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Abstract

As Generative Al has advanced at an incredible pace
and has been increasingly integrated into creative do-
mains, understanding how users’ prompting styles
shape Al-generated creative content is critical. Despite
a growing interest in human-Al co-creation, there is
limited research exploring how linguistic and emotional
cues in user prompts affect Al-generated responses in
creative domains. This study addresses this gap by
analyzing the syntactic and sentiment patterns of user
prompts and their impact on ChatGPT’s responses in a
co-creative storytelling study with 100 participants. We
found different stylistic patterns in both prompts and
responses, while ChatGPT often amplified users’ sen-
timent and positivity. The findings offer insights to en-
hance our understanding of how Al can be optimized
for more appropriate interactions in co-creation.

Introduction

Generative Al (GenAl) is transforming the landscape of cre-
ative expression, offering new possibilities for collabora-
tion between humans and machines. Large language mod-
els (LLMs) are becoming increasingly integrated into cre-
ative workflows, democratizing the generation of creative
artifacts. In co-creative domains, users and Al systems en-
gage in dynamic interactions where each party contributes
to the evolving narrative (Davis 2013), which makes under-
standing how human input shapes Al output critical. Much
attention has been given to the capabilities and limitations
of these models, but comparatively little research has ex-
amined the linguistic and emotional characteristics of user
prompts and their influence on the nature and quality of
Al-generated content. The structure and emotional tone of
user prompts play a pivotal role in shaping the responses
of LLMs in creative contexts like storytelling (Ul Huda et
al. 2024). Prior research has shown that minor variations
in prompt phrasing can lead to substantial differences in
output style, content, and coherence (Brown et al. 2020;
Reynolds and McDonell 2021). Linguistic cues often carry
implicit emotional and contextual information that can guide
the model’s interpretation of user intent (Chung et al. 2024).
In co-creative settings, such cues are especially important, as
they can determine whether the Al responds passively, takes
initiative, or mirrors the user’s creative direction.

Recent research has highlighted the critical role of prompt
engineering in guiding LLMs toward more accurate, co-
herent, and contextually appropriate outputs (Brown et al.
2020; Wei et al. 2022). These efforts have focused on
measures like reasoning ability, factual accuracy, and task
success, but the more nuanced, co-creative dimensions of
human-AI collaboration remain underexplored. Work on
prompt tuning and dynamic adaptation has advanced in-
ternal model optimization (Xiao et al. 2025; Zhang et al.
2024), yet it typically overlooks how users engineer their
prompts to interact with models in creative contexts. Con-
cerns about the diversity and authenticity of model outputs
have also been tied to prompt phrasing (Holtzman et al.
2019), and prompt robustness has been studied in adver-
sarial contexts (Liu et al. 2021). However, there has been
limited exploration into how prompts influence model be-
havior in terms of the sentiment of user prompts, as well as
the structural and stylistic aspects of user prompts. Studies
have examined prompt performativity (how prompts elicit
desired responses) (Shin et al. 2020) and generation con-
trol (guiding model output) (Dathathri et al. 2020), however
these analyses often focus on token-level or dataset-driven
approaches, overlooking the informal nature of human-Al
co-creation, where users engage with the model through
dynamic prompts. Recent studies have begun to map the
prompt engineering landscape (Chen et al. 2023; Sahoo et
al. 2024), and exploratory work on prompt literacy (Hwang,
Lee, and Shin 2023) indicated the growing need for more
user-centric approaches. The interpretive space where hu-
man intention meets Al output remains largely unmapped, in
particular, how linguistic and emotional cues in user prompts
influence Al responses in co-creative storytelling.

Motivated by this gap, this study investigates the linguis-
tic structure and sentiments in user prompts and how these
components shape model outputs during a co-creative writ-
ing task. We conducted a user study with 100 participants
who engaged with ChatGPT in a creative writing task. Fo-
cusing on prompt-response pairs, we examined how syntax,
style, and sentiment in prompts influence the variability, cre-
ativity, and alignment of Al-generated content. We present
findings that could be utilized in deepening our understand-
ing of the dynamics and structures of prompts and responses
in co-creativity and supporting future work in prompt liter-
acy and personalized interaction design.



Related Work

Human-AlI co-creation is a rapidly growing research area
where humans and Al collaborate on creative tasks to pro-
duce creative artifacts or ideas (Davis 2013). Generative Al
has been heavily used in human-AlI co-creation lately, which
serves as an effective co-creation technology (Bozkurt and
Sharma 2023) by enhancing our creative abilities and trans-
forming our experience of how we interact with Al systems.
The efficacy of generative Al is influenced by its underlying
algorithms and training data, but also by the way users in-
teract with it (Rezwana and Maher 2022), for example, the
quality of the prompts Al systems receive (Liu et al. 2023).
Generative Al offers immense potential, but its effective-
ness depends on well-crafted prompts (Cheung 2023). Well-
designed prompts can elicit meaningful responses, while a
poorly constructed prompt may lead to irrelevant outputs.
Yet, many users struggle with prompt engineering due to the
novelty of these technologies (Bozkurt and Sharma 2023).
This highlights the need for research into effective prompt-
ing strategies.

Previous studies emphasize that prompt structure plays
a critical role in Al performance. For instance, Brown et
al. (2020) introduced few-shot prompting as a means of
guiding language models, while Wei et al. (2022) demon-
strated that structured chains of thought can elicit logical
reasoning. These approaches highlight how task framing
can significantly impact model behavior and effectiveness.
In creative contexts, creative generation using prompt engi-
neering goes beyond correctness, requiring expressiveness,
engagement, and emotional alignment (Reynolds and Mc-
Donell 2021). In the domain of co-creativity, Jakesch et
al. (Jakesch et al. 2019) explored human perception of Al-
generated content, emphasizing factors like trust and social
resonance. Serban et al. (Serban et al. 2015) examined how
user expectations shape dialogue interactions—primarily in
task-oriented settings—but their findings on conversational
alignment offer insights relevant to co-creative communica-
tion. Recent research (Bhandarkar et al. 2024) highlights the
growing need for adaptive models that align with not just
content but user sentiment and style—factors increasingly
relevant in co-creative systems. Other work (Smith et al.
2025) has begun to examine multimodal and cross-domain
prompt structures, especially in artistic and educational set-
tings, though few studies link linguistic traits directly to co-
creative engagement.

The literature shows that the way users interact with Al
significantly influences the creativity that emerges from co-
creation (Karimi et al. 2020). We can identify prompt at-
tributes that lead to specific creative outcomes, which can
inform effective prompt engineering across various creative
domains. Additionally, the field of human-centered NLP
(Bender and Koller 2020) emphasizes the importance of
considering the social and affective aspects of Al responses.
However, there is a gap in computational creativity research
regarding the structure and sentiment of prompts and their
impact on Al responses. Our research contributes to this area
by exploring how the style and sentiment of user prompts in-
fluence Al outputs in creative writing/storytelling.

Study Methodology
Procedure

This study explores users’ prompt writing styles and how
they influence Al-generated responses in creative contexts.
Participants engaged in a co-creative storytelling task using
ChatGPT-3.5. Participants were provided with the following
narrative prompt: “A little girl named Alice, who is 7, wants
to go on an adventure with her dog Lola. One day when both
her parents went out for a quick errand, Alice and Lola...”
Participants had 7 minutes to continue a story and prompt
ChatGPT to finish or improve it, providing screenshots of
the prompt and final story as proof of completion. The study
was approved by the Institutional Review Board.

Using Prolific, an online participant recruitment platform,
we recruited 100 participants (56 men, 40 women, and 4
non-binary) who were at least 18 years old, with an average
age of 27.0 (Med = 27.5, SD = 6.88). As our aim was to
gather a diverse set of data across various demographics, we
kept the inclusion criteria to a minimum, requiring only that
participants be at least 18 years old.

Data Collection and Analysis

We collected users” prompts and ChatGPT responses
through the screenshots participants submitted.

We conducted a series of statistical analyses. Prompts
and Al responses’ syntactic structures were analyzed us-
ing Parts-of-speech (POS), categories to which each word
is assigned in accordance with its syntactic functions (Juraf-
sky and Martin 2024). We focused on POS features as they
provide an interpretable framework for analyzing language
patterns across diverse users. POS tags capture the gram-
matical roles of words, allowing us to quantify the expres-
sive, descriptive, and structural tendencies present in both
human and machine-generated texts. We utilized POS Tag-
ger of the Stanford CoreNLP package version 4.5.8 (Man-
ning et al. 2014) to categorize words into nine features:
nouns (NOUN), verbs (VERB), adjectives (ADJ), adverbs
(ADV), pronouns (PRON), conjunctions (CONJ), adposi-
tions (ADP), numbers (NUM) and determiners (DET).

To investigate stylistic patterns in the users’ prompts and
Al responses, we conducted k-means clustering with the
nine POS tags as the features. To visualize and interpret
clusters, we applied Principal Component Analysis (PCA)
to reduce the dimensionality of POS tag distributions to two
key dimensions.

Additionally, we used paired t-tests to assess differences
in syntactical structures between clusters of user prompts
and Al responses, and one-way ANOVA to examine the
most influential cluster features. Additionally, we used Chi-
square tests to identify the association between several vari-
ables, such as clusters of users’ prompts and Al responses.

Sentiment analysis was conducted using Text2Data (Tex
2025), an online text analysis tool, which has been utilized
in the literature for sentiment analysis (Gandy et al. 2025;
Ermakova, Henke, and Fabian 2021). Text2Data generates
sentiment polarity scores measuring a text’s emotional tone
(from -1 indicating negative to 1 indicating positive).



Results

In this section, we present the findings from our analysis of
user prompts and Al-generated responses in the co-creative
storytelling task. We begin by examining the syntactic pat-
terns using POS distributions, followed by clustering anal-
ysis that identifies distinct stylistic patterns across prompts
and responses as well as examines how these clusters relate
to one another. Finally, we report on the sentiment analy-
sis, comparing the emotional tone between user inputs and
ChatGPT’s outputs.

POS User Prompts ChatGPT Responses Comparisons
T Freq. Freq. Freq. Diff. | t-test
ags | COUNTS % SD | COUNTS % SD % p-value

ADJ 380 6.68 | 2.50 | 1833 9.00 | 2.87 2.32 0.0055
ADV 269 4.73 | 212 853 4.19 | 1.98 -0.54 0.4685

CONJ 294 5.17 | 2.23 934 4.59 | 2.08 -0.58 0.4262
DET 660 11.61[3.21| 2278 11.19 | 3.15 -0.42 0.6391
NOUN | 1619 |2847[452| 5811 28.54 | 4.52 0.07 0.9194
NUM 267 469 | 2.11 60 0.29 | 0.54 -4.40 <0.0001

ADP 622 10.94 | 3.11 2795 | 13.73 | 3.47 2.79 0.0006
PRON 493 8.67 | 2.80| 1920 9.43 | 2.92 0.76 0.3501
VERB 1083 [19.04 |3.93| 3876 | 19.04 ] 3.93 0.00 1

Table 1: Comparison of part-of-speech (POS) tag distribu-
tions between user prompts and Al responses, with results
of paired t-tests.

Comparison between Structural Patterns of User
Prompts and AI Responses

To understand how linguistic structure varies between users
and ChatGPT during co-creative storytelling, we analyzed
the POS tag distributions in user prompts and corresponding
Al-generated responses. Table 1 presents the mean percent-
age and standard deviation for each POS category across
all samples, along with the results of paired t-tests com-
paring prompts and responses. Table 1 reveals clear syn-
tactic differences between participant prompts and Chat-
GPT responses. ChatGPT uses significantly more adjectives
(ADJ) (A =2.32%,p = 0.0055) and adpositions (ADP)
(A =2.79%,p = 0.0006), suggesting a tendency to en-
hance descriptions and relational clarity. In contrast, it dras-
tically reduces NUM (A = —4.40%, p < 0.0001) that were
part of the task for the user prompts, which may strip away
some contextual or quantitative detail. These shifts highlight
how the model transforms factual, structured input into more
elaborative and expressive language.

Cluster Analysis of Prompts and Responses

To identify stylistic patterns in both user prompts and Chat-
GPT responses, we applied k-means clustering using dis-
tributions across nine POS categories. As visualized, we
identified two distinct clusters (See Figure 1) in both par-
ticipant Prompts and ChatGPT Responses. Principal Com-
ponent Analysis (PCA) was used to reduce dimensionality
and capture the dominant syntactic variance, with the first
two dimensions explaining the majority of variance in both
prompts and responses.

For user prompts, PCA Dimension 1 is driven by VERB,
DET, and NOUN, reflecting content density related to ac-

tions and subjects. PCA Dimension 2 is shaped by CONJ,
NUM, and ADP, capturing structural complexity. For Chat-
GPT responses, Dimension 1 similarly reflects content rich-
ness, dominated by NOUN, VERB, and DET, while Dimen-
sion 2, influenced by ADJ, ADV, and CONIJ, highlights de-
scriptive and connective elaboration.

In prompt clusters, Cluster 0 (n = 23) includes more ex-
pressive prompts, using more ADJ, ADV, and PRON, sug-
gesting a personal tone. Cluster 1 (n = 77) prompts relied
more on NOUN, DET, and CONJ, indicating a more descrip-
tive, scene-setting approach. A similar pattern emerged in
ChatGPT response clusters: Cluster O involves 41 instances
that used more ADJ, ADP, and PRON, aligning with an ex-
pressive style, while Cluster 1 involves 59 instances that
used more NOUN, reflecting a simpler, clearer structure.
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Figure 1: Clustering of user prompts (a) and ChatGPT re-
sponses (b) based on part-of-speech (POS) tag distributions
using k-means. Purple dots (Cluster 0) represent more ex-
pressive language patterns and yellow dots (Cluster 1) re-
flect a more descriptive, scene-setting style.

We conducted one-way ANOVA tests to identify which
POS features significantly differed between the clusters; all
were statistically significant (p < 0.001) except for NUM,
which did not show a meaningful difference. Among the
most distinguishing features were NOUN, DET, and VERB,



with higher frequencies observed in Cluster O of the prompt
data—a pattern that also appeared in the response clusters.
PRON (personal pronouns) showed particularly strong dif-
ferences: in prompts, Cluster 0 had a mean value of 7.57
compared to 4.14 in Cluster 1; in ChatGPT responses, the
difference was even larger (25.80 vs. 14.61). ADP (adposi-
tions) exhibited the greatest divergence in the response clus-
ters (38.00 vs. 20.97). Similarly, ADV (adverbs) showed
a notable difference in prompts (5.70 vs. 1.79). ADIJ (ad-
jectives) and CONIJ (conjunctions) followed similar trends
across both datasets, with higher averages in Cluster 0, indi-
cating a more expressive and syntactically rich style.

Despite these clear stylistic patterns within prompts and
responses, no significant associations were found between
the clusters of prompts and responses in terms of syntactic
styles. This finding is somewhat unexpected, as one might
assume the structure of user input would influence the syn-
tactic style of the Al output. Additionally, we also found no
significant associations between the prompt/response clus-
ters and participant demographics (age, gender, race, coun-
try of origin, formative background, disability, education
level, field of work/study, occupation, income, political af-
filiation, or Al expertise).

Sentiment Analysis
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Figure 2: Comparison of sentiment scores between user
prompts and ChatGPT responses. Each line connects a user
prompt (blue dot) to its corresponding Al response (yellow
dot), showing that ChatGPT responses generally exhibit in-
creased positivity.

We observed a pattern of positive sentiment shift in Chat-
GPT’s responses compared to user prompts (Figure 2). Sen-

timent analysis revealed that user prompts encompassed a
wide range of emotional tone, with 44 categorized as posi-
tive, 27 as neutral, and 29 as negative. In contrast, ChatGPT
responses exhibited a clear shift toward positivity, compris-
ing 58 positive, 37 neutral, and only 5 negative instances.

A paired t-test confirmed a statistically significant in-
crease in sentiment scores from prompts to responses (p <
0.001), indicating that ChatGPT tends to respond with more
positive sentiment regardless of the prompt’s tone. Figure 2
visualizes these changes. Each dot represents an individual
sentiment score, with blue dots indicating sentiment scores
for user prompts and yellow dots for ChatGPT responses.
Dashed lines connecting the pairs illustrate the direction of
sentiment shifts, and boxplots provide an overview of the
distribution in each category.

In nearly half the cases (47%), ChatGPT responses
showed a sentiment increase of over 0.25, indicating a ten-
dency to elevate emotional tone. In 34% of cases, senti-
ment remained largely stable (< 0.25 change). In 19% of
cases, responses were more negative, reflecting moments
when ChatGPT adopted a more critical or somber tone.

Overall, prompts displayed broader emotional variability,
whereas ChatGPT’s responses were more tightly clustered
around the positive end of the sentiment scale. This trend
reaffirms that while users bring a wide range of emotional
tones to the interaction, ChatGPT tends to focus on more
positive emotional expressions.

Discussion and Conclusions

As the use of GenAl rapidly grows in creative domains,
understanding the stylistic, structural, and sentiment pat-
terns in user prompts—and how these patterns influence Al-
generated responses—is crucial to unlocking the full poten-
tial of GenAl. This study explored stylistic and emotional
patterns in prompts and Al-generated responses and how
user prompts influence ChatGPT’s linguistic and emotional
responses in a collaborative storytelling context with 100
participants. We present the findings and discuss the im-
plications in this section.

The syntactic analysis revealed that ChatGPT responses
contained significantly more adjectives (ADJ) and adposi-
tions (ADP) than user prompts, indicating that the Al en-
riches its language with descriptive and relational elements.
This suggests an attempt to create more vivid and engag-
ing responses, potentially aligning with users’ implicit re-
quests for expressiveness. In contrast, numerical expres-
sions (NUM) were much less frequent in ChatGPT re-
sponses, implying that the Al prioritizes narrative clarity and
emotional tone over factual precision in storytelling, which
aligns with the existing research (Breithaupt et al. 2024).

The clustering analysis reveals two distinct linguistic
styles in both user prompts and Al-generated responses.
Cluster 0 in user prompts, involves more expressive
prompts, uses a higher frequency of adjectives, adverbs, and
pronouns, suggesting a personal, emotional tone. In con-
trast, Cluster 1 relies more on nouns, determiners, and con-
junctions, indicating a descriptive, factual approach. Al re-
sponses followed a similar pattern, with Cluster 0 exhibiting
more adjectives, adpositions, and pronouns, aligning with



the expressive tone of the prompts. Cluster 1’s responses
mirrored the user prompts’ simpler, more structured style.
These contrasting styles highlight different rhetorical strate-
gies, representing the AI’s ability to adjust its narrative struc-
ture, suggesting it can enhance engagement in creative or
emotionally sensitive contexts while maintaining clarity in
more factual or instructional interactions.

Human input is more stylistically diverse compared to Al
responses, as seen in the greater spread of points for the user
prompts across PCA dimensions. Al responses, while re-
flecting the general structure of the prompts, remain more
standardized and homogeneous, aligning with the AI’s ten-
dency to prioritize grammatical correctness and coherence
over stylistic variation. This distinction underscores the syn-
tactic regularity and homogeneity in Al responses, poten-
tially limiting its adaptability, which aligns with existing re-
search echoing concerns (Liu et al. 2024) about Al homog-
enization” in creative fields. Identifying mechanisms to in-
crease response diversity without compromising coherence
could improve co-creation balance.

Interestingly, no significant association was found be-
tween the clusters of prompts and responses, which is sur-
prising given the expected direct influence of user input on
Al-generated content. This finding suggests that ChatGPT
may not always perfectly align with the user’s intended tone
or style. The lack of correlation could be due to the model’s
tendency to generate responses based on a range of factors
beyond just syntactic alignment, such as the model’s training
data, its programming to optimize for clarity, and its inherent
biases in generating emotionally positive outputs.

Sentiment analysis revealed a significant shift toward
more positive sentiment in ChatGPT responses compared to
user prompts. While user prompts spanned a wide range
of emotional tones, from highly negative to positive, Chat-
GPT’s responses tended to be more positive, with a focus
on neutral to mildly positive sentiment, highlighting Chat-
GPT’s potential to modulate emotional tone in a way that
might help to maintain positive engagement. Such tenden-
cies are likely influenced by reinforcement learning from hu-
man feedback (RLHF), which rewards outputs perceived as
helpful, engaging, or agreeable (Ouyang et al. 2022). How-
ever, this shift also raises questions about the implications
of Al modifying users’ emotional expressions. For instance,
in settings where a user may express frustration or dissatis-
faction, ChatGPT’s tendency to amplify positive sentiment
could be seen as dismissive or unresponsive to the user’s
emotional state. This aspect of Al behavior warrants further
investigation, particularly in creative contexts such as story-
telling where emotional nuance is important.

It is also important to recognize that the interpretabil-
ity and behavior of language models are continually evolv-
ing. Different versions of LLMs, or the inclusion of mul-
timodal capabilities, may generate markedly different re-
sponses even when given identical inputs. This suggests
there may not be a singular or universal mapping between
user intention and Al output. Human intention itself is
deeply complex and inherently subjective, posing further
challenges in aligning Al responses with nuanced human
goals or emotional states. Future studies should investigate

how varying model architectures and user contexts shape
this interpretive space, and how models might better account
for the richness of human intent.

Limitations and Future Work

This study has a few limitations. One is the use of a fixed
story prompt and a constrained interaction time, which may
not fully capture the dynamic nature of user-Al interactions.
Future work should explore open-ended interactions with
evolving prompts to better understand how style and sen-
timent develop in more spontaneous and extended contexts.
The study focused on a single creative task with a specific
system that might limit the generalizability. Future research
should examine whether similar stylistic and emotional pat-
terns emerge in a broader range of creative tasks.

Another limitation is the participant sample, which may
not reflect the diversity of users who engage with Al in cre-
ative settings. Future studies should include more diverse
demographics to explore how different user groups engineer
prompts. Further research could also examine the range and
types of sentiments involved in human-Al interactions to
better understand how emotional tone is expressed, trans-
formed, or constrained in these interactions.

Finally, future research should investigate whether Al’s
tendency to shift responses toward positive sentiment might
inadvertently limit the emotional depth and authenticity of
co-created content. In creative collaborations, human ex-
pression often encompasses a broad spectrum of emotions,
including negative and ambiguous tones. If Al systems con-
sistently steer outputs toward optimism or neutrality, there is
a risk of diminishing the nuanced emotional landscapes that
are essential to authentic creative expression (Ashkinaze et
al. 2024). Understanding how AI’s sentiment modulation
shapes the co-creative process is critical for designing tools
that support—not flatten—human creativity.
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