we defined how 
novelty and usefulness may be expressed within the context of the 
dataset consisting of hackathon projects. While there have been 
many definitions of creativity in addition to Plucker, Beghetto and 
Dow’s [44], this twin criteria of novelty and usefulness have formed 
“principal components of numerous definitions of creativity dating 
back at least 70 years” [42]. This means that for a project to be 
creative it should be both novel and useful, and we thereby expand 
on the approach taken by Fang, Herbsleb and Vasilescu [25] who 
only focused on novelty. The precise terminology of novelty and 
usefulness can vary [42], and in our definitions of them used for 
the LLM-as-a-judge approach, we aimed at including oft-repeated 
elements from the creativity research literature. 

Novelty. Related to our exploration of LLM-as-a-judge, we took 
inspiration from Luchini and colleagues’ prompt design, where 
they explored automatic scoring of Creative Problem-Solving with 
LLMs. In their prompt, novelty refers “to how unique the approach 
is compared to typical solutions” [58]. This resembles the strategy 
taken by Fang, Herbsleb and Vasilescu [25]. Hence, we adopted 
a definition of novelty, which entail elements of uniqueness and 
originality [42], see Appendix A for the full prompt: 

How unique and original is the project’s concept, ap-
proach, or solution? Does it introduce new ideas, meth-
ods, or perspectives that are significantly different from 
existing ones? 

To operationalize this definition for the analysis, we decided to repli-
cate the approach by Fang, Herbsleb and Vasilescu who defined 
this “as a function of the libraries and packages a project imports 
[i.e.] projects built on top of more atypical combinations of libraries 
are considered to be more innovative” [25]. We replicated this ap-
proach and identified the hackathon projects which included un-
usual combinations of packages and libraries. We included the five 
most popular programming languages used in hackathon projects 
in our dataset: Python, Node.js, Java, C#, and PHP. While this may, 
indeed, exclude some potentially creative projects, we decided for 
this approach partly to repeat the research by Fang, Herbsleb and 
Vasilescu [25] but also because we hypothesized that this approach 
includes projects that have a higher chance of getting utilized or 
continued in the future because the languages they were developed 
in are so wider spread. 

Usefulness. Luchini and colleagues do not use the term “useful-
ness” in their prompt design [58], however, as there is a lack of 
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established terminology in this area, concepts used in definitions 
of creativity may therefore vary in their exact wording. Hence, 
Luchini and colleagues include the terms “completeness” and “ef-
fectiveness”, which closely resembles usefulness: “Completeness 
refers to how well the solution addresses multiple issues raised by 
the problem. Effectiveness examines whether the solution is viable, 
feasible, practical, or appropriate” [58]. Our adopted definition of 
usefulness is the following (see also Appendix A): 

How practical and appropriate is the project in address-
ing the problem, situation, or challenge its targets? Does 
it effectively solve a real-world issue or meet a specific 
need? 

We first needed to distinguish a subset of the dataset which can 
be identified as containing creative projects. Since it would not be 
feasible to conduct expert evaluation on the full dataset, we opted 
for a creativity proxy, by considering winning hackathon projects, 
which include a winner-tag in our dataset. This, of course, excludes 
hackathon projects which did not win a certain hackathon accord-
ing to a set of criteria, but for our exploration of how to evaluate 
creativity at scale we find this a sufficient proxy for the expert 
evaluation. While we do not know at scale which criteria define 
winner-projects, considering the wide-spread emphasis on creativ-
ity in hackathons as mentioned in the introduction, we hypothesize 
that the majority of our dataset’s winner-projects have been con-
sidered creative or have addressed a challenge in a sufficient way 
which has been perceived as useful. 

However, what is considered useful within a hackathon context 
may not necessarily be considered useful outside of the hackathon 
context. We therefore hypothesized that how accessible a hackathon 
project is for outsiders can be a proxy for considering usefulness 
outside of a hackathon context. Operationalizing this hypothesis, 
we decided to follow an approach inspired by Imam and colleagues 
who explored antecedents of reuse of code that was created during 
hackathons [40]. If code is reused this points towards the code being 
useful outside of the confines of a hackathon. Imam et al. found that 
the availability of data and documentation in addition to code and 
the presence of an open-source license significantly contributed to 
a project being reused. Furthermore, larger data files may indicate 
that projects are structured with reusability in mind. Following 
their findings, we include hackathon projects which have GitHub 
repositories and include data files or folders and an Open Source 
license for the repository in our final subset of creative perceptible 
hackathon projects. 

Hence, the subset of creative hackathon projects satisfies the 
above-mentioned criteria of novelty (including atypical combina-

tions of software) and usefulness (containing a winner-tag and is 
accessible for outsiders). We discuss the limitations of this delimita-

tion in the Discussion section. Using our operationalized definitions 
of novelty and usefulness, we identified 619 creative perceptible 
products in the hackathon context, see fig. 1. The technical de-
tails of this process are described in section 3.2. The next subsection 
describes some guiding questions for the different angles which we 
analyzed the dataset from. 

The Interaction Between Aptitude, Process and Environment: We fi-
nally explored the three aspects of creativity in terms of aptitude, 
process and environment in this subset of the creative perceptible 

hackathon products. However, we found that the dataset contained 
rich data which went beyond these three aspects, therefore we ex-
tended the framework to better suit our analysis. Some frameworks 
have been suggested to distinguish between different aspects of 
creativity such as: The 4P model [78] (People, Process, Product, 
Press), the 5A model [30] (Actor, Action, Artifact, Audience, Af-
fordances) and the 7C model (Creators, Creating, Collaborations, 
Contexts, Creations, Consumption, Curricula) [57]. We turned to 
the framework of the 7 C’s of creativity because it has the added 
aspect of Collaboration, which is an important characteristic part 
of hackathons [23]. We excluded Creating and Curricula from our 
analysis for the following reasons: Creating would require more 
in-situ data which documents the creative design process in terms 
of, for example, the moment to moment decisions. The dataset does 
not contain this kind of data. Similarly, Curricula revolves around 
the overarching context of how creativity is taught and learned in 
the specific context. This leaves us with the aspects of Creators, 
Collaborations, Contexts, Creations, and Consumption. 

With this framework, we were able to approach the computa-

tional analysis of creativity in hackathons in a structured way and 
base the analysis on established definitions from creativity research. 
Turning back to the standard definition of creativity, the findings 
in section 4 then relate to the interaction between the selected 
aspects of the 7 C model [57]. In the following subsections, we 
outline research questions for each of the five selected C’s. 

Creators: Lubart describes creators as referring to “those who 
engage in the production of original, meaningful content” [57]. 
To explore the dataset, we asked the following questions which 
could provide insights about the creators of the creative hackathon 
projects: 

(1) Is the creator a hackathon winner? 
(2) Which skill sets have they provided on their profile? 
(3) What is the experience of creators? How many hackathons 

have they participated in? How many years have they par-
ticipated in hackathons? 

Collaborations “is the term used to signify the involvement of 
significant others in the creative process. This may be an individual 
creator, such as a writer, who interacts with another person, such 
as his or her literary agent or critic, it may be a dyad of creators 
who work together, or a team of people who work on a project 
[...] The collaboration, in terms of interaction patterns, the nature 
and complementarity of the collaborators (team diversity) are some 
specific examples of topics that concern this ‘C’.” [57] From the 
dataset, we wanted to explore: 

(1) Do creators work together in different hackathons? 
(2) What are typical team sizes? 
(3) What skills and interests do teams possess? 

Contexts “refers to the physical and social world in which cre-
ators engage in the creative process [...] The environment provides 
resources and constraints, it orients behavior. It affords certain ac-
tions more than others, facilitating or hindering creative behavior 
but also providing the field within which new productions will be 
situated and evaluated” [57]. To explore the hackathon contexts, 
we looked for the following elements: 

(1) Which hackathon themes do creative projects address? 
(2) What is the distribution of themes? 
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(3) What is the level of competition in hackathons, i.e., what is 
the interaction between the number of projects of hackathon 
and the number of winners in a hackathon (is there only one 
first prize or multiple prizes)? 

(4) How big are hackathons with creative projects? 
(5) Are the hackathons mostly onsite or online? 
(6) How many creators participate? 

Creations are “the production resulting from the creative pro-
cess, maybe a tangible or intangible output. It may be a relatively 
unformed idea, or a full-fledged ‘product’. The characteristics of the 
production, such as its originality compared to previous works, and 
its ‘usefulness’, maybe some criteria that the creator and external 
judges take into account” [57]. To explore the creations, we wanted 
to analyze the following components: 

(1) How does the hackathon projects compare their inspiration 
source with what they do? What is the semantic distance 
within project descriptions, i.e. “an aspect of originality [or 
novelty] reflecting remote relationships between concepts” 
[58]. 

(2) How elaborate are the project descriptions? 
(3) How much do project descriptions align with or differ from 

the hackathon context, i.e. the posed challenge the project 
was meant to address? 

Consumption “refers to the adoption of creative ideas and 
productions. Those who encounter a creative product may adopt 
it more or less quickly, with more or less enthusiasm. Creations 
are situated within a context of the marketplace of existing ideas, 
products, or previously known solutions” [57]. As we described 
above, a hackathon project may be perceived as creative in one way 
during the hackathon and in another outside the hackathon context. 
To explore whether creative hackathon projects are adopted outside 
the hackathon context, we explore the following: 

(1) Do the projects have GitHub repositories, and are these 
reachable and maintained? 

(2) What is the life span of a project outside of the hackathon? 

While the findings in section 4 do not reflect all these research 
questions for the C’s, they were used to structure the initial analyses 
of the large-scale dataset and the results of these initial explorations 
can be found in the appendix, see section B. Researchers who are 
interested in similar evaluation methods for creativity, may find 
the tables interesting to see which parameters may not contribute 
to creative hackathon projects. 

3.2 Experimental Setup 
In this section, we first describe the series of steps in our pipeline for 
data collection and pre-processing, before analyzing this data with 
regards to our operationalizations of usefulness and novelty, and 
finally predict the creativity of projects with a mixed random effects 
model. As each stage in the data pre-processing process, relating 
to the five C’s, requires adding incremental filtering criteria, the 
number of projects that we analyze varies as described in Fig. 1. 

3.2.1 Data Collection and Pre-processing. We collected publicly 
available information on hackathons, projects and participants from 
the hackathon database Devpost which represents a snapshot of 
the state of hackathons, projects and participants at the moment 

Figure 1: Number of projects remaining after each pre-
processing step (left). This process is described in detail in 
section 3.2.1; Extracted variables for analysis (mid). The anal-
ysis is described in detail in section 3.2.2; Resulting prediction 
of creative projects (right). The analysis results are described 
in detail in section 3.2.3. 

in time when we collected the data. Historical data was not avail-
able to us. We begin by curating and processing a dataset with 
193,353 projects (ca. 6k hackathons and 314k participants). After 
preprocessing, we narrowed it down to 23,959 projects with GitHub 
repositories. Further filtering for repositories with code scripts im-

porting more than two packages and non-code data yielded 10,363 
projects for usefulness and novelty analysis, in which 3,148 projects 
are identified as winning projects. Finally, the projects are identified 
into 619 identified as creative – which fulfills the categories “Un-
usual Combinations”, “Non-Code Data” and were winning projects 
– and 9,744 as non-creative (Fig. 1). 

As shown in Fig. 2, each project can be submitted to multiple 
hackathons, and conversely, a single hackathon can host multiple 
projects. To investigate collaboration patterns in hackathons, we 
process the dataset to capture the dynamics of collaboration among 
creators at the project level, considering both their experience in 
hackathon participation and a variety of individual interests and 
skill sets. In the following, we explain the pre-processing steps in 
detail for exploring each aspect of the five C’s. 

Creators. We crawled data for 310, 900 creators which have par-
ticipated in the hackathon projects, observing variables including 
interests, skills, received likes, had followers and participated in 1.5 
hackathons and projects on average. As very few participants have 
followers or likes, we binarize these numerical data points into 
have followers and have likes for further analysis. To explore the 
correlation between creators’ individual traits and their winning 
hackathons, a new variable is calculated as follows: 

AVG. Weighted Winning = 
1 
𝑛 

𝑛∑︁ 

𝑖=1 

Places𝑖 

Participants𝑗 ∗ Sub. Projects𝑖 
, 

(1) 
where 𝑛 is the number of hackathons that the creator won, Places𝑖 
is the number of places reserved for winners in a hackathon 𝑖 , 
and Participants𝑗 is the number of participants who are creators 
in one project team 𝑗 , and Sub. Projects𝑖 is the total number of 
submitted projects in the regarding hackathon 𝑖 . Table 2 contains 
the correlations among variables for participants. 
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Hackathon 

•  URL 
•  Title 
•  Venue 
•  Dates 
•  Themes 
•  Sponsors 
•  Judges 
•  Description 
•  Requirements 
•  Places 
•  Extended Data 
• Year 
• Duration 
• Submitted Projects 
• Winners 
• Participants 
• Onsite 

Project 

•  URL 
•  Texts 

• Inspiration 
• What It Does 
• How We Built It 
• Challenges We Ran It 
• What We Learned 
• Accomplishments 

•  Built With 
•  GitHub Repositories 
•  Likes 

• Has Likes 
•  Comments 

• Has Comments 
•  Winner 
•  GitHub Links 
•  Creators 
•  Hackathons 
• Competition (T) 
• Competition (I) 
•  COS(R,W) 
•  COS(I,R) 

Participant 

•  URL 
•  Interests 
•  Skills 
•  Followers 

• Has Followers 
•  Likes 

• Has Likes 
•  Hackathons 
• Avg. Weighted Winning 
• Years of Experience 

Collaboration 

•  Project URL 
• Participants 
• Project Repetition 
• Hackathon Repetition 
• Collab. Proj. Repetition 
• Collab. Hack. Repetition 
• Competition (T) 
• Competition (I) 
•  Interests  

• Comm. Interests 
• Diff. Interests 

• Skills 
• Comm. Skills 
• Diff. Skills 

GitHub Repository 

•  URL 
•  Accessibility 
•  Stars 
•  Forks 
•  Last Modified Date 
•  Created At 
•  README Filesize 
• Lifespan 

1            nn          m 

n                                                                                1 

n 
m 

1            1 

Figure 2: Variables in our dataset. The underlined Variables 
are processed from the collected data. 

Collaborations. Collaboration among creators is a dynamic tem-

poral process. The collaboration among creators in hackathons 
accumulates through the repeated participation of the same pair of 
participants, so does the collaboration on the projects. Moreover, 
individual experience accumulates through repeated participation 
in projects and hackathons with others. To capture the dynamics of 
collaboration for each year, we devise an algorithm 1. It initializes 
dictionaries to track creator-to-creator interactions for projects and 
hackathons, as well as individual hackathon and project repetition. 
Then, it iterates through projects by year, updating the interaction 
counts for each pair of creators who collaborate on a project or 
participate in the same hackathon. Finally, it computes the interac-
tion metrics for each creator at both the project and the hackathon 
level. The results are then aggregated over time, recorded as Col-
laboration Project Repetition, Collaboration Hackathon Repetition, 
Project Repetition and Hackathon Repetition. Furthermore, we ex-
tract the intersected, different, and all sets of interests and skills 
among participants for each project as variables to explore the dy-
namics of collaboration. As shown in Table 3, the variety of skills 
is positively correlated with repeated collaborations for projects 
and hackathons. 

Contexts. A total of 5,458 hackathon URLs remain accessible, 
and information has been extracted from them for the period 2009-
2024 in the dataset. Using the crawled data, we extract the year 
and duration by days of the hackathons by parsing the schedule 
dates using Python package dateutil.2 

The number of submitted 
projects, the number of actual winners and participants for each 
hackathon are aggregated utilizing project data. Hackathons occur 
worldwide, and we are particularly interested in whether the format 
of the hackathons—whether online or onsite—affects creativity. To 

2
https://pypi.org/project/python-dateutil/ 

analyze this, we convert the venue variable into a binary variable, 
onsite. Furthermore, to measure the level of competition and explore 
its relevance in the context of hackathons, we calculate the ratio of 
reserved winning spots to the number of participating teams, as well 
as to the number of participants. This provides competition metrics 
at both the team level (T) and the individual level (I). Refer to Table 4 
in Appendix B for correlations among variables in hackathons. 

Creations. Projects are creations in the context of hackathons. 
There are originally 193,353 project data in total, with some projects 
submitted to multiple hackathons. And 187,425 of which contain in-
formation descriptions. To explore how hackathon project descrip-
tions, their inspiration and the overarching hackathon description 
compare, we calculate the semantic distances by leveraging the text 
descriptions from fields such as What It Does, Requirements, and 
Inspiration. To achieve this, we use a sentence transformer LaBSE3 

to encode texts into 768-dimensional representation vectors, with 
maximal sequence length 256. We then calculate cosine similarities 
between (1) the embeddings of Inspiration and What It Does and 
(2) the embeddings of What It Does and Requirements, recorded as 
𝐶𝑂𝑆𝑅,𝑊 and 𝐶𝑂𝑆𝐼 ,𝑊 , respectively. 

Consumption. As shown in Fig. 1, among the 193,353 projects we 
are investigating, 98,097 of them have GitHub links, among which 
75,995 GitHub repositories are still accessible, 42,745 of which are 
written in the top 5 programming languages, and eventually, we 
were able to crawl 23,959 GitHub repositories with non-empty 
scripts, 4,037 of which has a specific license, the top three of which 
are MIT, Apache and GNU licenses (Fig. 7). Moreover, 22,718 GitHub 
repositories contain non-code data (Fig. 8). As consumption over-
laps with the number of retrievable repositories, this coincides with 
the number of projects we use for the remainder of our analysis. 

The Pearson correlation coefficient between the winning project 
and GitHub accessibility is 0.06 with 𝑝 < 0.001. 

3.2.2 Analysis of Usefulness and Novelty. To assess both useful-
ness and novelty, we adopt a two-pronged approach. Usefulness is 
evaluated by focusing on hackathon projects that include non-code 
data and those recognized as winners, reflecting their practical ap-
plication and broader impact beyond hackathons, extending Fang, 
Herbsleb and Vasilescu’s work [25]. Novelty, on the other hand, is 
measured by unusual combinations of imported packages within 
the project code, highlighting innovative approaches to problem-

solving. 
Usefulness: Non-code data and Winners Continuing the 

dataset of 23,959 Github repositories in total, with Python, Java, 
Node.js, C# and PHP in the built with tag from the project. In 
detail, we extract information such as data size (in Bytes), License, 
GitHub Lifespan (Days), # Data Files, # Data Folders, Watches and 
Stars. 

Novelty: Unusual combinations In addition, to operationalize 
novelty of the project, we investigate the unusual combination of 
the imported packages in the code. To achieve that, we process the 
same set of GitHub repositories with the following steps: (1) the 
utilized packages are extracted from each script; (2) compute the 
number of imported packages for the same project; (3) filter the 
repositories out when their imported packages are fewer than 2. As 

3
huggingface: sentence-transformers/LaBSE 

https://pypi.org/project/python-dateutil/
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a result, we have 10,363 GitHub repositories for analyzing novelty 
leveraging the atypical combinations of imported Python packages. 

To conduct our experiment, first, we simulate the actual package 
imports over time. We represent package imports by projects over 
time as a matrix where each row is a project, and each column is a 
package. In this matrix, a value of 1 indicates that a project imports a 
particular package in that year, while 0 signifies no import. Then for 
each year, we simulate random package combinations for projects. 
Each project imports the same number of packages as in the actual 
data, but the choice of which packages are imported is random. 
This gives us a counterfactual dataset to compare against. This uses 
the Monte Carlo simulation to capture the atypicality of package 
combinations. Then empirical frequency is computed, where how 
often two specific packages are used together in the actual data. At 
the same time, we compute simulated frequency, which calculates 
how often the two packages appear together by chance after several 
simulation runs. The atypicality score is derived from the ratio 
of empirical frequency to the average simulated frequency. The 
combination is atypical if the empirical frequency is much lower 
than expected. We compute a z-score for each package with the 
equation: 

𝑧𝑖 𝑗 𝑡 = (𝑜𝑏𝑠𝑖 𝑗 𝑡 − 𝑒𝑥 𝑝𝑖 𝑗𝑡 )/𝜎𝑖 𝑗𝑡 (2)

where 𝑜𝑏𝑠𝑖 𝑗 𝑡 represents the empirically observed frequency of 
packages 𝑖 and 𝑗 appearing in the same project in year t, 𝑒𝑥𝑝𝑖 𝑗 𝑡 
is the average number of times that packages 𝑖 and 𝑗 appear in 
the same project in the year 𝑗 over twenty simulated event sets, 
and 𝜎𝑖 𝑗 𝑡 is the standard deviation of the co-occurrence frequency 
of packages 𝑖 and 𝑗 in those sets as well. In the end, we use the 
smoothed version of z-score to measure atypicality, as follows: 

𝑍𝑖 𝑗 𝑡 = 

 
log(𝑧𝑖 𝑗 𝑡 + 1) if 𝑧𝑖 𝑗 𝑡 ≥ 0 

− log(−𝑧𝑖 𝑗 𝑡 + 1) if 𝑧𝑖 𝑗 𝑡 < 0 
(3) 

A low Z-score indicates high atypicality and, consequently, novelty, 
whereas a high Z-score suggests the opposite. 

3.2.3 Predicting Creative Projects using Mixed Random Effects Lo-
gistic Regression. To investigate novelty and usefulness as proxies 
for creativity of projects, we use a combination of Z-score and 
winner-tag as the dependent variable in a mixed-effects logistic re-
gression model. This approach allows us to identify which variable 
contribute most to creative projects. The Z-score is a continuous 
variable, where a Z-score of zero indicates a high level of novelty, 
while winner-tag is binary. We integrate those two variables into a 
binary variable using the following equation: 

Creative-Projects = 

 
1, if winner-tag = 1 and 𝑍 -score = 0 

0, otherwise 
(4) 

To simulate the conditions in which a project qualifies as a cre-
ative project, characterized by the presence of a winner tag and a 
valid Z-score, we filter the data to include only hackathons that 
have at least one designated winner-tag. A project may have dif-
ferent outcomes across various hackathons (either winner or not), 
but it retains the same Z-score for its GitHub repository. In total, 
we have a dataset of 10,363 projects for further analysis, with 619 
identified as creative and 9,744 projects identified as “un-creative”. 
In the following we analyze what distinguishes the 619 creative 
projects from the rest. 

Table 1: Model predicting Creative Projects. p<0.1 (.), p<0.05 
(*), p<0.01 (**), p<0.001 (***). 

(Intercept) -3.250649 (***) 0.137272 -23.680 < 2e-16 

Hackathon 
#Participants (in Hackathons) -0.226608 (*) 0.113896 -1.990 0.04664 
Onsite 0.067976 0.065501 1.038 0.29937 
Duration -0.078477 0.057713 -1.360 0.17390 

Team 
Competition 0.424168 (***) 0.102305 4.146 3.38e-05 
# Team Members 0.156271 (*) 0.073603 2.123 0.03374 
Different Interests -0.305535 (*) 0.131234 -2.328 0.01990 
All Skills 0.168547 0.154694 1.090 0.27591 
All Interests 0.121256 0.128110 0.946 0.34389 
Hackathon Repetition -0.046386 0.097278 -0.477 0.63347 
Different Skills -0.213552 0.173468 -1.231 0.21829 

Project 
Has Likes 0.275278 (.) 0.152604 1.804 0.07125 
GitHub Watches 1.584174 (*) 0.654169 2.422 0.01545 
GitHub Data Size 0.097405 (**) 0.031475 3.095 0.00197 
Project Repetition 0.021523 0.120655 0.178 0.85842 
COS(I,W) 0.008229 0.056720 0.145 0.88464 
Has Comments 0.023240 0.150865 0.154 0.87757 
GitHub has License 0.050863 0.043701 1.164 0.24447 
# GitHub Data Folders -0.009275 0.123769 -0.075 0.94027 
GitHub Lifespan (Days) -0.077932 0.048979 -1.591 0.11158 
COS(R,W) -0.095202 0.060317 -1.578 0.11448 
# GitHub Files -0.643382 0.398770 -1.613 0.10665 
GitHub Stars -11.130124 7.239957 -1.537 0.12422 

Individual 
Average Won Hackathons 0.918309 (***) 0.158897 5.779 7.50e-09 
Hackathon Repetition 0.484675 (***) 0.058513 8.283 < 2e-16 
Has Followers 0.246149 (***) 0.055379 4.445 8.80e-06 
Average number of Hackathons -0.769460 (***) 0.192835 -3.990 6.60e-05 
Project Repetition -0.247321 (*) 0.100642 -2.457 0.01399 
Competition -0.220472 (*) 0.105092 -2.098 0.03591 
Has Likes -0.059746 0.056079 -1.065 0.28670 

𝑅2 
𝑚 0.967 𝑅2 

𝑐 0.970 

We process the variables from various aspects of the dataset 
(containing both creative and un-creative projects) - namely partic-
ipants, projects, and hackathons - into project-level variables. For 
example, the number of participated hackathons and the years of 
experience for participants are averaged for the regarding project. 
To ensure the comparability among variables, numerical variables 
are scaled. We then apply a mixed effects logistic regression model 
using glmer function from R-package lme4. In this model, variables 
directly related to hackathons are treated as random effects, where 
other variables are fixed effects. The model uses Binomial family 
and is optimized with nloptwarp control optimizer. We examine 
the multi-collinearity of the variables in the models, and select the 
variables which are the most relevant and non-redundant. The re-
sults are presented in Table 1, and the heatmap of Spearman’s rank 
correlation coefficients among the selected variables are reported 
in Fig. 9. 

4 How are Hackathons Creative? 
In this section, we focus on the findings which tell us something 
about the factors which seem to have a significant effect for whether 
a hackathon project is considered creative. 
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Figure 3: Top: The percentage of Creative Projects of the 
number of Teams by the number of Team Members. Bottom: 
The distribution of creative and non-creative projects by 
the number of participants in hackathons (outliers removed 
outside the 75% percentile). 

We fitted a mixed-effects logistic regression model to the pro-
cessed data (c.f. Section 3.2) in order to investigate the relationship 
between a project being considered creative – operationalized as 
it being among the winning projects of a hackathon and with un-
usual combinations of imported packages in GitHub repositories -
and the aforementioned aspects that relate to individual, team, and 
hackathon characteristics. We model creativity as a dichotomous 
variable and consequently used logistic regression for our analysis. 
We modeled hackathon-related aspects as a random effect because 
projects that take place at the same hackathon are not indepen-
dent. The results of the logistic regression are presented in Table 
1. We only included variables in the model that were significantly 
associated with creative projects. 

Our findings show effects related to individual, team, project, 
and event characteristics. Related to event characteristics we found 
that hackathon size is negatively associated with creativity (𝛽 = 
−0.226608, 𝑝 < 0.05), suggesting that smaller hackathons tend to be 
more conducive to creative outcomes. Further analyzing this aspect 
we created a plot that shows creative projects compared to the size 
of a hackathon (Fig. 3, right). Due to the long-tail distribution of 
our dataset – the largest hackathon had 11553 participants – we 
only plotted the bottom 75% of events. This plot shows that most 
creative projects were conducted in hackathons that had around 60 
to 80 participants. 

Related to team characteristics we found that teams facing a lot 
of competition – as in many teams vying for few prizes – to be a 
strong predictor of creativity (𝛽 = 0.424168, 𝑝 < 0.001) indicating 

that perceived competition might foster creativity. In addition, we 
also found team size as in the number of team members to be 
positively associated with creativity (𝛽 = 0.156271, 𝑝 < 0.05). 
Further analyzing this aspect we again created a plot that shows 
creative projects compared to the number of team members (Fig. 3, 
left). The plot only shows teams from 1 to 8 members because none 
of the 42 projects that had more than 8 members in our dataset were 
recognized as being creative. The plot shows that teams with 4, 5, 
and 8 members – which could be an outlier due to the small number 
of teams that had 8 members – exhibit more creative projects. 

At the same time, our analysis showed a negative association 
between the number of interests in a team and creativity (𝛽 = 
−0.305535, 𝑝 < 0.05). 

Summarizing these findings, it appears that larger teams with 
coherent viewpoints that have to compete for few prizes account 
for more creative projects in hackathons. 

Related to the projects that teams worked on, we found that the 
number of likes that a project received (𝛽 = 0.275278, 𝑝 < 0.1), 
the number of of GitHub Watches (𝛽 = 1.584174, 𝑝 < 0.05) and 
the size of GitHub projects (𝛽 = 0.097405, 𝑝 < 0.01) – as in file 
size – to be positively associated with creativity. This finding is 
difficult to interpret, though, since likes might have been used 
to determine a winning team and a project might have received 
likes and GitHub watches after a team won a prize. Moreover, the 
size of a project being positively associated with creativity could 
be attributed to us utilizing unusual combinations as an indicator 
for creativity with larger projects having more potential for such 
unusual combinations. It is, however, also possible that projects 
with more elaborate artifacts are considered to be more creative in 
the context of hackathons. 

Most individual aspects we considered for our model were as-
sociated with creativity. The largest positive individual predictor 
was the average number of hackathons an individual has won 
(𝛽 = 0.918309, 𝑝 < 0.001). This appears reasonable, since we uti-
lized winning as one of the criteria to assess creativity and it can 
be expected that someone who has won an event would know 
what it takes to win again. Just utilizing the same project again, 
however, does not appear to be perceived as creative as shown by 
the negative association between project repetition and creativity 
(𝛽 = −0.247321, 𝑝 < 0.05). Our findings also show a positive rela-
tionship between repeated hackathon participation with the same 
team and creativity (𝛽 = 0.484675, 𝑝 < 0.001). Conversely, frequent 
individual participation across multiple hackathons is negatively 
associated with creativity (𝛽 = −0.7695, 𝑝 < 0.001). These results 
highlight the value of shared experiences, even if participants do 
not work on the same project, and suggest that common exposure 
through repeated events may enhance collective ideation. 

We also found a negative association between perceived indi-
vidual competition and creativity (𝛽 = −0.220472, 𝑝 < 0.05) which 
appears surprising since competition was the largest positive pre-
dictor for creativity on a team level. One possible explanation is that 
larger teams might aid the confidence of individuals thus making 
the competition less daunting. Finally, our findings also revealed 
that an individual having followers on Devpost is positively asso-
ciated with creativity (𝛽 = 0.246149, 𝑝 < 0.001). This – like the 
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connection between a team receiving likes and creativity as dis-
cussed before – is difficult to interpret, though, since it is likely that 
an individual might have gained followers after they had won. 

With respect to the goodness of fitting the model, the high 𝑅2 
𝑚

of 0.967 suggests that a significant proportion of the variance is 
explained by the fixed effects alone. Meanwhile, the 𝑅2 

𝑐 of 0.970 
reflects the proportion of variance explained by both the fixed and 
random effects combined. Overall, the model demonstrates a strong 
fit to the data. 

5 Exploring LLM-as-a-judge 
We investigate LLM-based methods, inspired by [58] and others, 
to expand our exploration of creativity evaluation at scale. Specif-
ically, we employ four LLMs to evaluate the usefulness and nov-
elty of project descriptions. The models we use for judging the 
hackathon descriptions are Llama-3.1-8b-instruct [19], Mistral-

7b-instruct-v0.3 [43], Gemma-2-9b-it [89], and Prometheus-7b-
v2.0 [49]. We selected these models for two main reasons. First, they 
are all instruction-following models, meaning users can prompt 
them to perform specific tasks. Second, their smaller size fits our 
computational constraints, and avoids incurring an excessive envi-
ronmental impact. There is no direct difference between the models, 
apart from the pre-training data or instruction tuning data that the 
organizations that trained the models do not release. Therefore, we 
also account for diversity of models. In the case of Prometheus-
7b-v2.0, this model is specifically trained to score in rubrics and 
give feedback, which should be well-suited for our experiments. 
Figure 6 in Appendix A presents the detailed prompt we use. We 
base our descriptive prompt on [49]. Both [48] and [49] advocate 
for a detailed prompt that specifies what to evaluate in a text, rather 
than simply asking to “rate this text 1 to 5”. 

In Figure 4, we show a barplot of the novelty and usefulness 
scores from the four LLM-as-a-judges on a subsample of 21,318 
hackathon descriptions (randomly from the total 193,353 descrip-
tions) of both creative and non-creative projects. The figure reveals 
distinct patterns. For example, we notice that Gemma-2-9b-it con-
sistently favors median scores, with peaks at score 3 for both nov-
elty (±80%) and usefulness (±75%). Mistral-7b-instruct-v0.3 and 
Llama-3.1-8b-instruct show a tendency towards higher ratings, 
both peaking at score 4 (±65%) for both metrics. Prometheus-
7b-v2.0 displays the most uniform distribution across scores 2-5. 
Usefulness scores generally exceed novelty scores, particularly for 
higher ratings. 

This suggests, according to LLMs, hackathon participants often 
create practical solutions, even if not always novel. The variation 
between models highlights evaluation subjectivity and the need for 
multiple judges. Most entries receive middle to upper-middle scores, 
indicating room for improvement in both novelty and usefulness. 
The data shows a correlation between novelty and usefulness scores 
across all models, suggesting these attributes often coincide in 
hackathon entries. 

5.1 Comparing Humans and LLM-as-a-judge 
Ratings 

As a next step in exploring LLMs-as-a-judge to evaluate creativ-
ity, we wanted to investigate the agreement between humans and 

LLMs evaluating the novelty and usefulness of hackathon projects. 
We randomly sampled 30 projects and had two human raters— 
experienced with hackathon organization, participation, and judging— 
evaluate each project. In turn, these evaluations are then compared 
to the novelty and usefulness scores from the LLMs 5.1. 

We measured the inter-rater reliability with unweighted Cohen’s 
𝜅 [17]. Figures 5 to 5f display these results, with three levels of gran-
ularity: (a-b) scores bucketed as 1–3 and 4–5, (c-d) bucketed as 1–2, 
3, and 4–5, and (e-f) each score treated as its own bucket. The hu-
man raters showed low agreement on novelty, with Cohen’s Kappa 
decreasing as granularity increased (e.g., 𝑘 = 0.18 in a-b vs. 𝑘 = 0.04 
in e-f), suggesting subjectivity in evaluating novelty. Conversely, 
they showed higher consistency for usefulness (𝑘 = 0.53 in a-b, 
𝑘 = 0.12 in e-f), indicating shared criteria for this dimension. This 
aligns with related work, which indicate that when rating creativity 
in the form of novelty and usefulness in complex projects (like 
urban planning), judges put more emphasis on usefulness when 
rating such projects whereas they put more emphasis on novelty 
in alternative uses tests [42]. 

Agreement between humans and LLMs varied. Human 1 agreed 
more with Llama (𝑘 = 0.42 in a-b), and both humans showed fair 
agreement with Gemma. Among LLMs, Prometheus and Llama 
achieved the highest agreement for novelty (𝑘 = 0.59 in a-b), while 
Mistral and Llama had the best agreement for usefulness (𝑘 = 
0.46). Fleiss’ Kappa scores further indicated stronger agreement 
for usefulness than novelty across all settings. The discrepancies 
among LLMs likely stem from differences in pre-training data, as 
models are trained on varying data snapshots. 

In creativity evaluations, it is common to prioritize rater consis-
tency—how raters rate items relative to each other—over achieving 
absolute agreement, where all raters provide identical scores [14]. 
Therefore, it is not surprising that agreement between models and 
humans is low. Hence, instead of framing LLMs as an equal to 
human creativity raters, we propose Human-AI collaboration on 
creativity evaluation. 

5.2 Towards AI Collaborative Creativity 
Evaluations 

The same two human raters also had a detailed discussion on the 
generated output of the four judge models. Empirically, the raters 
decided on two additional ratings for the output of the LLMs, one 
is about representativeness (R; rating 1–5, i.e., how well the LLM 
output encapsulated the actual hackathon description?) and expert 
usefulness (EU; rating 1–5, i.e., can an expert or rater make use of this 
generated output in their decision making?). We bucket the scores 
1–2 and 3–5 and compare agreement over these. For Prometheus, 
there is high agreement among the human raters that the generated 
output is both representative and useful for an expert to use to 
integrate in their decision (R; 𝑘 = 0.47, EU; 𝑘 = 0.44). For the other 
models, we observed low agreement among representativeness, 
likely due to the generated output being shorter than Prometheus’ 
(R; 0.05 < 𝑘 < 0.2). With respect to expert usefulness, we overall 
see a higher agreement as the generated output can still support a 
judge in their evaluation of a hackathon project’s creativity (EU; 
0.20 < 𝑘 < 0.30). 
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Figure 4: Score distribution of Novelty and Usefulness scores of LLM-as-a-judge on the subset of hackathons. 

More broadly, there are several key findings that emerged high-
lighting the complexities involved in using LLMs for such eval-
uations. Firstly, assessing creativity requires temporal context; a 
project that was novel and useful at a certain point in time may lose 
its novelty as similar solutions emerge over time. This necessitates 
situating creative assessments within the appropriate time frame 
and considering changing conditions, such as those brought about 
by the COVID-19 pandemic, which can affect a project’s relevance. 

Secondly, the models often provided overly optimistic evalua-
tions with little nuance (i.e., scoring similarly), sometimes based on 
unfounded assumptions about the projects’ functionalities. They 
occasionally perceived usefulness where human evaluators did not, 
leading to discrepancies. For instance, Prometheus and Llama dis-
agreed on how much a project’s approach differed from existing 
ones, likely due to variations in their training data and embedded 
knowledge. This inconsistency poses a challenge for human evalu-
ators, especially novices, who may not have the expertise to verify 
the models’ claims. For example, Llama3.1 generated “The project 
description lacks a clear and unique concept, relying heavily on ex-
isting ideas (e.g., local hack day inspiration). However, it addresses a 
practical problem (communication assistance) and presents a feasible 
solution (a speaking assistant). The use of Python as a development 
tool is common, but the potential for adding features to the bot sug-
gests some originality in its approach”. This however, is based on an 
almost empty project description. 

Finally, the models tended to focus on evaluating the prototypes 
rather than the underlying ideas or their potential for future devel-
opment. This raises questions about the models’ ability to assess 
the possible potential of creative projects. Moreover, hackathons 
are celebrated not only for fostering the development of creative 
ideas but also for offering participants valuable educational and 
hands-on experiences. In one example from a project description, 
the creators described how “Neither of us have ever done anything 
with Machine Learning, so this was something we were proud of.” 

6 Discussion 
According to Devpost4 

, the largest hackathon database, over 1,000 
hackathons are held annually, though the actual number is likely 
higher, as many are not registered [23]. From a creativity research 
perspective, hackathons offer valuable opportunities to study large-
scale, real-world projects addressing problems creatively. This paper 
is a first exploration of evaluating creativity at scale. Prior work 
has mainly focused on studying few events that took place in a 
specific context and that were organized and attended by specific 
individuals with certain backgrounds, motivations and goals [11, 27, 
28, 80] which limits the usefulness of the reported findings to the 
studied contexts. To expand this body of knowledge we conducted 
an analysis on the dataset of hackathon projects, repeating and 
expanding on the approach by Fang, Herbsleb and Vasilescu [25], 
and subsequently exploring automated evaluation of creativity 
by using LLMs-as-a-judge, inspired by the approach by [58]. In 
addition to insights on organizing hackathons to foster creativity 
(see section 4), we discuss our evaluation method, and suggest 
directions for future research. 

Plucker, Beghetto and Dow emphasized the importance of con-
sidering “creativity for whom” and “creativity in what context” [44] 
when defining creativity. Creativity is not a uniform but operates on 
different scales. Kaufman and Beghetto’s Four C Model of Creativity 
aims to capture these scales: mini-C (i.e. personal and developmen-

tal aspects of creativity inhering in learning processes), Little-C 
(i.e. everyday creativity which the average person may engage in), 
Pro-C (i.e. highly accomplished but not yet eminent forms of cre-
ative expression), and Big-C (i.e. creative genius or extraordinary 
creativity) [47]. Even though a hackathon Creation may not have 
been identified as creative in our analysis, the Creators may have 
experienced it as very creative to them personally, indicating a 
mini-C experience of creativity, which we also observed as the last 
point in section 5.2. These mini-C experiences, including personal 
learning, are key motivators for hackathon participation [86]. Fu-
ture evaluation metrics could consider multiple levels of creativity 

4
https://devpost.com/hackathons 

https://devpost.com/hackathons
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(a) Inter-rater reliability measured by Cohen’s 
Kappa for Novelty. The value among all raters is 
0.1563. 
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(b) Inter-rater reliability measured by Cohen’s 
Kappa for Usefulness. The value among all raters 
is 0.2225. 
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(c) Inter-rater reliability measured by Cohen’s 
Kappa for Novelty. The value among all raters is 
0.0801. 
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(d) Inter-rater reliability measured by Cohen’s 
Kappa for Usefulness. The value among all raters 
is 0.1584. 
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(e) Inter-rater reliability measured by Cohen’s Kappa for 
Novelty. The value among all raters is 0.0256. 
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(f) Inter-rater reliability measured by Cohen’s Kappa for 
Usefulness. The value among all raters is 0.0844. 

Figure 5: Heatmaps of inter-rater reliability for both novelty and usefulness in hackathons in different orders of granularity, 
i.e., how the scores are bucketed. (a-b) contain scores (1-2-3, 4-5), (c-d) contains scores (1-2, 3, 4-5), and (e-f) contains (1-5) in 
separate buckets. 
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to account for tangible (project-level) and intangible (experience 
and learning) outcomes [22]. 

6.1 Take-Aways for Organizers 
One contribution of this work is to develop our understanding of 
how individual participants, teams, and event characteristics foster 
creativity in hackathons (RQ2), leading to concrete recommenda-

tions for hackathon organizers. Moreover, we expect our findings 
to be useful for organizers of hackathons across different contexts, 
since they were obtained from a large-scale study rather than a 
study of few specific events. 

(1) Creative projects are more likely to emerge in hackathons 
with around 60 to 80 participants (see fig. 3), potentially due to 
greater opportunities for team interaction, progress presentations, 
and feedback. Smaller events also may offer more to resources such 
as mentors or tools enhancing teams’ ability to develop creative so-
lutions. These findings add nuance to Attalah, Nylund and Brem’s 
discussion on how hackathons is a form of collective creativity 
which can feed into collective intelligence [5]. Our results suggest 
collective creativity is not universal across all hackathons but may 
depend on event size, with smaller events being more conducive 
than larger ones. This is related to our finding that repeated collec-
tive participation in different hackathons with the same team 
is related to creative projects contrary to repeated individual 
participation in hackathons. 

(2) Larger team sizes are positively associated with creativ-
ity, countering prior research suggesting that larger teams inhibit 
idea generation due to evaluation apprehension [12]. In hackathons, 
teams must both generate ideas and produce functioning prototypes. 
This dual requirement may explain why larger teams succeeded 
despite the risk of apprehension. Our analysis suggests an optimal 
team size of four to five members may represent this sweet spot 
(Fig. 3, left), however future research is needed to validate this 
finding. 

(3) Perceived competition can foster creativity on a team 
level but can at the same time be detrimental on an individual 
level. Organizers thus need to walk the tight rope of making the 
event competitive while at the same time providing an environment 
where individuals feel safe enough to develop risky and creative 
ideas [32]. One approach could be to provide a few prizes for the 
most creative projects (fostering perceived team competition), while 
at the same time making sure that individuals work in larger (see 
the next point) stable teams which may shield them from perceiving 
the competition as too daunting. 

(4) Teams with less diverse interests are related to creative 
projects, a counterintuitive finding given that functional diversity 
(i.e, education, job-relevant knowledge, skills, and abilities) often 
support creativity [76]. In hackathons, developing a creative idea is 
only the start, though. Teams also need to develop an artifact and 
diverse teams might have a harder time to quickly decide which 
project to work on leaving less time for development. This aligns 
with observations from Irani’s ethnographic study of a hackathon 
“When there isn’t time, you don’t want to bring people into the 
room who are too different from you, who see things differently, or 
you think might create conflict.” [41]. 

(5) Prior hackathon experience is positively associated 
with creative projects, potentially because ideas evolve over time. 
Experienced participants may draw on past hackathons to refine 
their projects and apply domain knowledge effectively [90]. While 
prior research highlights how diverse teams with various knowl-
edge bases lead to more creativity [66, 87], our findings suggest 
that experience itself is a key driver in creativity in hackathons. 

Finally, (6) creative projects receive more likes on Devpost 
than less creative ones, suggesting that other participants are 
skilled at identifying creativity. It is generally agreed upon that 
creative outcomes are best judged by experts familiar with the 
relevant domain, as creativity is determined by their independent 
agreement. Thus if the participants themselves are considered to 
be experts, our findings fit well with theory [3, 18]. Another ex-
planation for our finding could also be that teams might actively 
promote their project if they perceive it to be creative, which might 
manifest itself in the form of likes in our dataset. A similar finding 
has been reported in the context of hackathon project continuation, 
where one of the predictors of the long-term survival of projects 
was reported to be teams promoting their project [65]. 

These findings may be valuable for organizers to support them 
in fostering creative projects in their events. It might be advisable 
to run smaller (60 to 80 participants) rather than larger events that 
offer opportunities for teams to interact and see each other’s work 
during the event. Moreover, while the focus is often on attracting 
newcomers, it might be advisable to invite experienced teams with 
individuals who have participated in multiple hackathons. In re-
lation to this point, it might also be advantageous to encourage 
people to participate in hackathons in the future. The interactions 
that they experienced during one event might as well be the spark 
that helped them develop a creative project during the next one. 
Finally, our findings show that it might be advisable to trust the 
wisdom of the hackathon peers when trying to identify creative 
projects. 

6.2 Evaluating Creativity at Scale: Challenges 
and Opportunities 

To address RQ1, we needed to take several decisions to operational-
ize theory from creativity research into measurable constructs for 
data science. Although Plucker, Beghetto and Dow called for the 
creativity research community to develop a unified definition of 
creativity 20 years ago [44], “the field of creativity research has 
continued to lack solidarity and cohesiveness” [72]. Needless to 
say, it is a challenge to then quantify and operationalize creativity 
constructs to enable a large scale data analysis and, furthermore, 
develop an automated evaluation. While our contribution is mov-

ing large-scale evaluation towards real-world data compared to 
prior, related work, filtering and analyzing a large-scale dataset 
is a trade-off between accuracy and feasibility. Our findings are 
therefore limited to the kind of method which we have constructed 
in order to answer our research question of how hackathons are 
creative, and in the following subsections we discuss the challenges 
and opportunities of our approach. 

6.2.1 Operationalizing Novelty and Usefulness. As this research is 
an initial exploration of a large-scale data analysis and automated 
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evaluation of creativity, we do not claim that our operationaliza-
tion of the creativity definition, or its constructs of novelty and 
usefulness are the only way nor the most accurate way to identify 
creative hackathon projects from the dataset. Our definition of nov-
elty and usefulness may have excluded some hackathon projects 
which others may have deemed creative. While we aimed at repli-
cating Fang, Herbsleb and Vasilescu’s approach for operationalizing 
novelty [25] – by finding projects with unusual combinations of 
software packages and libraries for the five most popular program-

ming languages – it is just one way of capturing novelty. Although 
we would argue that we thereby should capture a good representa-
tion of creative projects, this of course limits the analyzed dataset 
and potentially excludes some hackathon projects which could be 
considered creative. Furthermore, this approach also only captures 
creative software development, whereas creativity in hackathon 
projects may also happen on the user interface/interaction design 
side of things, where a very basic and "uncreative" combination 
of software is still used to develop a very novel and creative inter-
face/interaction design. 

To operationalize usefulness in the context of a hackathon, we 
utilized the “winner”-tag in our dataset, hypothesizing that this 
could serve as a proxy for an expert evaluating a project as having 
addressed a challenge or contributing to the theme of an event in 
a useful and creative way. This operationalization, however, has 
limitations in that from the dataset we used it is not clear which 
criteria hackathon organizers utilized to judge projects. Moreover, 
some of the winners might be chosen by popular vote. It is still 
reasonable to assume that it is more likely for teams to win at a 
hackathon that created an artifact which can be considered useful 
to address a challenge or create an opportunity that did not exist 
before. 

We delimited our analysis of Creations to a single experiment 
in which we measured the cosine similarities between sentence 
representations of textual representations including, e.g., the re-
quirements of hackathons. While a more large-scale investigation 
could have afforded further insights into this particular aspect of 
hackathons, we leave it to future work to explore, e.g., using LLMs-

as-a-judge to enable such large-scale analysis without being overly 
costly. 

Future research could explore approaches for operationalizing 
creativity constructs further to validate them, or explore other 
ways of operationalizing novelty and usefulness in meaningful 
ways. Hackathon platforms such as Devpost could consider creating 
templates for hackathon descriptions which enable users to reflect 
on and write how their project is creative in terms of novelty and 
usefulness, to enable creativity assessment not just for creativity 
researchers but also for hackathon judges and perhaps recruiters 
as well. 

6.2.2 LLM-as-a(n additional)-Judge. The motivation for exploring 
LLMs as-a-judge in large-scale creativity evaluation is compelling 
(RQ3). Because of their training on huge datasets, LLMs possess 
broad and detailed information about many different topics and 
domains which they can draw on in their inference phase. When 
assessing a product for its creativity, an expert would draw on their 
detailed knowledge about a domain to judge whether a product 
within that domain is creative—i.e. novel and useful within that 

context—or not. Recruiting human experts for all the different topics 
in our hackathon project dataset would be practically infeasible, 
which underscores the need for exploring automated approaches 
such as LLMs for this. Hence, a few LLMs should be able to judge 
a large dataset with an expert view, because they possess detailed 
information about probably all of the relevant topics in the dataset. 
This could potentially also circumvent the limitations of attempts 
to operationalize creativity for statistical analysis, which risk being 
too constrained as discussed above. 

For this reason, Luchini and colleagues have therefore explored 
LLMs to judge the creativity of creative problem-solving tasks 
[58]. Our findings from Section 5, which explores LLM as-a-judge, 
differ somewhat from Luchini and colleagues’ approach, despite 
overall similarities [58]. While they fine-tuned language models 
to score quality and originality in creative problem-solving tasks, 
demonstrating high correlation with human scoring, we contend 
this method has limitations. Their models, trained on task-specific 
texts and human ratings, naturally correlate well when applied to 
similar texts. However, this correlation may be more a result of 
the training process on homogeneous data than a true measure of 
creativity assessment. Our method addresses this potential bias by 
using an out-of-the-box LLM, not fine-tuned on the task at hand, 
to investigate whether its predictions still correlate with human 
ratings. 

Despite their potential, LLMs as judges face notable challenges. 
Our findings reveal their tendency to provide overly optimistic and 
uniform evaluations, undermining their ability to offer nuanced 
critique or differentiate effectively between creative projects. This 
phenomenon aligns with the broader trend of designing AI systems 
to align with “human values” by prioritizing servility and safety [13]. 
While this approach has commercial success, it limits the models’ 
capacity for critical engagement. The tradeoff between "pleasing" 
and "provoking" interactions highlights a fundamental challenge 
for AI in balancing reinforcement with critical divergence [77, 84]. 
For hackathon evaluations, this limitation suggests the need for 
mechanisms that encourage models to assess more critically and 
avoid falling into overly affirmative patterns. 

One of the most relevant works for our discussion is by Or-
ganisciak et al. [68], who not only fine-tuned GPT-style models 
similar to Luchini and colleagues, but also explored a “few-shot” 
approach with GPT-4 [2], presenting several task examples in the 
prompt instead of attempting it “zero-shot” like us (i.e., no task 
examples). Their findings show that GPT-4 achieves relatively good 
correlation with human ratings on Alternative Use Tests (AUT) 
responses (𝑟 = .70). However, we argue that hackathon project rat-
ings involve greater subjectivity, as evidenced by our results in 
Section 5. Nevertheless, following [68]’s approach, we see merit in 
providing demonstrations to LLMs on rating hackathon project de-
scriptions or fine-tuning them on a set of examples. We hypothesize 
that this method could potentially improve agreement between hu-
mans and LLMs. Additionally, research by Kim and colleagues [48] 
suggests that providing detailed explanations for each score in a 
rubric improves scoring robustness, offering another avenue for 
improvement. An important consideration is the current context 
length limitation of LLMs, typically 8,192 subwords (chunks of a 
word) for the model sizes we used. This constraint has implications 
not only for potentially lengthy hackathon project descriptions but 
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also for applications in other domains such as patent, grant funding 
and academic paper analysis. 

Rather than positioning LLMs as equal to human judges, we 
propose framing them within the paradigm of hybrid intelligence 
[61, 62, 84], where LLMs complement and enhance human eval-
uation and decision-making processes. For instance, in the con-
text of judging creative projects within a single hackathon, LLMs 
could serve as supplementary judges, providing valuable support 
to human judges. They might offer synthesized overviews of large 
datasets, highlight trends, and pose probing questions to foster 
deeper insights. Beyond judging, a fine-tuned LLM trained on 
hackathon-specific data could act as an assistant to hackathon 
organizers, helping uncover statistically significant relationships 
between factors such as team composition, participant confidence, 
and hackathon planning effectiveness. Additionally, building on 
the statistical analysis in Section 4 and the predictive model for cre-
ativity introduced in Section 3.2, a direction for future work would 
be to explore how the model’s outcomes align with the creativity 
judgments provided by LLMs. 

6.2.3 Other Venues for Exploring Real-World Large-Scale Data on 
Creativity. Data on hackathon projects are one way to identify 
real-world data on creativity. For creativity researchers wishing to 
explore similar approaches to large-scale analyses of creativity as 
ours, we see opportunities in a range of other disciplines for this 
pursuit. Grant writing has been suggested as a form of creative 
writing: “Creativity often sets apart winnable, funded grant projects 
from projects that are less impressive to funders in real-world 
settings” [31]. Continuing the theme of creative writing, papers and 
patents could be considered here too. In a similar vein, Park, Leahey 
and Funk conducted a large-scale analysis on papers and patents 
and calculated their “consolidating or disruptive nature” [69]. Such 
an analysis could also explore their creativity in terms of novelty 
and usefulness. Crowdsourcing social innovation platforms, like 
OpenIDEO

5 
, are also interesting for exploring large scale creativity 

evaluations [95]. 

6.3 Environmental Impact 
We acknowledge that conducting a large-scale analysis using LLMs 
comes with an environmental impact. Experiments were conducted 
using private infrastructure in Denmark, which has a carbon effi-

ciency of 0.115 kgCO2eq/kWh in the month of August. A cumulative 
of 109 GPU hours (summed for all four LLMs) of computation was 
performed on NVIDIA A40 GPUs, which has a TDP of 300 Watts. 
Total emissions are estimated to be 3.76 kgCO2eq. Estimations 
were conducted using the Machine Learning Impact calculator6 

presented in [52]. 

7 Conclusion 
In this paper, we have explored methods for evaluating creativ-
ity at scale. We frame hackathon projects as valuable real-world 
data to evaluate creativity, however, while we have sought to repli-
cate and extend prior research contributions’ approaches for doing 
this, going from process-related creativity evaluations to evaluating 

5
https://www.openideo.com/

6
Find the tool here: https://mlco2.github.io/impact. 

creativity in real-world data is challenging. We replicated and ex-
tended the prior work in the following ways: (1) we operationalized 
not only novelty as a creativity construct, but also usefulness as a 
creativity construct. We filtered the dataset with these two opera-
tionalized constructs and discussed the most interesting findings 
from this subset, which we framed as creative. (2) We explored 
recent calls to explore LLM-as-a-judge to provide further insights 
into creativity from the full dataset, and to discuss how LLMs may 
be framed as an additional judge which can support human raters. 
We discuss the overall challenges and opportunities for evaluating 
creativity from large-scale data, which remains a challenge to do. 
Our findings also challenge some of the previous work which has 
been done in this area and discuss future research directions. 
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A LLM-as-a-judge prompt 
In Figure 6, we indicate the full model prompt we use to query the four LLMs we use in our study. 

### System Prompt ### 
You are a rigorous and efficient evaluation assistant for rating creativity. Your task is to provide scores and feedback systematically. 
Follow the format strictly: first provide the scores for Novelty and Usefulness, then the rationale for each score in under 100 words. 
Ensure that feedback is clear, concise, and aligned with the rubric provided, avoiding unnecessary commentary. 

### User Prompt ### 
Task Description: You are tasked with evaluating a project description based on two criteria: Novelty and Usefulness, using a 5-point 
Likert scale. 
1. Write the scores for Novelty and Usefulness as integers between 1 and 5, strictly referring to the score rubric. 2. Provide concise 
feedback (within 50 words) justifying each score. 3. Format your output as follows: ’Novelty: [RESULT] (1-5) Usefulness: [RESULT] 
(1-5) Feedback: [Your feedback here]’. 4. Do not include any other text or explanation. 
Evaluation Criteria: Novelty: Evaluate how unique and original the project’s concept, approach, or solution is. Consider whether it 
introduces new ideas, methods, or perspectives that differ significantly from existing ones. Usefulness: Evaluate how practical and 
appropriate the project is in addressing its targeted problem or challenge. Consider whether it effectively solves a real-world issue or 
meets a specific need. 

Project Description to Evaluate: 
{Example Hackathon Description} 

Figure 6: Prompt for Evaluating Hackathon Descriptions. We show the prompt we use for all four models in our study. First we 
give a system prompt, in the form of a “model-should-act-as”. Then, in subsequent paragraphs, (1) we give detailed feedback for 
the task itself, (2) give instructions on how to evaluate the text, (3) the hackathon description, and (4) the rubrics that should be 
used for the final judgment. 
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B Correlation Tables 

Table 2: Pearson Correlation among Variables for Participants. p<0.05 (*), p<0.01 (**), p<0.001 (***). 

#Projects 0.82*** 
#Interests 0.08*** 0.08*** 
#Skills 0.15*** 0.14*** 0.24*** 
Years of Experience 0.48*** 0.48*** 0.03*** 0.14*** 
Has Followers 0.26*** 0.24*** 0.12*** 0.18*** 0.23*** 
Has Likes 0.3*** 0.28*** 0.11*** 0.17*** 0.28*** 0.32*** 
AVG. Weighted Winning 0.06*** 0.05*** 0.05*** 0.04*** 0.02*** 0.06*** 0.09*** 

#Hackathons #Projects #Interests #Skills Years of Experience Has Followers Has Likes 

Table 3: Pearson Correlation among Variables for Collaborations. p<0.05 (*), p<0.01 (**), p<0.001 (***). 

Collab. Proj. Repetition 0.49*** 
Collab. Hack. Repetition 0.29*** 0.86*** 
Proj. Repetition 0.19*** 0.48*** 0.35*** 
Hack. Repetition 0.14*** 0.58*** 0.76*** 0.58*** 
Interests 0.25*** 0.13*** 0.08*** 0.29*** 0.17*** 
Common Interests -0.31*** -0.01 -0.01 0.09*** 0.09*** 0.42*** 
Diff. Interests 0.46*** 0.14*** 0.09*** 0.26*** 0.14*** 0.84*** -0.14*** 
Skills 0.6*** 0.33*** 0.23*** 0.27*** 0.18*** 0.33*** -0.07*** 0.4*** 
Common Skills -0.41*** -0.04*** -0.02*** -0.01* 0.02*** 0 0.45*** -0.27*** 0.06***

Diff. Skills 0.73*** 0.34*** 0.23*** 0.25*** 0.16*** 0.31*** -0.24*** 0.48*** 0.92*** -0.33*** 
Winner 0.09*** 0.03*** 0.05*** 0.09*** 0.1*** 0.08*** -0.02*** 0.1*** 0.12*** -0.03*** 0.13*** 

#Participants Collab. Proj. Repetition Collab. Hack. Repetition Proj. Repetition Hack. Repetition Interests Common Interests Diff. Interests Skills Common Skills Diff. Skills 

Table 4: Pearson Correlation among Variables in Hackathons. p<0.05 (*), p<0.01 (**), p<0.001 (***). 

# act. Participants 0.92*** 
# Judges 0.11*** 0.08*** 
# Sponsors 0.08*** 0.08*** 0.27*** 
Onsite -0.17*** -0.11*** -0.08*** -0.07*** 
# Days 0.04** 0 0.05*** -0.07*** -0.34*** 
# Places 0.28*** 0.21*** 0.23*** 0.23*** 0.04** -0.1*** 
Competition (T) -0.22*** -0.17*** -0.07*** 0.01 0.13*** -0.07*** 0.02 
Competition (I) -0.17*** -0.14*** -0.08*** -0.03* 0.05*** 0 -0.04** 0.85*** 
# Winners 0.7*** 0.62*** 0.1*** 0.14*** -0.25*** 0.05*** 0.27*** -0.18*** -0.15*** 

# sub. Projects # act. Participants # Judges # Sponsors Onsite # Days # Places Competition (T) Competition (I) 
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-0.01* 0.00*** 0.04*** 0.00*** -0.01*** -0.01*** -0.00*** -0.01*** -0.00*** -0.01*** -0.01*** -0.01*** -0.00*** 0.01*** 0.01*** 0.00 -0.00*** -0.01*** -0.00*** -0.00*** -0.01*** 0.02*** 0.00** 0.00*** 0.27*** -0.00*** 0.23*** 0.01*** 1.00***

-0.00 0.01*** -0.00*** -0.00** -0.00*** -0.00*** 0.00*** 0.00*** -0.00*** 0.00*** 0.00*** -0.00*** 0.00*** 0.01*** -0.00*** -0.01*** 0.01*** -0.01*** -0.00*** -0.00*** -0.01*** 0.00*** -0.01*** 0.63*** -0.00*** 0.04*** 0.00*** 0.10*** 0.00*** 1.00***
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Figure 9: Spearman’s Rank Correlation Coefficients among Variables. 
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D Algorithm 

Algorithm 1: Project and Hackathon Collaboration Algorithm 

Input: Dataset containing projects, hackathons, and participants 
Output: creator2creator-project, creator2creator-hackathon, collaboration repetition and repetition metrics 

1 Initialize: 
2 𝑐𝑟 𝑒𝑎𝑡𝑜𝑟 2𝑐𝑟 𝑒𝑎𝑡𝑜𝑟 _𝑝𝑟 𝑜 𝑗 𝑒𝑐𝑡 ← ∅ 
3 𝑐𝑟 𝑒𝑎𝑡𝑜𝑟 2𝑐𝑟 𝑒𝑎𝑡𝑜𝑟 _ℎ𝑎𝑐𝑘𝑎𝑡ℎ𝑜𝑛 ← ∅ 
4 𝑐𝑜𝑙 𝑙𝑎𝑏𝑜𝑟 𝑎𝑡 𝑖𝑜𝑛_𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛_𝑝𝑟 𝑜 𝑗𝑒𝑐𝑡 ← ∅ 
5 𝑐𝑜𝑙 𝑙𝑎𝑏𝑜𝑟 𝑎𝑡 𝑖𝑜𝑛_𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛_ℎ𝑎𝑐𝑘𝑎𝑡ℎ𝑜𝑛 ← ∅ 
6 𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛_𝑝𝑟 𝑜 𝑗𝑒𝑐𝑡 ← ∅ 
7 𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛_ℎ𝑎𝑐𝑘𝑎𝑡ℎ𝑜𝑛 ← ∅ 
8 foreach project 𝑝 in dataset[’projects’] do 
9 creators 𝐶𝑝 ← 𝑝 [ ′ 𝑐𝑟 𝑒𝑎𝑡 𝑜𝑟 𝑠 ′ ] 

10 foreach pair of creators (𝑐𝑖 , 𝑐 𝑗 ) in 𝐶𝑝 do 
11 if (𝑐𝑖 , 𝑐 𝑗 ) or (𝑐 𝑗 , 𝑐𝑖 ) exists in 𝑐𝑟 𝑒𝑎𝑡 𝑜𝑟 2𝑐𝑟 𝑒𝑎𝑡 𝑜𝑟 _𝑝𝑟 𝑜 𝑗 𝑒𝑐𝑡 then 
12 𝑐𝑟 𝑒𝑎𝑡𝑜𝑟 2𝑐𝑟 𝑒𝑎𝑡 𝑜𝑟 _𝑝𝑟 𝑜 𝑗 𝑒𝑐𝑡 [(𝑐𝑖 , 𝑐 𝑗 )] ← 𝑐𝑟 𝑒𝑎𝑡 𝑜𝑟 2𝑐𝑟 𝑒𝑎𝑡𝑜𝑟 _𝑝𝑟 𝑜 𝑗𝑒𝑐𝑡 [(𝑐𝑖 , 𝑐 𝑗 )] + 1 
13 end 
14 else 
15 𝑐𝑟 𝑒𝑎𝑡𝑜𝑟 2𝑐𝑟 𝑒𝑎𝑡 𝑜𝑟 _𝑝𝑟 𝑜 𝑗 𝑒𝑐𝑡 [(𝑐𝑖 , 𝑐 𝑗 )] ← 1 
16 end 
17 end 
18 foreach creator 𝑐 in 𝐶𝑝 do 
19 𝑐𝑜𝑙𝑙 𝑎𝑏𝑜𝑟 𝑎𝑡 𝑖𝑜𝑛_𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛_𝑝𝑟 𝑜 𝑗 𝑒𝑐𝑡 [𝑐 ] ← 𝑐𝑜𝑙 𝑙𝑎𝑏𝑜𝑟 𝑎𝑡 𝑖𝑜𝑛_𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛_𝑝𝑟 𝑜 𝑗𝑒𝑐𝑡 [𝑐 ] + 1 
20 𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛_𝑝𝑟 𝑜 𝑗 𝑒𝑐𝑡 [𝑐 ] ← 𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛_𝑝𝑟 𝑜 𝑗 𝑒𝑐𝑡 [𝑐 ] + 𝑐𝑜𝑙𝑙𝑎𝑏𝑜𝑟 𝑎𝑡 𝑖𝑜𝑛_𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛 _𝑝𝑟 𝑜 𝑗 𝑒𝑐𝑡 [𝑐 ] 
21 end 
22 end 
23 foreach hackathon ℎ in dataset[’hackathons’] do 
24 creators 𝐶ℎ ← ℎ [ ′ 𝑐𝑟 𝑒𝑎𝑡 𝑜𝑟 𝑠 ′ ] 
25 foreach pair of creators (𝑐𝑖 , 𝑐 𝑗 ) in 𝐶ℎ do 
26 if (𝑐𝑖 , 𝑐 𝑗 ) or (𝑐 𝑗 , 𝑐𝑖 ) exists in 𝑐𝑟 𝑒𝑎𝑡 𝑜𝑟 2𝑐𝑟 𝑒𝑎𝑡 𝑜𝑟 _ℎ𝑎𝑐𝑘𝑎𝑡 ℎ𝑜𝑛 then 
27 𝑐𝑟 𝑒𝑎𝑡𝑜𝑟 2𝑐𝑟 𝑒𝑎𝑡 𝑜𝑟 _ℎ𝑎𝑐𝑘𝑎𝑡ℎ𝑜𝑛 [(𝑐𝑖 , 𝑐 𝑗 )] ← 𝑐𝑟 𝑒𝑎𝑡 𝑜𝑟 2𝑐𝑟 𝑒𝑎𝑡𝑜𝑟 _ℎ𝑎𝑐𝑘𝑎𝑡 ℎ𝑜𝑛 [(𝑐𝑖 , 𝑐 𝑗 )] + 1 
28 end 
29 else 
30 𝑐𝑟 𝑒𝑎𝑡𝑜𝑟 2𝑐𝑟 𝑒𝑎𝑡 𝑜𝑟 _ℎ𝑎𝑐𝑘𝑎𝑡ℎ𝑜𝑛 [(𝑐𝑖 , 𝑐 𝑗 )] ← 1 
31 end 
32 end 
33 foreach creator 𝑐 in 𝐶ℎ do 
34 𝑐𝑜𝑙𝑙 𝑎𝑏𝑜𝑟 𝑎𝑡 𝑖𝑜𝑛_𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛_ℎ𝑎𝑐𝑘𝑎𝑡ℎ𝑜𝑛 [𝑐 ] ← 𝑐𝑜𝑙𝑙𝑎𝑏𝑜𝑟 𝑎𝑡 𝑖𝑜𝑛_𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛_ℎ𝑎𝑐𝑘𝑎𝑡 ℎ𝑜𝑛 [𝑐 ] + 1 
35 𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛_ℎ𝑎𝑐𝑘𝑎𝑡 ℎ𝑜𝑛 [𝑐 ] ← 𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛_ℎ𝑎𝑐𝑘𝑎𝑡ℎ𝑜𝑛 [𝑐 ] + 𝑐𝑜𝑙𝑙𝑎𝑏𝑜𝑟 𝑎𝑡 𝑖𝑜𝑛_𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛_ℎ𝑎𝑐𝑘𝑎𝑡ℎ𝑜𝑛 [𝑐 ] 
36 end 
37 end 
38 return 𝑐𝑜𝑙 𝑙𝑎𝑏𝑜𝑟 𝑎𝑡 𝑖𝑜𝑛_𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛_𝑝𝑟 𝑜 𝑗𝑒𝑐𝑡 , 𝑐𝑜𝑙𝑙𝑎𝑏𝑜𝑟 𝑎𝑡 𝑖𝑜𝑛 _𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛 _ℎ𝑎𝑐𝑘𝑎𝑡 ℎ𝑜𝑛, 
39 𝑟 𝑒𝑝𝑒𝑡 𝑖𝑡 𝑖𝑜𝑛_𝑝𝑟 𝑜 𝑗𝑒𝑐𝑡 , 𝑟 𝑒𝑝𝑒𝑡 𝑖 𝑡 𝑖𝑜 𝑛_ℎ𝑎𝑐𝑘 𝑎𝑡 ℎ𝑜 𝑛 
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