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Abstract
Creativity is a fundamental skill of human cognition. We use textual forma men-
tis networks (TFMN) to extract network (semantic/syntactic associations) and 
emotional features from approximately one thousand human-, GPT3.5-, and Son-
net 3.7-generated stories. Using Explainable Artificial Intelligence (XAI) we test 
whether features relative to Mednick’s associative theory of creativity can explain 
creativity ratings assigned by humans or AI raters. Using XGBoost, we examine 5 
scenarios: (i) human rating human stories, (ii) GPT-3.5 rating human stories, (iii) 
GPT-3.5 rating GPT-3.5 stories, (iv) Sonnet 3.7 rating human stories, and (v) Son-
net 3.7 rating Sonnet 3.7 stories. Our findings reveal that GPT-3.5 and Sonnet 3.7 
ratings differ significantly from human ratings not only in terms of correlations but 
also because of feature patterns identified with XAI methods. GPT-3.5 and Sonnet 
3.7 favour “their own” stories and rate human stories differently from humans. 
Feature importance analysis with SHAP scores shows that: (i) network features 
are more predictive for human creativity ratings but also for ratings by GPT-3.5 
and Sonnet 3.7 for human stories; (ii) emotional features played a greater role than 
semantic/syntactic network structure in GPT-3.5 and Sonnet 3.7 rating their own 
stories. These quantitative results underscore key limitations in the ability of GPT-
3.5 and Sonnet 3.7 to align with human assessments of creativity. We emphasise 
the need for caution when using AI models to assess and generate creative con-
tent, as they may not yet capture the nuanced complexity that characterises human 
creativity.
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1  Introduction

Creativity is a fundamental aspect of human knowledge. Understanding how concep-
tual associations convey creativity has become a focal point of scientific research. 
In a cognitive context, creativity can be defined as the ability to generate ideas or 
products that are both novel and valuable [7, 37]. When it comes to texts, creativity 
involves the use of language in innovative ways, encompassing originality in word 
choice, syntactic structure, and the overall thematic expression [22, 54]. Evaluating 
the creativity of texts presents a challenge due to the subjective nature of creativity 
and the specific characteristics of textual data. Metrics such as word infrequency, 
unique word combinations, syntax uniqueness, rhyme, and phonetic similarity have 
been proposed as good explainers for variance in human creativity ratings [54]. Cre-
ativity in texts generated by large language models (LLMs), however, has not yet 
received as much attention, which leaves a gap in the literature.

In short narratives, creativity has been identified through various stylistic and qual-
itative features. These include new word formations, unexpected turns in the plot, and 
original and vivid settings [12]. An unexpected turn in the plot refers to a surprising 
development or twist that deviates from the anticipated storyline. Vivid settings, on 
the other hand, are detailed and imaginative descriptions of the environment in which 
the story takes place, allowing readers to visualise and immerse themselves in the 
narrative [12]. Beyond these qualitative features, the creativity level of a short narra-
tive can also be assessed on a more quantitative level. Psychometric approaches have 
been used to evaluate creativity in texts [22]. Understanding and assigning scores for 
creativity in short narratives has benefitted from network science and machine learn-
ing approaches. Although these approaches are powerful in combining human and 
Artificial Intelligence (AI) early models for ratings, these methods face challenges, 
such as the difficulty in creating standardised measures that accurately reflect all the 
nuanced and multifaceted aspects of creative writing [54]. Nevertheless, previous 
research has underscored significant correlations between the structure of semantic 
networks and creativity levels in individuals, suggesting that network features may 
serve as reliable indicators of narrative creativity [16, 19, 38]. Furthermore, recent 
studies have leveraged semantic network features and machine learning algorithms 
to reduce subjectivity in creativity ratings and automatically assign more objective 
creativity scores [1, 5, 19, 22].

1.1  Quantitative assessments of semantic and syntactic features of creative 
stories

Advancements in computational models, such as Bidirectional Encoder Representa-
tions from Transformers (BERT), have demonstrated significant predictive power in 
assessing creativity based on the structural components of narratives [22]. BERT is 
a deep learning language model that understands the context of words in a text by 
analysing their co-occurrences [49]. To represent the structural components of nar-
ratives, BERT uses word embeddings, i.e. numerical representations of words that 
capture meanings, syntactic properties, and relationships with other words. These 
embeddings place words in a continuous vector space, where words with similar 
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meanings are located closer to each other. This allows BERT to effectively under-
stand and process the context of words in a text, enhancing its ability to analyse 
and generate human-like language [22]. Whereas embeddings represent words as 
numerical vectors of non-interpretable word-word co-occurrences in texts, there are 
also other approaches to quantifying the structure of associative knowledge repre-
senting creativity levels in texts. For instance, the field of cognitive network sci-
ence [41] promotes interpretable models where associative knowledge is represented 
as a set of conceptual relationships linked by one or several types of associations 
[43]. In this way, a semantic network is a representational model of associations 
between concepts, and the network structure enables quantitative measurements 
apparently unavailable to unstructured texts. For instance, there are syntactic rela-
tionships between words in texts, which, although not immediately visible, are cru-
cial for sentence meaning. These syntactic relationships help in understanding how 
words function together within a sentence and which roles each of these words play, 
thereby contributing to the overall meaning [18]. Consider, for instance, the changed 
meaning in the following sentences when rearranging the word order and, thus, rear-
ranging the syntactic dependencies: “Peter gave a flower to the cow. The cow gave 
a flower to Peter.” By analysing the amount and type of syntactic relationships, we 
can reconstruct semantic frames or attribute semantic richness (i.e. node degree) to 
a given concept. This allows for a deeper understanding of how ideas are connected 
and how complex meanings are constructed in a text [17].

Textual forma mentis networks (TFMNs) provide a powerful tool for this kind of 
analysis [42]. TFMNs automatically extract the structure of mindsets—the layout 
of associations connecting concepts with each other—from textual data. These cog-
nitive networks automatically extract conceptual associations and sentiment labels 
from texts [38]. The resulting network structure is informative of the cognitive layout 
of conceptual associations, representing how authors organised and associated their 
knowledge around various topics. Unlike “black box” machine learning approaches, 
TFMNs provide transparent insights into the semantic content and emotional context 
of the analysed text, including emotional scores expressing how rich in emotional 
words a given text is compared to a random model. For instance, TFMNs have been 
successfully used to reconstruct issues such as the gender gap in science, revealing 
how knowledge is organised and perceived around this topic [42].

TFMNs provide semantic network features for the analysed texts by using the 
EmoAtlas library in Python. EmoAtlas leverages lexicons that have been validated 
in psychological studies to detect the eight basic emotions identified in Plutchik’s 
theory of basic emotions [36]. Plutchik’s theory posits that there are eight primary 
emotions, each of which has a polar opposite: joy and sadness, trust and disgust, fear 
and anger, and surprise and anticipation. These emotions can combine to form more 
complex feelings and play a crucial role in how humans experience and express emo-
tions [36]. These emotional features are quantified by calculating z-scores, which 
determine how frequently emotion words appear in the text compared to a null model 
[38]. This approach identifies emotions that are significantly over- or underrepre-
sented, and is explained in more detail in Sect. 2.3.

Semeraro et al. [38] found that both BERT and TFMNs display different features 
when reproducing creativity ratings for the same textual data. While BERT focuses 
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on semantic aspects of creativity, TFMNs highlight syntactic and emotional relation-
ships, with each method offering unique insights into the creative process of narra-
tives [38]. The semantic network features gained from a complex network, such as 
network distance, clustering coefficient or degree centrality, can be used as structural 
components to assess the creativity level of short stories [38]. Network distance, i.e. 
average shortest path length (ASPL), refers to the average number of steps, hops or 
connections required to link two concepts within the network [18]. From a cogni-
tive perspective, distance captures the relatedness of concepts, indicating how many 
syntactic specifications or relationships can separate two concepts in a given text. 
Higher distances between entries suggest more remote associations, which are often 
linked to higher creativity levels [17], as they imply a broader range of conceptual 
connections. The clustering coefficient, on the other hand, reflects how frequently 
triads of concepts are interconnected, potentially mirroring syntactic structures such 
as subject-verb-object triplets [18]. High clustering coefficients indicate tightly knit 
groups of concepts, which can imply a well-structured narrative. Conversely, lower 
clustering coefficients might suggest more diverse and loosely connected ideas, 
contributing to creative storytelling by avoiding overly predictable or conventional 
associations. Furthermore, degree centrality measures the number of direct connec-
tions a node has with other nodes in the network [41]. In a cognitive context, high 
degree centrality signifies that certain pivotal concepts are highly connected to other 
concepts within the narrative. This centrality can highlight key ideas or themes that 
serve as focal points in the story, contributing to its depth and complexity [23]. The 
network approach can importantly fuel ideas coming from cognitive psychology, like 
the Associative Theory of Creativity proposed by Mednick [28]. This psychologi-
cal theory posits that creativity arises from the ability to form connections between 
distant and seemingly unrelated concepts within a semantic network. According to 
this theory, the more distant the connections, the higher the creativity. Thus, assum-
ing that creativity interacts with a structured system where one can define a notion of 
distance between concepts, network distance can be employed as a proxy for testing 
the presence of creativity levels, with greater distances suggesting higher levels of 
creative potential [19, 22].

1.2  Main aims of this work

Importantly, automated assessments of creativity levels in stories can be applied also 
to the investigation of machine psychology. Considering Large Language Models 
(LLMs) as cognitive agents able to search for concepts in a certain knowledge space 
and assemble narratives, one can consider the task of assessing creativity features 
in LLMs as similar to the task of assessing creativity in humans and their stories. 
However, to the best of our knowledge, despite some studies investigating creativity 
in LLMs directly via psychometric questionnaires [14], assessing LLMs’ creativity 
features from the text that they produced is apparently an unexplored research direc-
tion. This gap can be addressed with the above frameworks from cognitive network 
science.

The current work lies at the intersection of machine learning, creativity research 
and cognitive network science, providing a quantitative comparison between the fea-
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tures that characterise those stories being rated as creative by either humans or AI 
raters impersonated by GPT-3.5 and Sonnet 3.7. Our approach leverages Explainable 
Artificial Intelligence (XAI) in order to address the limitations of subjective human 
evaluations [5, 19]. Furthermore, by contrasting not only ratings but also stories writ-
ten either by humans, GPT-3.5 or Sonnet 3.7, we seek to investigate the shared or 
diverging attributes of creativity as perceived by both human raters and AI. Finally, 
by using two different AI models for writing and rating creative stories, we aim to 
compare the performance of a legacy older LLM (GPT-3.5) and a last generation 
novel model (Sonnet 3.7).

The paper at hand builds on the foundational work by Johnson et al. [22] and 
extends the understanding of how quantitative cognitive network features, beyond 
distance, can predict creativity ratings. We investigate the influence of 13 quantita-
tive network and emotional features of texts on creativity scores. These additional 
measures offer deeper insights into the organisation and thematic consistency of nar-
ratives, potentially correlating with their creative potential [6, 33, 39].

Even before the launch and widespread availability of ChatGPT, researchers have 
debated the creative potential of AI, but few studies have quantified it in direct con-
trast to human creativity. In our work, we utilise the human dataset provided online 
by Johnson et al. [22] and compare it to two newly generated datasets with an equiva-
lent number of stories (“participants”) created by GPT-3.5 and Sonnet 3.7 each. By 
analysing the TFMNs and the emotional features of stories produced by GPT-3.5 and 
Sonnet 3.7, we aim to understand how these AI-generated narratives are structured 
and subsequently compare these structures to creativity ratings also provided by the 
same AI model. This dual analysis allows us to assess not only the structural ele-
ments of the stories but also the features that GPT-3.5 and Sonnet 3.7 each consider 
important when rating the creativity of a narrative. It is relevant to mention that at the 
current time of writing up this manuscript, GPT-3.5 is not available any more for use 
via the web interface but it remains available in the GPT store and for usage via API, 
thus still enabling scientific experiments. In the following subsection we outline the 
ideas behind emotional features of stories.

1.3  Beyond semantics: incorporating emotions in short stories’ creativity ratings

Besides syntactic and semantic structure, the role of emotions in narrative creativity 
should not be ignored. Emotions profoundly influence memory, cognitive processing, 
imagination, and the overall structure of narratives [21, 29]. Research by Vrana et al. 
[51] has demonstrated that the coherence of narratives varies with emotional content, 
with neutral narratives exhibiting greater coherence than those recounting traumatic 
events.

By incorporating emotion analysis into our assessment framework, we aim to 
explore how the presence and intensity of basic emotions (anger, trust, surprise, 
disgust, joy, sadness, fear, and anticipation) influence creativity ratings. We imple-
ment this emotion analysis using the EmoAtlas library [38], which captures emotions 
through psychologically validated datasets and provides interpretable measures.
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1.4  Manuscript outline

This work is structured around four key objectives, aimed at deepening our under-
standing of the interplay between narrative structure, emotion, and perceived creativ-
ity. Firstly, we focus on predicting creativity levels based on specific network and 
emotion features of the stories. The network features we try to leverage include con-
cept centrality (e.g. degree centrality) and features of network structure (e.g. average 
shortest path length, clustering coefficient, diameter) with some levels of interpret-
ability within the literature of cognitive network science. By analysing these features, 
we aim to identify which elements are most closely related to high or low creativity 
ratings given by human or AI raters impersonated by GPT-3.5 and Sonnet 3.7.

Secondly, we compare the semantic network features and emotion scores between 
stories generated by human participants and those produced by GPT-3.5 or Sonnet 
3.7. This comparison will reveal differences in how these narratives are structured 
and the emotional content they convey.

Thirdly, we have also tasked GPT-3.5 and Sonnet 3.7 with rating the original 
human stories collected by Johnson et al. [22], thus obtaining two sets of ratings of 
GPT-3.5 and Sonnet 3.7 each rating human stories. We use this as an additional point 
of comparison to assess how both AI models rate stories generated by themselves dif-
ferently from human stories and how the GPT-3.5 and Sonnet 3.7 ratings differ from 
the human ratings. We expect that certain network features, such as a higher cluster-
ing coefficient and degree centrality, will correlate strongly with higher creativity rat-
ings, reflecting well-defined themes and pivotal narrative elements. On an emotional 
level, we anticipate that narratives with higher z-scores for positive emotions like 
joy and anticipation will be rated as more creative, consistent with findings that posi-
tive emotional valence enhances creative flexibility, which is a critical component of 
creative thinking. For instance, positive emotional states can reduce cognitive switch 
costs, indicating enhanced cognitive flexibility and better performance in creative 
problem-solving tasks [2, 52].

Finally, we also hypothesise that differences will emerge in the creativity assess-
ments between human raters, GPT-3.5 raters, and Sonnet 3.7 raters with AI poten-
tially focusing more on structural coherence and complexity due to its training on 
vast amounts of text data [7]. Furthermore, we expect GPT-3.5, as an older generation 
model, to perform more differently from humans, while the recent generation Sonnet 
3.7 is expected to align more closely with human performance for both story writing 
and creativity ratings. By addressing these questions, our project aims to contrib-
ute to the understanding of narrative creativity and the potential of AI in creative 
assessments.
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2  Methodology

2.1  Materials

2.1.1  Human dataset

The human dataset used in this study was generated as part of Study 2 of a series on 
divergent semantic integration (DSI) by Johnson et al. [22]. In the original study, 
Johnson et al. [22] recruited 153 participants using Amazon’s Mechanical Turk and 
compensated them $5.00 for their participation. The demographic distribution was 
as follows: Mean age = 38.62 (range: 22–70 years),82 women, 68 men, 3 non-binary 
individuals; 97% English first-language speakers; 78% White, 9% African-Ameri-
can, 3% Asian-American, and 9% other.

Participants were instructed to write a total of seven creative short stories (exclud-
ing one practice story). Three-word prompts were provided to them and all three 
words had to be included in the respective story. Each story was to be 4–6 sentences 
long and written within four minutes. The instruction script that was provided to the 
participants in the original study can be found in Table 1 in direct comparison with 
the modified instruction script we used for replicating the process with GPT-3.5 and 
Claude’s Sonnet 3.7. After going through the instructions, the participants were given 
the following prompts, one by one, in a randomised order per participant: stamp-
letter-send; gloom-payment-exist; organ-empire-comply; statement-stealth-detect; 
belief-faith-sing; petrol-diesel-pump; year-week-embark.

The stories were then rated by four human raters. Each rater was supposed to rate 
all 1071 stories but some ratings were missing for some stories in the dataset avail-
able from Johnson et al. [22]. For the purpose of our study, we cleaned the dataset by 
keeping only the stories that were rated by all four raters, discarding those with miss-
ing ratings and thus ensuring usability and reliability in our results. We discarded 74 
of the originally 1071 stories. This left us with 997 stories to investigate.

2.1.2  GPT and Sonnet datasets

To replicate the original study as closely as possible, we started out by testing and 
adapting the original instruction script. We did this by interacting directly with the 
online ChatGPT interface of GPT-3.5 and performing prompt engineering in an inter-
active way, testing responses directly on the web interface. When we were getting 
adequate and consistent responses to our prompts we settled on a script, which can be 
found in Table 1 in direct comparison with the original script. We used the same three-
word prompts as Johnson et al. [22]. We then manually generated the stories using 
the GPT-3.5 web interface, resetting the anonymous chat after each “individual”. 
We did this to minimise the risk of previous response influences between distinct 
participants. There were a few instances in which the “regenerate” function had to be 
employed, primarily due to technical errors or token limitations imposed by OpenAI, 
the company behind ChatGPT. In those cases, no story had been generated for the 
participant or prompt in question. For the Sonnet dataset, we used loops in a Google 
Colab Python script to automatically prompt Sonnet 3.7 to write the requested stories. 
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We retrieved a total of 1071 stories generated by GPT-3.5 and another 1071 stories 
generated by Sonnet 3.7: 7 from each of the 153 “participants”.

While the core content of our script remained unchanged, we had to make some 
adjustments in wording for best results. The most significant change was the addition 
of the word “distinct”, as the AI model initially did not generate a new story for each 
prompt, instead continuing the previously written one. We also excluded the time 
limit from the instructions, as it was not relevant in this context: aside from longer 
waiting times during high-demand periods, both GPT-3.5 and Sonnet 3.7 typically 
required only seconds to write a story.

2.2  Creativity ratings of stories

2.2.1  Human raters

In their study, Johnson et al. [22] recruited 4 human raters, tasked with assigning 
ratings to the stories, ranging from 1 (least creative) to 5 (most creative). The instruc-

Original script [22] Modified script
Instruction script
Please read these instruc-
tions carefully as we will 
ask you questions about 
them later. In the next task, 
you are required to write a 
very short story. You will 
be given 3 words, and you 
must write a story that is 
4 to 6 sentences long, that 
includes all 3 words. Try to 
use your imagination and be 
creative when writing your 
story. You have 4 min to 
write your story. Once you 
are finished, click the arrow 
button. When the 4 min are 
up, the task will move on

Instruction script
Please read these instructions care-
fully as we will ask you comprehen-
sion questions about them before 
you can begin the task. You are 
required to write seven very short 
stories. You will be given 3 words, 
and you must write a story that 
is 4 to 6 sentences long and that 
includes all 3 words. Try to use your 
imagination and be creative when 
writing your story. After you have 
completed the story, the next three 
words will be given to you and you 
will write a new distinct story. You 
will also need to write one practice 
story before starting the actual 
task. Are you ready to receive the 
comprehension questions?

Instruction check questions
What should you type in 
response to the three words?
You will write one sentence 
for each creative story

Instruction check questions
What is expected of you as a re-
sponse to the three words?
You will write one sentence for each 
creative story: true or false?

Practice trial
pencil-paper-write
[22]

Practice trial
Now please do a practice run 
with the following three words: 
pencil—paper—write
Main task
You’re ready to begin the main task 
now
Prompt 1—Your three words are: …
Prompt 2—Your three words are: …
[…]

Table 1  Instruction scripts for 
prompting GPT-3.5 and Sonnet 
3.7 with creating creative short 
stories
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tions for the raters, as taken from the supplementary materials of the original study, 
can be found in the Appendix 1.

2.2.2  GPT and Sonnet raters

Following Johnson et al. [22], we employed four artificial raters using GPT-3.5 
and four impersonations of raters by Claude’s Sonnet 3.7. To do this, we developed 
Python code using Google Colab, thus automating the rating process. Using the code, 
we made four separate calls to the GPT-3.5 API as well as to the Sonnet 3.7 API, 
each one serving as a distinct judge, tasked with rating all of our AI-generated short 
stories.

To avoid errors, we did not loop through the code four times and instead kept the 
raters separated in distinct sections. The structure of the code remained the same 
for each rater to ensure consistency. The code initialises the client and then iterates 
through the stories, sending each one to the API and collecting the returned rating in 
a list. The list is converted into a data frame, which is later integrated into a complete 
data frame, containing the ratings of all four judges.

We were able to keep the general instructions for the raters concise; however, 
we needed to put special emphasis on the output format, specifically requesting sin-
gle-number-only ratings to avoid obtaining in-depth analyses (GPT-3.5 sometimes 
explained the reasons for a rating even when not asked to). This approach ensured 
that we obtained the expected output format with high consistency. The full code can 
be found on OSF (https://osf.io/gcjqv/).

2.3  Computing cognitive networks from short stories

In this work we use textual forma mentis networks (TFMNs) to analyse the structural 
and conceptual construction of short stories. TFMNs provide a structured representa-
tion of mental associations between concepts in a narrative, capturing both structural 
and emotional links [42]. TFMNs are constructed from textual data and break down 
narratives into syntactic and semantic connections between words to represent how 
ideas connect within narratives [38]. TFMNs are constructed and analysed via the 
steps visualised in the flowchart (Fig. 1).

TFMNs rely on spaCy, a natural language processing library that analyses text 
to identify semantic and syntactic relationships between concepts in a given text. 
SpaCy performs tasks such as sentence splitting, tokenisation, and syntactic parsing, 
which allow TFMNs to accurately model grammatical and associative relationships 
within each sentence [38]. The construction of TFMNs relies on splitting a text into 
sentences and iteratively performing the following steps on each sentence:

(1)	 Tokenisation Each sentence is split into a set of tokens, i.e. words in our case.
(2)	 Syntactic parsing Using spaCy, each sentence undergoes syntactic parsing to 

form a syntax tree, identifying connections between words that share syntac-
tic dependencies (e.g. subject and object connected grammatically to the verb) 
even if they are separated by other elements within the sentence. This provides 
a considerable advantage over co-occurrence networks [3], which only create 
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connections between concepts that are located within a specified distance of each 
other. Consider the following example sentence: “Peter, despite his lactose intol-
erance and the high cost of milk-based products, loves cheese.” By analysing 
the text on the basis of a syntactic tree, the subject (“Peter”) can be linked with-
out problems to the grammatically connected verb and object (“loves cheese”) 
despite the long intermediate phrase (“despite his lactose intolerance and the high 
cost of milk-based products”). This syntactic dependency would go unnoticed in 
a simple co-occurrence network [38].

(3)	 Connecting non-stop words on the syntactic tree Once the syntactic trees are gen-
erated for each sentence, links are established between pairs of non-stopwords 
(e.g., nouns, verbs, adjectives, adverbs or in general words possessing a meaning 
of their own). Stop words (such as “and, or this, the”) are not considered in this 
step. Non-stop words are linked if within a distance of 3 nodes on the syntax tree. 
This approach allows only words that are syntactically close (regardless of how 
many words are positioned at each syntactic node) to be linked within the TFMN. 
In the example above, “Peter” is only separated by one intermediate syntactic 
node from “loves” despite twelve words occupying that syntactic level [38].

(4)	 Construction of TFMNs For each sentence, TFMNs are built separately, linking 
syntactically related tokens at a maximum distance of three steps from another 
[38]. The networks are then merged across sentences to create a unified TFMN 
for the entire text. This is done by appending all edge lists from each sentence 
into a unique simple graph, thus creating an edge list representing the whole text 
[38].

(5)	 Normalisation of words and enrichment After constructing an edge list for the 
entire TFMN, the tokens are normalised for consistency through lemmatisation. 
Lemmatisation means transferring the specific word into its lemmatised form, 

Fig. 1  Flowchart depicting the process in constructing textual forma mentis networks. In the bottom 
right corner, you find an example of a TFMN for the text: “My friend and I went to karaoke to have 
fun. He surprised me by playing my favourite song. He was terrible.” The valence of the words as 
identified using the EmoLex dataset is highlighted in cyan for positive, red for negative and grey for 
neutral valence
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which is its base or dictionary form, known as lemma. Thus, different inflections 
of a word are grouped together to their underlying lemma (e.g. “happiness” and 
“happier” → lemma “happy”). Tokens that become the same through normalisa-
tion are merged together [38]. Optionally, users can choose to enrich the net-
works with synonym relationships. In the current approach, synonym enrichment 
was applied.

(6)	 Assigning emotional valence Using the EmoLex dataset [30], emotional values 
are assigned to each word, marking them as positive, negative or neutral. In this 
step, the syntactic parsing supports taking negations into account for assign-
ing emotions. For example, the phrase “not happy” should be evaluated as the 
opposite of “happy” to correctly grasp the meaning. When emotional scores are 
computed, by analysing terms based on the syntactic structure, a negation can be 
properly linked to its associated term, which is then replaced with its antonym as 
encoded in WordNet, thereby refining the emotional analysis [38].

(7)	 Quantifying emotional features via z-scores The emotional features are quanti-
fied using z-scores, which measure how rich a given text is in terms of emo-
tional words compared to a null model. To simulate the expected distribution of 
emotion words, a null model is constructed by randomly sampling words from 
EmoLex, a psychological lexicon of emotion words commonly used for emotion 
detection in texts [38]. The z-score for each emotion is calculated by compar-
ing how many words in the text evoke that emotion with how many would be 
expected if words were chosen randomly from a reference lexicon such as Emo-
Lex. EmoAtlas sets a statistical threshold of |1.96|, meaning that z-scores greater 
than 1.96 or less than -1.96 indicate that the emotion is significantly more or less 
frequent than would be expected by random chance, with a significance level of 
0.05. By analysing these z-scores, we can obtain a nuanced understanding of the 
impact of each emotion on narrative creativity [38].

2.4  Extracting network features from short stories

After constructing a forma mentis network for every story in the dataset, we can 
extract the following key network features from the syntactic and semantic structure 
of word associations in texts: Diameter, average shortest path length, clustering coef-
ficient, degree centrality, and the inverse size of the largest connected component 
(1/|LCC|). These measures reveal global aspects of the narrative’s structure, such as 
its interconnectedness and cohesion [32].

A measure of distance is the average shortest path length (ASPL). It quantifies 
the efficiency of information flow within a network by calculating the average of the 
shortest path lengths between all pairs of nodes in a network. A shortest path length 
is the length of the sequence of links connecting any two nodes with the fewest hops. 
The average shortest path length refers to the average number of fewest steps needed 
to link two concepts within a network. A lower ASPL indicates that nodes are more 
directly reachable from each other, facilitating a faster and more efficient flow of 
information [32]. From a cognitive perspective, ASPL can measure how easy it could 
be for activation to spread between any two concepts. This was recently investigated 
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in computational studies [40] of the spreading activation model in cognitive psychol-
ogy [9].

The diameter of a network represents the length of the longest shortest path 
between any two nodes. It measures the furthest distance across the network, pro-
viding insight into the spread of the network. A larger diameter indicates a more 
dispersed structure, which can suggest limits to the efficiency of information flow 
across the network [32]. Network diameter was identified as a predictive feature for 
investigating creativity ratings in a past study [38].

The local clustering coefficient represents the probability that two neighbours of 
a given node are also neighbours to each other, forming triangles. For the entire net-
work, the mean clustering coefficient is the average of these local coefficients across 
all nodes. A high clustering coefficient suggests a network with densely connected 
local structures, which can indicate a modular, clique-based or community-based 
organisation within the network [32]. The local clustering coefficient can be consid-
ered as a way for associations between concepts to alter the spreading of activation 
signals so that two concepts with the same degree (see next paragraph) but different 
clustering coefficients might undergo different retrieval mechanisms in word confus-
ability tasks [40].

Degree centrality can identify the most influential nodes in a network as those 
with the highest number of connections to other nodes. Degree measures the number 
of links a given node has with other nodes. Nodes with higher degree centrality are 
considered to be more central or influential within the network, as they have more 
direct interactions with other nodes. This measure helps to identify hubs or key nodes 
within a network structure [32]. Degree centrality can be considered a measure of 
semantic richness, identifying how many different syntactic and semantic associa-
tions a given concept possesses [38].

Finally, the inverse size of the largest connected component (1/|LCC|) is calculated 
by dividing 1 by the number of nodes in the network's largest connected subgraph, 
which is the biggest set of words that are all linked to each other. A larger LCC can be 
interpreted as more words in a text being syntactically related across the sentences of 
a story. Thus, its inverse provides an indicator of the network's overall connectivity.

3  Descriptive statistics of the dataset

For our analysis, we employed an interpretable machine learning approach to explore 
the relationships between network and emotion features and the creativity ratings of 
short stories. We developed multiple models to analyse the dataset comprehensively 
as follows:

(i)	 a model for the human dataset (humans rating human stories);
(ii)	 a model for GPT-3.5 ratings of human stories;
(iii)	a model for the entire GPT-3.5 dataset (GPT-3.5 rating GPT-3.5 stories);
(iv)	a model for Sonnet 3.7 ratings of human stories;
(v)	 a model for Sonnet 3.7 ratings of Sonnet 3.7 stories.
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Each model considers only stories rated by all 4 raters and joins them together into 
one dataset without differentiating between raters. Minimal variation in ratings 
among the GPT-3.5 raters (Fig. 2B and C) and among Sonnet 3.7 raters (Fig. 2D and 
E) indicate a high consistency between the AI raters of the same model.

Fig. 2  Full rating distribution of the three different datasets (1 = very uncreative; 3 = medium creative; 
5 = very creative). Panel A displays human ratings for human stories with visible variations across the 
four human raters. Panel B displays GPT-3.5 rating human stories and panel C shows GPT-3.5 rating 
GPT-3.5 stories. The distribution of Sonnet rating human stories is reported in panel D, and Sonnet 
rating Sonnet stories is visualised in panel E. Unlike the human raters who differed considerably in 
their ratings, the GPT-3.5 and Sonnet raters each display almost no discernable variation in their rating 
distribution. Between panel B and C one can notice a clear preference of GPT-3.5 for stories produced 
by GPT-3.5 themselves rather than human stories, which were rated considerably lower. A similar but 
moderated pattern is visible for the Sonnet raters with slightly better ratings for Sonnet stories than for 
human stories. See a comparison of ratings of individual stories that were rated high in creativity by 
human raters versus GPT-3.5 and Sonnet 3.7 in the appendix section 4. The strong bias of GPT-3.5 in 
favour of GPT-generated stories is also visible from the complete absence of stories rated as 1 or 2 (low 
creativity) in panel C and the high frequency of rating 4 (high creativity)
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To enable a clearer and more interpretable analysis of creativity ratings, we 
decided to transform the original 5 classes of ratings into 3 broader classes. This 
transformation is justified for several reasons. Firstly, it simplifies the complexity of 
the data, making patterns and trends easier to identify and interpret. Secondly, it helps 
mitigate issues related to sparsity within some rating categories, which can enhance 
the robustness and reliability of our machine learning models. By consolidating the 
ratings, we reduce noise and potential outliers that may disproportionately influence 
the results. Thus, we categorised the ratings as follows:

(i)	 the low class (class 0) includes ratings 1 and 2;
(ii)	 the middle class (class 1) corresponds to rating 3;
(iii)	the high class (class 2) encompasses ratings 4 and 5.

However, as visible in panel C from Fig. 2, the dataset of GPT-rating-GPT is com-
pletely lacking stories that were rated as 1 or 2, which would have resulted in a 
3-class model with an empty class 0. Thus, we adjusted the categorisation of the 
ratings for the GPT-rating-GPT dataset in the following way to still allow a 3-class 
model comparison with the other models:

(i)	 the low class (class 0) includes rating 3 (since it was the lowest rating assigned);
(ii)	 the middle class (class 1) corresponds to rating 4;
(iii)	the high class (class 2) contains only rating 5.

This transformation provides a more intuitive and cohesive view of the data, facilitat-
ing a better understanding of the distinctions between less creative, moderately cre-
ative, and highly creative narratives. Figure 3 depicts the distribution of ratings under 
this new 3-class system, highlighting how this approach achieves a more balanced 
and comprehensible categorization of creativity ratings.

To test whether the distribution of ratings for human-authored stories differed sig-
nificantly between human and GPT-3.5 raters, we conducted a Mann–Whitney U test 
for the reduced dataset of 997 stories, i.e. only stories rated by all four human raters. 
We found a statistically significant difference between human and GPT-3.5 ratings 
of human-authored stories (U = 557,109.5, p < 0.001). For the same dataset, we also 
found a statistically significant difference between ratings of humans and Sonnet 3.7 
(U = 339,713.5, p < 0.001).

Furthermore, we conducted correlation analyses to assess the relationship between 
the ratings of humans and AI-raters for human-authored stories. Despite significant 
differences in the rating distributions of humans with GPT-3.5 and Sonnet 3.7 respec-
tively, the correlation analyses all revealed significant correlations between the rat-
ings of humans and AI-raters. For the GPT-3.5 ratings of human stories, we found 
that Pearson’s correlation (r = 0.402, p < 0.01), Spearman’s correlation (ρ = 0.390, 
p < 0.01) and Kendall’s Tau correlation (τ = 0.292, p < 0.01) all showed statistically 
significant relationships between the sets of ratings with moderate effect sizes. For 
the Sonnet 3.7 ratings of human stories, we found significant correlations with weak 
effect sizes for Pearson’s correlation (r = 0.158, p < 0.01), Spearman’s correlation 
(ρ = 0.190, p < 0.01) and Kendall’s Tau correlation (τ = 0.148, p < 0.01). This indi-
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cates that GPT-3.5 and human raters approached evaluating creativity in narratives 
in similar though not identical ways, while Sonnet 3.7 aligned with human ratings 
only slightly. Both AI raters may potentially assign varying importance to different 
features of the stories, causing significant differences in rating distribution but also 
resulting in weak to moderate correlations. We will investigate and discuss these 
potential similarities and differences in XAI feature importance analysis via SHAP 
scores in Sect. 4.3.

The machine learning model we used is the XGBoost classifier. It operates by 
employing a gradient boosting framework, where multiple decision trees are built 
sequentially, and each new tree focuses on correcting the errors made by the previous 
ones. XGBoost stands out due to its regularisation techniques, which help prevent 
overfitting, and its efficient handling of missing data, parallel processing, and scal-
ability, making it suitable for large-scale datasets [8]. This classifier was selected 
after a comparative analysis of 12 different classifiers (including logistic regression, 
decision tree, and bagging), with XGBoost consistently outperforming them in terms 
of accuracy (see Sect. 4.2 for the analysis outcome).

Fig. 3  Condensed rating dis-
tribution of the three different 
datasets. 0 = low; 1 = middle; 
2 = high creativity. For panel A 
and B (ratings of human stories) 
as well as panel D and E (Son-
net ratings of human or Sonnet 
stories), the classes are created 
as follows: class 0 = ratings 1 
and 2; class 1 = rating 3; class 
2 = ratings 4 and 5. For panel C, 
the classes were rearranged due 
to a complete lack of ratings 1 
and 2 in the GPT-rating-GPT 
dataset: class 0 = rating 3; class 
1 = rating 4; class 2 = rating 5
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To ensure robust model performance, we employed a fourfold cross-validation. 
Cross-validation is a robust technique for model evaluation and involves partition-
ing the dataset into k subsets, or folds, where the model is trained on k − 1 folds 
and tested on the remaining fold. This process is repeated k times, ensuring each 
fold is used as a test set once. Cross-validation mitigates overfitting and provides a 
more accurate assessment of model performance compared to a simple train-test split 
by utilising the entire dataset for both training and validation [13]. By splitting the 
dataset into four subsets, each classifier was trained on three folds and tested on the 
remaining fold, rotating this process across all folds. We generated a classification 
report for the fourfold cross-validated model, which included error bounds to assess 
the variability in our predictions. Additionally, we constructed a confusion matrix to 
visualise the performance of the classifier in distinguishing between different creativ-
ity rating levels.

To interpret the results of our models, we incorporated techniques from XAI, 
focusing on the SHAP (SHapley Additive exPlanations) method to shed light on 
the inner workings of the XGBoost classifier. SHAP values provide insights into 
the contribution of each feature to the model’s predictions. This helps translate the 
model’s decision-making process into human-interpretable insights. By using SHAP, 
we gained clarity on how both network and emotion features influence the creativity 
ratings, identifying the most significant factors that drive these predictions.

This approach not only enhances the transparency of the machine learning model 
but also aligns with broader XAI objectives of making complex models more inter-
pretable and trustworthy. It is especially important when working with models such 
as XGBoost, which can behave as a “black box” due to their complexity. Through 
SHAP, we can understand how various structural and emotional features of the nar-
ratives contribute to perceived creativity, deepening our understanding of the under-
lying mechanisms in creative storytelling [26]. This use of XAI ensures that our 
model’s decisions are explainable, fostering greater confidence in its ability to gener-
alise and make accurate predictions in creative contexts.

4  Results

In this Section, we present the findings from our study, aimed at predicting creativity 
levels based on network and emotion features of short stories. All features used in the 
analysis were scaled between 0 and 1 to prevent differences in magnitude to influence 
and distort the model’s learning process.

5  Summary statistics for network and emotion features

On average, Sonnet stories were the shortest with an average of nSonnet = 54 words, 
followed by human stories with about nH = 71 words, while GPT-3.5 stories were 
the longest with an average length of nGP T = 121 words. A boxplot comparing the 
story length in words between human-, Sonnet- and GPT-generated stories can be 
found in the Appendix (Fig. 8). Fixing a significance level of 0.05, a Mann–Whit-
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ney U test between human and GPT-3.5 stories identified a statistically significant 
difference in story length (U-statistic = 40,912.5; nH = 997; nGPT = 1071; p < 0.001). 
When comparing the story length between human and Sonnet-generated stories, 
the Mann–Whitney U test again found statistically significant differences (U-statis-
tic = 790,422.00; nH = 997; nSonnet = 1071; p < 0.001). We resorted to a non-parametric 
testing after having qualitatively checked that the data was not distributed according 
to a Gaussian distribution (e.g., it displayed higher skewness and kurtosis). Due to 
these significant differences in story length, we included word count as a feature in 
our models, hypothesising it might be a predictive factor of creativity. Our findings 
here align also with previous studies, which have found positive correlations between 
creativity ratings and story length, with a tendency for longer stories to be perceived 
as more creative [22, 47]

By computing a Mann–Whitney U test for the reduced human dataset (only stories 
rated by all four raters) and GPT3.5-generated stories, we observed significant differ-
ences in both network and emotion features between human and GPT3.5-generated 
stories as shown by p-values well below a threshold of 0.001 (Table 2). Only the fea-
tures diameter, anger and sadness had a p-value larger than 0.05 which indicates that 
we cannot assume a statistically significant difference between human and GPT3.5-
generated stories for these story features.

The Mann–Whitney U test (sH = 997; sGPT = 1071) shows that GPT-3.5 stories 
exhibited significantly higher values in clustering coefficient (U-statistic = 315,226.0; 
p < 0.001) and shorter distances (U-statistic = 588,416.0; p < 0.001) than found in 
human stories. Furthermore, GPT3.5-generated stories showed higher levels of joy 
(U-statistic = 301,284.5; p < 0.001) and trust (U-statistic = 376,603.5; p < 0.001) while 
human stories had stronger negative emotions such as fear (U-statistic = 619,380.0; 
p < 0.001) and disgust (U-statistic = 623,285.0; p < 0.001) (Fig. 4).

The Mann–Whitney U test comparing human stories with Sonnet-generated sto-
ries also reveals significant differences in almost all network and emotion features 
between the two datasets with p-values well below 0.001 (Table 3).

Sonnet stories showed markedly higher clustering (U-statistic = 241,403.0; 
p < 0.001) and shorter average shortest path lengths (U-statistic = 748,759.0; 

Feature Statistic p-value
ASPL 588,416.0 < 0.001***
Clustering_coefficient 315,226.0 < 0.001***
Degree_centrality 571,438.5 < 0.01**
Diameter 535,019.5 > 0.05
Inverse size of LCC 475,691.0 < 0.001***
Anger 520,706.0 > 0.05
Anticipation 444,272.0 < 0.001***
Disgust 623,285.0 < 0.001***
Fear 619,380.0 < 0.001***
Joy 301,284.5 < 0.001***
Sadness 560,438.0 > 0.05
Surprise 455,986.0 < 0.001***
Trust 376,603.5 < 0.001***

Table 2  Statistics from a Mann–
Whitney U test comparing 
human stories with GPT-3.5 
stories

* < 0.05; ** < 0.01; *** < 0.001
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p < 0.001) compared to human-authored stories. Also, Sonnet-generated stories 
showed significantly higher degree centrality (U-statistic = 197,445.0; p < 0.001) and 
larger size of the largest connected component (U-statistic = 154,018.5; p < 0.001). 
On an emotional level, Sonnet stories expressed significantly more anger (U-sta-
tistic = 392,039.0; p < 0.001), fear (U-statistic = 417,136.5; p < 0.001) and surprise 
(U-statistic = 470,655.5; p < 0.001) than stories written by humans.

5.1  Model performance evaluation

To evaluate which classifier would be the best for our models, we focused on the 
accuracy of different classifiers applied to each of the five distinct scenarios: humans 
rating human stories, GPT-3.5 rating human stories, GPT-3.5 rating GPT-3.5 sto-

Fig. 4  Comparison of mean values with error bars of scaled network features (top) and scaled emotion 
features (bottom) for human-generated, GPT-3.5-generated, and Sonnet-generated stories
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ries, Sonnet 3.7 rating human stories, and Sonnet 3.7 rating Sonnet 3.7 stories. For 
this reason, we employed a fourfold cross-validation technique. During this four-
fold cross-validation, the XGBoost classifier emerged as the most effective model 
due to its superior performance metrics compared to other classifiers (see Table 4). 
Our evaluation considered twelve different classifiers and their accuracy scores are 
detailed in Table 4, which lists models from best to worst performance for human rat-
ings. For the human stories, the XGBoost obtained the best accuracy levels (human 
raters: 0.617; GPT3.5 raters: 0.716; Sonnet 3.7 raters: 0.915), followed by the ran-
dom forest and decision tree classifiers. For Sonnet 3.7 ratings of Sonnet 3.7 stories, 
the XGBoost classifier performed as well as random forest and decision tree (0.996 
for each classifier). However, it is noteworthy that for GPT3.5-generated stories, gra-
dient boost (0.757) marginally outperformed XGBoost (0.752). Despite this, to main-
tain comparability across all models, we consistently used the XGBoost classifier for 
all models [8, 11].

Model Human
rating
human

GPT
rating
human

GPT
rating
GPT

Sonnet
rating
human

Sonnet
rating
Sonnet

XG Boost 0.617 0.716 0.752 0.915 0.996
RandomForest 0.609 0.715 0.752 0.915 0.996
Decision Tree 0.613 0.715 0.750 0.915 0.996
Bagging 0.608 0.705 0.747 0.909 0.995
KNN 0.570 0.678 0.741 0.861 0.992
Gradient Boost 0.581 0.645 0.757 0.792 0.914
MLP Classifier 0.533 0.570 0.745 0.654 0.858
Ada Boost 0.523 0.566 0.738 0.595 0.857
Logistic Regression 0.492 0.543 0.741 0.602 0.857
GaussianNB 0.478 0.539 0.713 0.578 0.827
BN 0.354 0.534 0.743 0.579 0.855
SGD Classifier 0.488 0.515 0.743 0.586 0.857

Table 4  Model accuracy of 
human ratings of human stories 
(left), GPT-3.5 ratings of human 
stories (middle-left), GPT-3.5 
ratings of GPT3.5-generated 
stories (middle), Sonnet ratings 
of human stories (middle-right), 
and Sonnet ratings of Sonnet 
stories (right) depending on 
classifier

The classifiers are ordered 
according to the ranking of 
model performance for the 
human-rating-human model

 

Feature Statistic p-value
ASPL 748,759.0 < 0.001***
Clustering_coefficient 241,403.0 < 0.001***
Degree_centrality 197,445.0 < 0.001***
Diameter 740,182.5 < 0.001***
 Inverse size of LCC 154,018.5 < 0.001***
Anger 392,039.0 < 0.001***
Anticipation 526,393.0 > 0.05
Disgust 694,093.0 < 0.001***
Fear 417,136.5 < 0.001***
Joy 527,636.0 > 0.05
Sadness 536,896.5 > 0.05
Surprise 470,655.5 < 0.001***
Trust 516,298.5 > 0.05

Table 3  Statistics from a Mann–
Whitney U test comparing 
human stories with Sonnet 3.7 
stories

* < 0.05; ** < 0.01; *** < 0.001
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Notice that we performed this cross-validation on the whole dataset because in this 
analysis our main aim is not generalisation but rather extracting robust features pres-
ent in the currently evaluated stories. If we did model selection on a sub-sample of 
the stories, we would have lost information relative to those specific stories. Hence, 
to maximise instances of observation of as many stories as possible, we decided to 
perform model selection on the whole dataset, sacrificing model generalisability but 
improving the amount of phenomena that we can describe for the current dataset.

Following the selection of the XGBoost classifier as the most effective model, 
we employed a fourfold cross-validation to evaluate each of our five models: human 
ratings of human-generated stories, GPT-3.5 ratings of human-generated stories, 
GPT-3.5 ratings of GPT3.5-generated stories, Sonnet 3.7 ratings of human stories, 
and Sonnet 3.7 ratings of Sonnet 3.7 stories. The classification reports, summarised 
in Tables 5, 6, 7, 8 and 9, provide insights into the precision, recall, F1 scores, and 
accuracy, including error bounds for each class. We also tried out the random forest 
classifier to compare its performance with XGBoost. The results were highly similar 
across both classifiers, with only minor differences in accuracy. This consistency sug-

Class Precision Recall f1-score
0 0.30 ± 0.08 0.10 ± 0.02 0.15 ± 0.03
1 0.81 ± 0.01 0.88 ± 0.01 0.84 ± 0.01
2 0.54 ± 0.02 0.45 ± 0.02 0.49 ± 0.01
Accuracy 0.75 ± 0.01
roc_auc 0.68 ± 0.01
Macro avg 0.55 0.48 0.50
Weighted avg 0.73 0.75 0.74

Table 7  Cross validated (four-
fold) classification report with 
error bounds for the GPT-3.5 
ratings of GPT3.5-generated 
stories

Class 0 = low creativity; class 
1 = mid creativity; class 2 = high 
creativity

 

Class Precision Recall f1-score
0 0.75 ± 0.01 0.72 ± 0.01 0.73 ± 0.01
1 0.73 ± 0.01 0.76 ± 0.01 0.74 ± 0.01
2 0.60 ± 0.01 0.55 ± 0.03 0.58 ± 0.02
Accuracy 0.72 ± 0.01
roc_auc 0.82 ± 0.01
Macro avg 0.69 0.68 0.68
Weighted avg 0.71 0.72 0.71

Table 6  Cross validated (four-
fold) classification report with 
error bounds for the GPT-3.5 
ratings of human-generated 
stories

Class 0 = low creativity; class 
1 = mid creativity; class 2 = high 
creativity

 

Class Precision Recall f1-score
0 0.67 ± 0.06 0.66 ± 0.06 0.66 ± 0.02
1 0.50 ± 0.02 0.48 ± 0.03 0.49 ± 0.03
2 0.69 ± 0.04 0.71 ± 0.04 0.70 ± 0.01
Accuracy 0.62 ± 0.02
roc_auc 0.78 ± 0.02
Macro avg 0.62 0.62 0.61
Weighted avg 0.62 0.62 0.62

Table 5  Cross validated (four-
fold) classification report with 
error bounds for the human rat-
ings of human-generated stories

Class 0 = low creativity; class 
1 = mid creativity; class 2 = high 
creativity
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gests that the predictive features of our models are robust, regardless of the specific 
machine learning technique applied.

For the human-rating-human model (Table 5), the classification report indicated 
for class 2 (high creativity) an accuracy of 0.62 ± 0.02, precision of 0.69 ± 0.04 and 
recall of 0.71 ± 0.04. The precision and recall for class 0 and 2 were higher than those 
for class 1 (precision 0.50 ± 0.02; recall 0.48 ± 0.03), indicating the model’s better 
performance in identifying less and more creative stories in comparison to mid cre-
ativity. The ROC AUC score of 0.78 ± 0.02 suggests a strong ability of the model to 
discriminate between different levels of creativity.

The GPT-rating-human model (Table  6), on the other hand, demonstrated a 
weighted average precision, recall, and F1 score of 0.71, with an accuracy of 
0.72 ± 0.01, precision of 0.60 ± 0.01, and recall of 0.55 ± 0.03 for class 2. The ROC 
AUC score of 0.82 ± 0.01 indicates excellent discriminatory power.

For the GPT-rating-GPT model (Table  7), the classification report revealed 
a weighted average precision, recall, and F1 score of 0.73, with an accuracy of 
0.75 ± 0.01. However, the model struggled with mid creativity ratings (class 0 in 
this case, consisting of rating value 3), reflecting its low frequency in the dataset. 
This class achieved a precision of 0.30 ± 0.08 and a recall of 0.10 ± 0.02, significantly 
lower than the other classes. Despite this, the model’s overall performance, with a 
ROC AUC score of 0.68 ± 0.01, was relatively robust.

For the Sonnet-rating-human model (Table 8), the classifier demonstrated strong 
performance across all creativity classes. Class 2 (high creativity) showed the high-
est precision and recall at 0.95 ± 0.00 and 0.95 ± 0.01, indicating that the model was 
highly effective at identifying highly creative stories. Class 0 (low creativity) also 
achieved solid results with a precision of 0.84 ± 0.02 and recall of 0.81 ± 0.03. The 
overall accuracy was 0.92 ± 0.01 and the ROC AUC score of 0.95 ± 0.01 suggests 
excellent model performance in distinguishing between the three creativity levels.

Class Precision Recall f1-score
0 1.00 ± 0.00 0.97 ± 0.05 0.98 ± 0.03
1 0.99 ± 0.00 0.98 ± 0.01 0.99 ± 0.01
2 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00
Accuracy 1.00 ± 0.00
roc_auc 0.99 ± 0.01
Macro avg 1.00 0.98 0.99
Weighted avg 1.00 1.00 1.00

Table 9  Cross validated (four-
fold) classification report with 
error bounds for the Sonnet rat-
ings of Sonnet-generated stories

Class 0 = low creativity; class 
1 = mid creativity; class 2 = high 
creativity

 

Class Precision Recall f1-score
0 0.84 ± 0.02 0.81 ± 0.03 0.82 ± 0.02
1 0.88 ± 0.01 0.88 ± 0.00 0.88 ± 0.01
2 0.95 ± 0.00 0.95 ± 0.01 0.95 ± 0.01
Accuracy 0.92 ± 0.01
roc_auc 0.95 ± 0.01
Macro avg 0.89 0.88 0.88
Weighted avg 0.92 0.92 0.91

Table 8  Cross validated (four-
fold) classification report with 
error bounds for the Sonnet rat-
ings of human-generated stories

Class 0 = low creativity; class 
1 = mid creativity; class 2 = high 
creativity
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In the Sonnet-rating-Sonnet model (Table  9), the classifier performed nearly 
perfectly, with precision, recall, and F1 scores reaching or exceeding 0.98 across 
all classes. Class 2 achieved scores of 1.00 ± 0.00 across all metrics, while class 0, 
despite being the smallest class, maintained high performance with a precision of 
1.00 ± 0.00 and recall of 0.97 ± 0.05. The overall accuracy was 1.00 ± 0.00 and the 
ROC AUC score was 0.99 ± 0.01, indicating excellent performance at classifying cre-
ativity when both ratings and texts originated from Sonnet 3.7.

The confusion matrices (Fig. 5) for each model further illustrate their ability to 
correctly classify different creativity levels. For the human-rating-human model, the 
confusion matrix performs well in identifying “high” creativity with 1009 correct 
predictions and also correctly identifies “low” creativity (807) and “mid” creativity 
(640). In contrast, the GPT-rating-human model performs better for the “mid” class 
(1744 correct predictions) which was also the most frequent class in this model. The 
GPT-rating-GPT model also performs best for the “mid” class (2800 correct predic-
tions) but struggled with predicting “low” creativity accurately, with only 21 correct 
predictions and many misclassifications into “mid” classes. This likely results from 
the smaller sample size of low ratings. Similar to the human model, Sonnet 3.7 was 
best at predicting the “high” creativity class with 2329 correct predictions for human-
authored stories and 3672 correct classifications for Sonnet 3.7-generated stories. 
The Sonnet-rating-human model also performed well in identifying the “mid” class 
(1347 correct predictions), while the Sonnet-rating-Sonnet model performed worse 
for both the “low” and “mid” creativity classes.

5.2  Feature importance analysis

In our exploration of feature importance for predicting creativity ratings, we 
employed SHAP value plots [26] using the SHAP package in Python [27] to visualise 
the influence of various network and emotion features across our five rating models: 
the human-rating-human model, the GPT-rating-human model, the GPT-rating-GPT 
model, the Sonnet-rating-human model, and the Sonnet-rating-Sonnet model. The 
SHAP plots display the average impact on model output magnitude for each feature 
within these models. Figure 6 top shows the human model, where story length mea-
sured in word count was most influential for predicting the ratings. Network features 
like inverse size of LCC (1/|LCC|), average shortest path length (ASPL), clustering 
coefficient and degree centrality were also highly influential in determining the cre-
ativity level. Emotion features such as trust and fear also play significant roles, indi-
cating that certain emotional tones correlate with higher or lower creativity ratings. 
Figure 6, panel B depicts the GPT-rating-human model, which shows similar behav-
iour as the human model. Network features like ASPL, clustering coefficient, inverse 
size of the largest connected component and degree centrality are most crucial for 
creativity predictions, with emotion features like trust, anticipation and fear also hav-
ing significant impacts. Figure 6, panel C presents the GPT-rating-GPT model, which 
heavily relies on emotion features like joy, anger, anticipation and trust, especially for 
class 0 (low creativity) and class 2 (high creativity). This highlights GPT-3.5’s prefer-
ence for emotional content over network features. The Sonnet-rating-human model 
in panel D balances both network and emotion features. The most predictive fea-
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tures are joy, clustering coefficient and anger, closely followed by degree centrality, 
word count and anticipation. A similar pattern of both network and emotion features 
being mixed at the top ranks of most influential features is found for the Sonnet-
rating-Sonnet model in panel E. This behaviour by Sonnet 3.7 reflects a nuanced 
consideration of both network-based and emotional aspects in creativity prediction. 

Fig. 5  fourfold cross validated confusion matrices for the three different models. For the human-gener-
ated stories and Sonnet 3.7 ratings: low creativity = rating 1 or 2; mid creativity = rating 3; high creativ-
ity = rating 4 or 5. For the GPT-rating-GPT model: low creativity = rating 3; mid creativity = rating 4; 
high creativity = rating 5
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Fig. 6  Feature importance plots for the three different models. The y-axis lists the different features and 
the x-axis shows the mean SHAP value, reflecting the average impact on the model output magnitude. 
For the human-generated stories and both Sonnet models: class 0 = low creativity (ratings 1 or 2); class 
1 = mid creativity (rating 3); class 2 = high creativity (ratings 4 or 5). For the GPT-rating-GPT model: 
class 0 = low creativity (rating 3); class 1 = mid creativity (rating 4); class 2 = high creativity (rating 5)
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The GPT-rating-GPT model’s distinct feature importance profile underscores its dif-
fering approach in creativity assessment compared to human raters. These results 
suggest that the human-rating-human model as well as the GPT-rating-human model 
both prioritise structural features, while the GPT-rating-GPT model focuses more on 
emotional cues. This emphasis on emotional cues in GPT-3.5’s stories is further sup-
ported by a qualitative view on the narratives. A closer reading reveals a reliance on 
vivid, pictorial language rich in positive emotional content. This perception is aligned 
with the findings from Sect. 4.1, where GPT-3.5 stories demonstrated statistically sig-
nificant higher z-scores for emotions such as joy, anticipation, and trust compared to 
human-authored stories. This distinction underscores GPT-3.5’s tendency to enhance 
its narratives with pronounced emotional tones, which may contribute to its differing 
approach to creativity assessment, favouring emotional features over structural ones. 
Interestingly, the GPT-rating-human model aligned more closely with the human rat-
ers by putting more importance on network features than on emotion features. This 
indicates a clear difference in behaviour of GPT-3.5 when rating stories that were 
either written by humans or GPT-3.5. However, the difference found between human 
and GPT-3.5 ratings of human-authored stories (see Sect. 3) suggests that GPT-3.5’s 
evaluations are still distinct from those of human raters, even when rating human-
authored stories. In contrast, both Sonnet 3.7 models assigned considerable weight 
to both network features and emotion features equally. The Sonnet model, which is 
a newer one compared to GPT-3.5, thereby differs from the human and GPT models, 
which assigned higher importance to either structural or emotional features.

What about the evaluation criteria behind these ratings? Interestingly, despite 
scores attributed to stories differing between GPT-3.5 and humans, SHAP plots 
(Figs. 6 and 7) highlight that GPT-3.5 appears to rely on features more similar to 
human criteria when assessing human-authored stories than when assessing GPT-
generated stories. Also the beeswarm plots for the Sonnet 3.7 ratings indicate that the 
model for Sonnet 3.7 rating human stories aligned with the features that were most 
predictive of creativity levels for the human-rating-human model.

The panels in Fig. 7 depict the feature importance of the five models as beeswarm 
plots. The human-rating-human model (Fig.  7, top row) and GPT-rating-human 
(Fig. 7, middle row) depict a similar pattern as seen in Fig. 6 with word count, ASPL, 
and inverse size of LCC (1/|LCC|) remaining prominent in feature importance across 
all classes. In contrast, the GPT-rating-GPT model (Fig. 7, bottom row) shows a dis-
tinct approach, emphasising emotion features such as anger, joy, and fear. The Son-
net-rating-human model (Fig. 8, top row) and Sonnet-rating-Sonnet model (Fig. 8, 
bottom row) use a mixed approach of both network and emotion features working 
together to predict creativity ratings. The features with the highest importance in both 
Sonnet models are joy, clustering coefficient, and degree centrality.

The difference in feature importance assigned by GPT-3.5 raters for either human-
generated stories (Fig. 7, top row) or GPT3.5-generated stories (Fig. 7, second row) 
is striking given that GPT-3.5 was unaware of the origin of the stories. We expected 
the GPT-3.5 raters to use the same features or characteristics for assigning creativity 
scores to all stories equally without an explicit bias for stories generated by GPT-3.5. 
However, our findings indicate that the GPT-3.5 raters used different features with 
varying degrees of importance for assigning creativity ratings to either the human or 
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GPT-3.5 stories. Since there was minimal variation in ratings across the four GPT-3.5 
raters within each model, one can assume that these differences are not merely due to 
random rating assignments.

When rating human-generated stories, GPT-3.5 demonstrated the ability to assess 
human creativity in a manner more similar to human raters than when assessing GPT-
generated creativity (Fig. 7, middle and bottom row). For rating human stories, GPT-
3.5 relied on a combination of network and emotion features with network features 
(e.g., inverse size of LCC, clustering coefficient, ASPL, and word count) showing 

Fig. 7  Feature importance beeswarm plots for the human-rating-human model, the GPT-rating-human 
model, and the GPT-rating-GPT model, separated by class (low, mid and high creativity stories). Fea-
ture value intensity is indicated as weak (blue), moderate (purple) and strong (pink) intensity
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stronger feature importance than emotion features. These similarities in assessment 
criteria are also reflected in moderate correlations between ratings of humans and 
GPT-3.5 for the human dataset (see Sect. 3).

In contrast, the model for GPT-rating-GPT relies more heavily on emotion fea-
tures such as joy, anger, and anticipation, while structural features like inverse size 
of LCC become less relevant compared to how both human- and GPT-raters assess 
human stories. This divergence implies that GPT-3.5 operates under a different 
internal framework when generating creative content compared to when it is rating 
human creativity. Such a shift calls for caution when working with AI to create con-
tent. While transformers like GPT-3.5 can be reliable in assessing the creativity of 
human stories, their process for generating creative stories appears to differ from the 
human creative process. The very features that GPT-3.5 emphasises when creating 
stories are not the same features that human raters, or even GPT-3.5 itself when rating 
human output, consider important. This discrepancy may lead to GPT-3.5 producing 
stories that lack the structural complexity typically associated with human creativity 
[15]. Our findings further indicate that even with newer generative AI models like 
Sonnet 3.7, one must be cautious in assuming they may align with human definitions 
of creativity. The Sonnet-rating-human and Sonnet-rating-Sonnet models show that 
Sonnet 3.7 relies on a different combination of features than humans (particularly 
a mix of emotional and structural features) to evaluate and generate creative short 

Fig. 8  Feature importance beeswarm plots for the Sonnet-rating-human model, and the Sonnet-rating-
Sonnet model separated by class (low, mid and high creativity stories). Feature value intensity is indi-
cated as weak (blue), moderate (purple) and strong (pink) intensity
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stories. Sonnet may approximate human ratings more closely than GPT-3.5, but not 
necessarily through the same process as human raters. Again, researchers and users 
of AI should be aware that even if model output appears human-like, the underlying 
reasoning may diverge strongly from human cognitive processes [10, 44].

6  Discussion

6.1  Interpretation of findings

Our study reveals significant insights into the structural and emotional differences 
between human-authored and AI-generated stories, with implications for how these 
narratives are perceived and rated for creativity. The analysis showed that GPT-3.5 
stories tend to be longer (average of 121 words) compared to human stories (aver-
age of 71 words). In contrast, Sonnet 3.7 stories were considerably shorter with a 
mean length of only 54 words. Our findings are consistent with previous research that 
found positive correlations between story length and creativity [47]. Longer stories 
were more likely to be classified as highly creative, especially in the human-rat-
ing-human and the GPT-rating-human models. In the other models, word count was 
not such a strong predictor of creativity but still remained of moderate importance. 
This suggests that word count is a relevant factor in how humans evaluate creativity, 
which was successfully replicated by GPT-3.5 when assessing human-authored sto-
ries. In contrast, while Sonnet 3.7 also recognised story length as a relevant feature, 
it assigned less importance to it.

This length difference is accompanied by higher clustering coefficients in GPT3.5- 
and Sonnet 3.7-generated stories, indicating more interconnected narrative structures. 
On an emotional level, GPT3.5-generated stories exhibited higher levels of positive 
emotions such as joy and trust, whereas human stories contained more negative emo-
tions like fear and disgust. Sonnet 3.7-generated stories surprisingly showed higher 
levels of anger and fear than both human and GPT.3.5, as well as lower levels of 
disgust. These distinctions were statistically significant, with p-values well below the 
0.05 threshold.

The SHAP value plots provided insights into the influence of various features 
across the models. For the human model, network features like average shortest path 
length, inverse size of LCC, and degree centrality were most influential, particularly 
for high creativity ratings. These measures describe how closely connected words 
are (degree centrality), how far apart words tend to be on average (ASPL), and the 
overall connectedness of the story graph (1/|LCC|) [32]. Higher ASPL and degree 
centrality values, combined with lower inverse size of LCC (corresponding to larger 
connected components), were associated with higher creativity predictions. This pat-
tern suggests that stories rated as more creative tend to display a balance between 
syntactic cohesion and flexibility. They are characterized by globally cohesive syn-
tactic networks that are connected through central nodes, and allow for longer syn-
tactic relationships across the text [17].

Emotional features of stories, such as fear, trust, and joy also played significant 
roles, suggesting that certain emotional tones correlate with higher creativity ratings. 
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Prior studies underscore the complex relationship between emotional expression or 
moods and creativity levels of narratives. For instance, a study on the EmoAtlas 
package also used in the present research [38] demonstrates that expressing emotions 
within texts can influence creativity assessments, especially when evoking distinct 
emotional tones. By mapping emotions through z-scores and emotional-syntactic 
networks, EmoAtlas highlights how creative expression can be channelled through 
specific emotional associations [38]. This aligns with our findings, where emotions 
like trust and surprise increased creativity levels. Further support for this comes 
from an exploration of computational linguistic indicators of creativity in writing by 
Zedelius and colleagues [57]. This study found that emotionally expressive language, 
especially when rich in distinctive tone and voice, is predictive of higher creativity 
ratings [57].

In addition, studies on mood and emotion regulation have provided insights into 
how the moods of individuals during the creative process can impact the output and 
creativity level of the narrative. Activating positive emotions, such as happiness, dur-
ing the writing process have been found to enhance the creativity of the text, whereas 
neutral moods or deactivating positive emotions did not. Deactivating negative emo-
tions like anxiety or fear tend to correlate with lower creative output [4]. Lastly, work 
on emotion regulation and creativity in storytelling suggests that effective emotional 
regulation correlates with higher originality in narratives. This was particularly the 
case when maladaptive emotional regulation strategies were minimised. This sug-
gests that effective, adaptive regulation (such as acceptance) might support higher 
levels of originality in narratives, likely by fostering a balanced emotional state ben-
eficial for creative thinking [24].

While emotions and emotion regulation can influence originality in human sto-
rytelling, we find different emotional patterns in AI-generated stories than in human 
narratives. In our dataset, both GPT-3.5 and Sonnet 3.7 exhibited higher levels of joy, 
surprise, and trust, as well as lower levels of disgust (Fig. 4 bottom panel). This aligns 
with prior findings that human stories often incorporate a wide range of emotions to 
create narrative tension, whereas LLM outputs tend to be more homogeneously posi-
tive [48, 55]. These patterns may reflect safety guardrails that deliberately limit the 
generation of negative emotional output, supporting more positive tones in GPT-3.5. 
Interestingly, Sonnet 3.7 diverged from GPT-3.5’s preference for optimistic tones by 
showing significantly higher levels of anger and fear than both human and GPT-3.5 
stories (Fig. 4, bottom panel). This finding is consistent with evidence that LLMs 
like GPT-3.5 and Sonnet can reproduce human-like expressions of negative emotions 
when explicitly prompted to do so [10, 25].

In the study at hand, aside from emotional features we found a significant impact of 
network features on the perceived creativity levels of short stories. Network features 
were especially relevant for predicting creativity scores of the human-rating-human 
model. In contrast, the GPT-rating-GPT model relied heavily on emotion features 
like anger, fear, and joy. This preference for emotional content over network features 
underscores GPT-3.5’s distinct approach to creativity assessment compared to human 
raters. Lastly, both Sonnet models used a mixture of network and emotion features 
with high importance to predict creativity levels. Similar to the human model, struc-
tural features like inverse size of LCC (1/|LCC|) and clustering coefficient played 
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significant roles for Sonnet 3.7 when assigning creativity ratings. But at the same 
time, emotion features such as joy and anger were also highly predictive of Sonnet’s 
ratings. This divergence from human ratings, which focused more on structural fea-
tures, underscores the different evaluative frameworks used by human and AI raters.

6.2  Contributions to knowledge—AI and creativity

This study advances our understanding of creativity assessment in significant ways. 
By focusing on the prediction of creativity levels in short stories through network and 
emotion features, our research contributes to the broader discourse on AI’s role in 
creativity assessment. It also highlights important distinctions between how the older 
generation model GPT-3.5 and the recent generation model Sonnet 3.7 perceive and 
generate creative content compared to human individuals.

In the literature, there is a growing integration of transformer models in creativ-
ity assessments. Sun and colleagues [45] explore the use of semantic distance and 
machine learning to predict human ratings of creativity in the Alternative Uses Task 
(AUT). Their study found that contextual semantic models, such as GPT-3 and 
RoBERTa, were better aligned with human ratings than non-contextual models like 
GloVe. These results highlight the promising new avenue for using transformers in 
capturing complex, context-dependent aspects of creativity [45].

Similarly, Patterson and colleagues [35] developed the AuDrA platform, which 
uses deep learning techniques to assess the visual creativity of drawings. Their model 
was trained on a large dataset of sketches and demonstrated good correlation with 
human creativity ratings of the same drawings, outperforming simple metrics for 
creativity rating such as elaboration. This work emphasises the possible applications 
of machine learning in automatically evaluating creativity during visual tasks or in 
visual products [35].

A key finding from this study is that ratings by GPT-3.5 and Sonnet 3.7 for human-
authored stories diverged significantly from human ratings. This is indicated by a 
statistically significant difference in the rating distributions between human, GPT-
3.5 and Sonnet 3.7 raters despite weak to moderate correlations between them (see 
Sect. 3). This highlights that GPT-3.5’s and Sonnet 3.7’s assessments of the human-
authored stories aligned but did not overlap with human judgements of creativity. The 
SHAP plots (Figs. 6 and 7) also indicate that structural network features of syntactic/
semantic relationships between words in stories are relevant for investigating creativ-
ity assessments in humans as well as GPT-3.5 and Sonnet 3.7: inverse size of LCC, 
average shortest path length, clustering coefficient and degree centrality were just 
as crucial for high creativity ratings in human-generated stories rated by GPT-3.5 
as when rated by humans. Sonnet 3.7 diverged from this pattern by also considering 
emotional features with higher importance. These findings underscore the signifi-
cant limitation in using AI such as GPT-3.5 and Sonnet 3.7 as an evaluation tool for 
human creativity. While both GPT-3.5 and Sonnet 3.7 may capture certain struc-
tural and emotional patterns that humans intuitively consider, they do not fully align 
with human evaluative criteria for creativity. Therefore, the present study emphasises 
the need for caution in employing AI tools for creativity assessment in educational 
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or professional settings, where ratings made by the AI rater may not reflect human 
judgements accurately.

Furthermore, when exploring how GPT-3.5 and Sonnet 3.7 evaluate their own 
generated content in contrast to human-authored stories, a markedly different pic-
ture emerges for GPT-3.5. While structural features remain important for evaluating 
human creativity, the GPT-rating-GPT model assigns far less weight to these features 
when assessing its own stories. Instead, it shifts focus on emotional features such as 
joy, anger and fear (Fig. 7, right column). This suggests that GPT-3.5’s concept of 
“creativity”, particularly during the process of creative generating, is more closely 
related to eliciting emotional responses rather than maintaining structural novelty 
or coherence. This impression is strengthened when looking at the individual stories 
generated by GPT-3.5 that were rated high in creativity by GPT-3.5 itself. These 
stories tend to be picturesque and focus on emotion-heavy adjectives, as seen from a 
comparison of the ten most creatively rated stories by human participants and GPT-
3.5, found in appendix 4.

Current research about the level of emotion AI models such as GPT-3.5 and Sonnet 
3.7 can demonstrate suggests that these models can approximate human emotional 
responses to some extent, but its understanding remains surface-level, particularly in 
lower-level models like GPT-3.5 [34, 46]. Later models like GPT-4 show advance-
ments in recognising and labelling emotions. However, they still tend to fall short of 
the nuanced empathy inherent in humans [34, 46].

The shift in feature importance from network features to a higher importance of 
emotion features suggests that GPT-3.5 operates under a different cognitive frame-
work when generating content versus when evaluating content. This observation 
raises important questions about the ability of AI models to generate content that 
aligns with human notions of creativity. Green et al. [15] argue that AI such as GPT-
3.5 lacks the internally directed attention and goal-oriented processes that are fun-
damental to human creativity. This concern becomes particularly pronounced when 
AI models are used to generate creative content without human intervention, as 
the resulting narratives tend to be less coherent in structure, focusing on emotional 
engagement at the expense of narrative coherence. Thus, while GPT-3.5 and Sonnet 
3.7 may provide some insights into creativity evaluation, their application both in 
assessing creativity and generating creative content should be approached with cau-
tion. GPT-3.5 and Sonnet 3.7 do not yet capture the nuanced structural and concep-
tual complexity that characterises human creativity.

6.3  Limitations

At the current time of writing up this manuscript, GPT-3.5 is not available any more 
for use via the web interface but it remains available in the GPT store and for usage 
via API, thus still enabling scientific experiments.

While our study provides valuable insights, several limitations should be acknowl-
edged. Firstly, our analysis lacks human ratings for AI-generated stories, which 
would allow a direct comparison of human versus AI judgements of the same mate-
rial. Follow-up studies could add human ratings to the artificial datasets to compare if 
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humans agree with AI’s ratings of artificial stories, or if humans also show biases in 
favour of human-authored stories.

Secondly, as both GPT-3.5 and Sonnet 3.7 were consistently rating their own 
stories high in creativity, this resulted in a very small sample size of low-rated 
GPT3.5-generated and Sonnet 3.7-generated stories. This resulted in a more biassed 
performance of the XGBoost model with many misclassifications in the confusion 
matrix, especially for the GPT-rating-GPT model. Thus, a more balanced dataset in 
terms of rating frequency would be necessary to improve model reliability.

Furthermore, we condensed the human dataset to consist of only stories that were 
rated by all four raters and calculated the model across all raters, disregarding varia-
tions between the four distinct human raters. Alternative statistical approaches, such 
as linear mixed models, could be used to account for the different behaviours of 
individual raters to minimise potential biases introduced by rater-specific tendencies. 
Linear mixed models allow for the inclusion of random effects for individual raters, 
enabling control over rater variability and offering a more accurate analysis of rating 
patterns [20].

6.4  Future directions

Future research could delve deeper into the potential biases present in AI evalua-
tions of creative content. Our findings indicate a clear bias in ratings by GPT-3.5 and 
Sonnet 3.7, favouring stories written by themselves over those authored by humans. 
Addressing this bias is crucial for developing more accurate AI evaluative systems.

One intriguing future direction involves instructing AI to deliberately write uncre-
ative stories. By having these intentionally uncreative stories rated by both AI and 
human raters, researchers can investigate whether models like GPT-3.5 or Sonnet 
3.7 can deliberately produce and accurately recognize lower creativity levels. This 
approach would provide insights into their ability to follow specific creative direc-
tives and its consistency in evaluating creativity across different narrative qualities.

Another promising area for future research is to test the models and findings 
across different languages. Examining whether the same structural and emotional 
features are relevant for stories written in languages other than English would help 
determine if these features are universally influential in creativity assessments. This 
cross-linguistic investigation would contribute to a more comprehensive understand-
ing of creativity and the development of AI models that are effective across diverse 
linguistic contexts.

Finally, our findings also inform possible future directions for the role of LLMs in 
creative work. Across both the GPT-3.5 and Sonnet 3.7 dataset, we observed strong 
similarities in narrative and sentence structure (see Tables 14 and 15 in the Appen-
dix; see the full datasets on https://osf.io/gcjqv/). At a quick glance one can notice 
common openings being repeated throughout the dataset, such as “In a [ADJEC-
TIVE] town/village/empire…” or “The grand cathedral stood…”, and even character 
names repeated across unrelated stories. These common repeated openings illustrate 
a homogenisation effect of AI-generated texts, which describes how LLM outputs 
tend to be structurally uniform and lack semantic diversity [31]. Strikingly, this lack 
of diversity persisted even across AI models in our dataset, suggesting that switching 
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between LLMs does not necessarily allow for more varied creative outputs. Further-
more, research has shown that for AI-assisted works human creators often experience 
a reduced sense of ownership. The degree of ownership that individuals feel over AI-
assisted works depends on factors such as involvement and personal expression [53, 
56] and is an important part in the creative process. Creative writing is not merely 
about producing content efficiently, but about originality, self-expression and artis-
tic voice. Our results about the structural uniformity found in AI-generated stories 
underscore the need for human–AI co-creativity in which humans bring novel ideas 
and personal experiences, while AI may assist in refinement or execution. Given 
these patterns, we support the recommendation by Vitevitch (2025) [50] that future 
works should aim at making LLMs better supportive partners in co-creative pro-
cesses rather than trying to outperform or replace humans.

7  Conclusion

The findings of this study quantify different patterns characterising creativity assess-
ment of short stories in humans and simulated raters (GPT-3.5 and Sonnet 3.7). By 
considering textual stories as structured data, i.e. textual forma mentis networks of 
syntactic/semantic/emotional relationships between words, this study uses explain-
able AI to identify which features lead to the prediction of ratings by humans, GPT-3.5 
and Sonnet 3.7 of short stories. Our findings demonstrate that in producing creativity 
ratings of human stories, human raters place emphasis on structural semantic network 
features (e.g. degree centrality, word count and inverse size of LCC) in conjunction 
with using the emotional content of the story (e.g., its elicited joy or trust). Similar 
patterns are found also in GPT-3.5 and Sonnet 3.7. However, when GPT-3.5 rates its 
own GPT-based stories, the LLM shows a marked reliance on emotional features, 
suggesting an inclination towards affective attributes over structural ones in the self-
assessment of creativity.

This discrepancy points to limitations in current LLM models’ interpretative 
frameworks for creativity, as these models exhibit an emotion-centric approach rather 
than assessment heuristic based on semantic/syntactic association structure. Such 
findings underscore the importance of advancing LLMs to enhance their alignment 
with human evaluative criteria when called to produce “creative” content and rate it.

7.1  Synthetic dataset of creative stories

The synthetic dataset of 1071 stories generated by GPT-3.5 and Sonnet 3.7 each with 
their corresponding ratings, as used in this study, can be found publicly available on 
OSF. This dataset is available for future research and can be accessed via the follow-
ing link: https://osf.io/gcjqv/.
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Appendix

Instructions for raters

In this task, participants were shown 3 words (“stamp”, “letter”, “send”), and were 
asked to write a short story that included all 3 words. They were told to be imagina-
tive and creative when writing their stories.

You will first be shown just 10 stories, and you will have to first rank these 10 
stories from least creative to most creative, and then give each of them a rating from 
1 (very uncreative) to 5 (very creative). After this you will be shown the rest of the 
stories and you will have to give each of these a rating for creativity too.

When rating the stories, try not to focus too much on the length of the story, or 
how good the English is, but consider the overall creativity of the story. You may 
wish to consider how creatively the 3 words were used, how emotive, descriptive, or 
humorous the story was, and how much it “came alive”.

Scale:

1.	 Very Uncreative.
2.	 Uncreative.
3.	 Undecided.
4.	 Creative.
5.	 Very Creative.

Johnson et al. [22], Supplementary Materials.

Comparative analysis for human-generated and GPT-generated stories

See Figs. 9, 10 and 11.

Fig. 9  Boxplots comparing story length measured in number of words between stories written by hu-
mans, Sonnet and GPT-3.5, with human- and Sonnet-generated stories generally shorter than those 
generated by GPT-3.5
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Fig. 11  Comparative distribution of ratings for human stories (orange), GPT-generated stories (blue) 
and Sonnet-generated stories (green). Notice a preference of both GPT-3.5 and Sonnet 3.7 in favour of 
their “own” stories with higher ratings (4 and 5) and a striking absence of ratings 1 and 2. In contrast, 
human-authored stories were rated as less or medium creative (frequent ratings of 2–3)

 

Fig. 10  Comparative distribution of ratings for human-authored stories by human raters (orange), GPT-
3.5 (blue) and Sonnet 3.7 (green). Notice a clear trend of GPT-3.5 and Sonnet 3.7 for more medium 
ratings (2–4) and very few extreme ratings (1 or 5)
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Summary statistics of network and emotion features of the dataset

See Tables 10, 11 and 12.

Table 10  Summary statistics of the scaled network features of the human dataset (above), Sonnet data-
set (middle), and the GPT-3.5 dataset (below). Minimum and maximum values are omitted because all 
features were scaled between 0 and 1, resulting in constant values of 0 for minimum and 1 for maximum 
values
Network features in human-generated stories

ASPL Clustering Degree_cent Diameter 1/|LCC|
Mean 0.386972 0.470768 0.156140 0.386760 0.133139
Std 0.131258 0.137863 0.111265 0.135049 0.106944
25% 0.301478 0.391096 0.085784 0.300000 0.066092
50% 0.371915 0.479688 0.128284 0.400000 0.105072
75% 0.463094 0.562771 0.188933 0.500000 0.157407
Network features in Sonnet-generated stories

ASPL Clustering Degree_cent Diameter 1/|LCC|
Mean 0.290895 0.609549 0.327567 0.283100 0.336125
std 0.147203 0.137994 0.183279 0.147958 0.189364
25% 0.179640 0.532960 0.189013 0.200000 0.192882
50% 0.282699 0.625168 0.281383 0.300000 0.282090
75% 0.372965 0.702235 0.456883 0.400000 0.490241
Network features in GPT3.5-generated stories

ASPL Clustering Degree_cent Diameter 1/|LCC|
Mean 0.368177 0.572487 0.139017 0.402088 0.141838
Std 0.130123 0.137215 0.088125 0.149182 0.099014
25% 0.276920 0.489863 0.083592 0.272727 0.083131
50% 0.347736 0.578193 0.121928 0.363636 0.118250
75% 0.441351 0.661575 0.171247 0.454545 0.171329
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Table 11  Summary statistics of the scaled emotional features of the human dataset (above) Sonnet data-
set (middle), and the GPT-3.5 dataset (below). Minimum and maximum values are omitted because all 
features were scaled between 0 and 1, resulting in constant values of 0 for minimum and 1 for maximum 
values
Emotion features in human-generated stories

Anger Anticipation Disgust Fear Joy Sadness Surprise Trust
Mean 0.325442 0.366624 0.385550 0.432085 0.362140 0.372512 0.314179 0.374122
Std 0.152243 0.174006 0.173384 0.203495 0.181201 0.193006 0.192256 0.171248
25% 0.200671 0.202309 0.241783 0.280499 0.218370 0.244864 0.220996 0.269987
50% 0.336061 0.394722 0.399049 0.436664 0.340886 0.400933 0.245946 0.328666
75% 0.437603 0.458699 0.537870 0.522988 0.453095 0.487951 0.428504 0.510059
Emotion features in Sonnet-generated stories

Anger Anticipation Disgust Fear Joy Sadness Surprise Trust
Mean 0.407357 0.375596 0.311000 0.500265 0.370517 0.342161 0.338294 0.387863
Std 0.179260 0.181874 0.163659 0.181312 0.192918 0.187212 0.184929 0.184104
25% 0.250971 0.224336 0.178003 0.354419 0.197833 0.204319 0.234956 0.262984
50% 0.369387 0.374691 0.246420 0.492239 0.368064 0.325170 0.275390 0.371643
75% 0.589315 0.485542 0.480755 0.613351 0.474681 0.406618 0.456148 0.541990
Emotion features in GPT3.5-generated stories

Anger Anticipation Disgust Fear Joy Sadness Surprise Trust
Mean 0.341612 0.414565 0.332500 0.378416 0.507048 0.358026 0.348180 0.458649
Std 0.172627 0.160909 0.147349 0.155095 0.190445 0.139588 0.167416 0.161217
25% 0.222517 0.300824 0.236755 0.272931 0.377150 0.256792 0.228511 0.338042
50% 0.303695 0.401547 0.308207 0.367873 0.521860 0.331201 0.339799 0.462989
75% 0.426774 0.529237 0.427671 0.465419 0.640515 0.436996 0.458464 0.563060
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Table 12  Comparison of distribution plots for network and emotion features of stories generated by human 
participants (left), GPT-3.5 (middle), and Sonnet 3.7 (right)
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Table 12  (continued) 
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Table 12  (continued) 
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The most creative rated stories by humans, Sonnet 3.7 and GPT-3.5

See Tables 13, 14 and 15.

Table 12  (continued) 
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Stories generated by GPT-3.5 Mean
rating
GPT

In a small town where everyone knew each other’s names, there was an old petrol station, the 
only one for miles that still offered both petrol and diesel from its ancient pumps. The station 
had been a gathering point for the town’s residents for decades, a place where stories were 
shared as cars were refueled. One day, amidst a nationwide fuel shortage, the station’s pumps 
ran dry, leaving the community anxious and disconnected. It was then that the station owner, 
using ingenuity and a deep love for his town, converted the pumps to serve alternative, sustain-
able fuels. This not only brought the town back to its lively self but also set a precedent for 
environmental consciousness. The old pumps, once symbols of a fading era, became beacons of 
innovation and hope for the future

5

In a quaint village nestled among rolling hills, there lived an elderly woman who cherished the 
art of letter writing. Every week without fail, she would sit by her window, pen in hand, pour-
ing her thoughts onto paper. Her belief in the power of written words was unwavering, for she 
believed that each letter sent carried with it a piece of the sender’s soul. One day, she received 
a stamp from a far-off land, a small token from her long-lost love. With trembling hands, she 
affixed it to her latest letter, whispering her deepest desires before sending it off into the world, 
hoping that her words would sing across the miles and reunite their hearts once more

5

In a small town divided by loyalty to either petrol or diesel, the only fuel pump stood as a neu-
tral ground where both factions met. The owner, an old mechanic named Jonas, was known for 
his wisdom and fairness, mediating disputes with a calm word and a steady hand. One day, a se-
vere shortage threatened to escalate tensions between the two groups as they lined up at dawn, 
each hoping to fill their tanks. Jonas, seeing the growing hostility, proposed a solution: a ration 
system that ensured both sides received equal amounts, along with a community project to ex-
plore alternative energy sources. His proposal was met with grudging respect, and as the weeks 
turned into months, the town found unity in innovation, slowly reducing their dependence on 
petrol and diesel. Jonas’s pump became a symbol of cooperation, fueling not just engines, but 
the spirit of a community willing to work together for a sustainable future

5

In the heart of an ancient empire, there was a legend about a mystical organ hidden within the 
palace. It was said that this instrument held the power to command the very essence of the 
empire, but only those who could comply with its demanding melody would uncover its secrets. 
For centuries, many tried to play the organ, hoping to wield the empire’s hidden power, but all 
failed until a young girl, unnoticed by the court, approached it. With a deep understanding of 
harmony and a heart in tune with the organ’s ancient rhythm, she played a melody so compel-
ling that the air itself seemed to shimmer with newfound vitality. Her music did not command 
the empire with force, but rather, united its people with a deeper understanding and respect for 
one another, revealing that true power lies in harmony and unity

5

In the heart of a vast empire, where the whims of the ruling class dictated the rhythm of life, 
there stood a grand cathedral. Its organ, a colossal masterpiece of craftsmanship, was said to 
hold the power to sway the hearts of those who heard its music. When the emperor decreed that 
all citizens must comply with a new, controversial law, the cathedral’s organist saw an opportu-
nity to influence the masses. On the day the law was to take effect, as the sun dipped below the 
horizon, the organist played a piece so hauntingly beautiful that it transcended mere compli-
ance. The music spoke of freedom, unity, and resistance, inspiring the people of the empire to 
stand together and question the orders imposed upon them, proving that even in an empire built 
on obedience, the human spirit could not be easily tamed

5

Table 14  Examples of ten highly rated stories generated and rated by GPT-3.5
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Stories generated by GPT-3.5 Mean
rating
GPT

In a small village nestled among towering mountains, the people held a profound belief in 
the power of song to connect them to the divine. Each evening, as the sun dipped behind the 
peaks, casting the valley into a serene twilight, the villagers would gather around the ancient 
stone chapel. Here, regardless of the day’s hardships, they would sing. Their voices, rich with 
faith and emotion, rose in harmony, weaving a tapestry of sound that seemed to transcend the 
physical world. This ritual, passed down through generations, was a testament to their unshake-
able faith in the unseen, a communal expression of hope and resilience. The songs, varying 
in melody but united in spirit, served as a reminder that even in times of darkness, the human 
spirit could find light through the act of coming together to sing

5

In the vast empire of Elysium, where technology and magic intertwined, there existed an an-
cient organ crafted from rare woods and enchanted metals. This magnificent instrument, capable 
of producing music that could sway the hearts and minds of an entire kingdom, was protected 
under the decree of the emperor. Each year, a talented musician was chosen to play the organ 
during the Empire’s grand celebration, but they had to comply with one strict rule: never play 
the melody of the forbidden song, a tune said to hold the power to undo the empire itself. This 
year, a young prodigy, filled with curiosity and defiance, was selected. As her fingers danced 
across the keys, the temptation grew too strong, and she veered into the forbidden melody. The 
music that filled the air was hauntingly beautiful, yet it carried with it the power to unravel the 
fabric of the empire. As the last note echoed through the halls, the world held its breath, waiting 
to see the fate of an empire that dared to harness the power of an organ unlike any other

5

On a rainy afternoon, Emily found an old stamp in her grandmother’s attic, tucked away in a 
dusty box labeled “Memories.” Curious, she also discovered a letter, never sent, addressed to a 
soldier overseas during a war long past. The words, filled with love and longing, echoed a time-
less hope for safe return. Emily, moved by the sentiment, decided to send the letter, decades late 
but carrying the same weight of love and concern. She placed the old stamp on the envelope, 
wondering about the journey it was about to embark upon and the hands that would eventually 
hold it. Little did she know, this act of sending a piece of history would bridge generations, 
bringing unexpected closure to a family story left unfinished

5

During a nationwide shortage of petrol and diesel, the small town’s residents gathered anxiously 
around the solitary pump at the local station. Tensions were high as supplies dwindled, and 
everyone feared they’d be left stranded. Amidst the chaos, a group of innovative teenagers em-
barked on a project to convert their bicycles to run on the remaining fuel, blending the old with 
the new. Their success not only brought relief but also sparked a community-wide initiative to 
rethink transportation, turning a moment of crisis into a leap towards sustainability

5

Mr. Thompson, a retired postman, found an old, unstamped letter hidden beneath the floor-
boards of his attic. The letter, addressed to a love lost in time, was penned with such emotion 
that it seemed to pulse with life. Determined, Mr. Thompson affixed a vintage stamp from his 
collection to the envelope, a small act of defiance against the passage of time. The next morn-
ing, he placed the letter in the send box at the post office, a bridge from the past to the present. 
Weeks later, a reply came, a testament to the power of words and the enduring strength of love, 
proving that some connections are timeless, unfettered by years or distance

5

In contrast to Table 13 above, which features the 15 only human-authored stories that received a mean 
rating of 5 by all human raters, for the GPT-3.5 dataset 40 stories received a perfect mean rating of 5 
from all four GPT-3.5 raters. For brevity, the table includes only 10 representative examples of these 
stories. Notably, many GPT-generated stories exhibit highly similar patterns. For example, they are 
frequently beginning with phrases such as: “In a [ADJECTIVE] town”; “In a [ADJECTIVE] village”; 
or “In a [ADJECTIVE] empire”. This repetition underscores GPT-3.5’s difficulties in generating diverse 
stories and its preference for relying on the same storytelling structures throughout the dataset

Table 14  (continued) 
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