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The rise of AI-generated content (AIGC) is transforming online creative communities (OCCs) and posing
challenges to their regulation. The interacting behaviors, such as sharing artworks with descriptions, com-
menting on creations, and creators’ subsequent replying are the essential components of user engagement in
these communities. Understanding the influence of AIGC on the evolving user engagement could be helpful
for community regulation. In this work, we collect 235K posts and their associated 255K comments from
DeviantArt, a large creative community allowing uploading AIGC. Through open coding, we identify five cate-
gories of practices in describing and commenting on artworks, respectively. A set of deep learning models are
applied to classify the posts and comments. We then combine time series regression analysis, causal inference
analysis, and logistic regression analysis, to examine the impact of the surge of AIGC on user engagement.
Results suggest that AI-generated artworks show a decreasing emphasis on the content of creations but an
increasing trend toward commercial and promotion purposes. AI-generated artworks emphasize less on IP
issues than human-created ones, while the awareness of IP issues drops for human-created artworks with the
growth of AIGC as well. Although comments with high sentiment valence, for peer bonding or for requesting
usage positively predict the reply behavior for human-created artworks, community members are less likely
to maintain these interactions as AIGC rises. Finally, we discuss insights and design implications for OCCs.
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1 Introduction
Recent innovations in generative AI technology have significantly improved the quality of AI-
generated content (AIGC), attracting more creation shared across online communities. As AIGC is
progressively replacing user-generated content (UGC) [121], it is also reshaping the norms within
online communities. For example, online creative communities like DeviantArt [27] allow creators
to upload their artworks (either UGC or AIGC) along with descriptive information, such as the
information in the creation process. These communities provide opportunities for creators on skill
learning, entertainment, and professional development by showcasing creation and interacting
with remote peers [38, 59]. Generative AI tools, such as DALL-E, Stable Diffusion, and Midjourney,
enhance these benefits as they increase the productivity of creators and encourage broader partici-
pation by lowering barriers to artwork creation [63, 129]. On the other hand, generative AI poses
new challenges to the regulation of online creativity communities. These challenges include the
potential for low-quality creations, conflicts in attitudes toward AI-generated content (AIGC), and
complex copyright issues [3, 80].
The success of an online community relies on the user engagement, which could evolve when

the community is impacted by external events [47]. While previous studies indicate the potential
benefits and risks of generative AI techniques to the creative community, we still lack a quantitative
understanding of the influence of AIGC on the creative community through the lens of user
engagement. In this paper, we define user engagement as community member’s participation and
dynamic interaction with creative output and remote others on the platform. We propose to inspect
it from the following perspectives: 1) how creators manifest a creation under new trends (indicating
creative practices in the community), 2) how creators describe their works to the community
(revealing motivations to share in the community [17, 18, 48], 3) how consumers comment on a
creation that reflects their attitudes towards the creation, and 4) whether creators respond to these
comments that contribute to deeper social interaction in the online space [23]. Understanding the
evolving user engagement in response to the technology-driven surges from these perspectives
could provide valuable insights for effectively regulating online creative communities to foster
creativity and accommodate members’ needs in the era of AIGC [15, 39]. Therefore, we raise the
following research questions:

• RQ1. To what extent has generative AI artworks been adopted in the community?
• RQ2. How do creators describe the shared artworks in the community and how does such
practice evolve?

• RQ3. How do consumers comment towards creation and how does such practice evolve in
the surge of AIGC?

• RQ4. How do creators’ engagement with community members evolve in the era of AIGC?

To this end, we utilized data from DeviantArt, one of the largest online communities dedicated to
sharing artworks including AIGC, to address the research questions. Our data involved randomly
sampled 235K posts uploaded from August 2020 to November 2023, covering the period before the
release of generative AI techniques to the prevalence of AIGC. These posts are associated with
255K consumers’ comments and 119K creators’ replies. We trained a visual-based AI art classifier
to identify the AI-generated artworks in the sampled data. In RQ1, We confirmed the AIGC surge
in the platform and identified the prevalence period of AIGC began in September 2022 through a
time series algorithm (Section 4.1).
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We then randomly sampled 800 posts and 1000 consumers’ comments to reveal how creators
described their shared artworks (for RQ2) and how consumers commented under artworks (for RQ3)
through open coding. We figured out five categories of creators’ description practices – context of
creation (e.g., creation scenario), process of creation (e.g., adopted techniques), content of creation,
dissemination of creation (e.g., intellectual property (IP) disclaimer, commercial), and community
interaction around the creation. We also identified five categories of consumers’ commenting
practices – content of creation (e.g., judgment, interpretation), knowledge exchange (e.g., providing
suggestions, investigation), social interaction (e.g., peer bonding, fandom building), dissemination
of creation, and sensitive content. We fine-tuned deep learning models to classify the creators’
descriptions and consumers’ comments in the entire dataset. For RQ2 and RQ3, we combined the
interrupted time series (ITS) regression with Bayesian structural time series (BSTS) analysis to
reveal how the prevalence of AI influences the creators’ describing and consumers’ commenting
behaviors. For RQ4, we conduct logistic regression to understand how factors related to creators’
reply behavior vary as AIGC surges.
Results suggest that AI-generated artworks show a decreasing emphasis on the content of cre-

ations but an increasing trend toward commercial and promotion purposes. AI-generated artworks
emphasize less on IP issues than human-created ones, while the awareness of IP issues drops for
human-created artworks with the growth of AIGC as well (Section 4.2). Although comments with
high sentiment valence, for peer bonding, or for requesting usage positively predict the reply
behavior from human-created artworks (Section 4.4), consumers decrease these interactions with
human-created artworks as AIGC rises (Section 4.3.1). We discuss the design implications, such
as channel design, optimizing commenting strategies, and community collaborative curation in
Section 5. Our studies reveal the impact of generative AI on the user engagement of the creative
community and provide insights for community moderation under the surge of AIGC.

2 Related Work
In this study, we highlight relevant literature on the interaction between AI and content creators,
as well as social media users, to better situate the study.

2.1 Generative AI and Content Creator
As people increasingly incorporate generative AI into their content creation process to enhance
quality and productivity [13], HCI researchers have proposed various human-AI co-creation tools
for different domains. These tools include applications for design space exploration [24, 114],
creative writing [21], image generation [79, 115], music creation [7, 81] and video creation [19, 113].
The prevalence of human-AI co-creation tools has prompted researchers to investigate the co-

creation itself. They are examining the motivations and barriers that creators encounter when
adopting generative AI [3, 102, 104], as well as the usage patterns of generative AI [8, 32, 70, 82, 91,
123]. Additionally, a significant focus is placed on understanding the impact of generative AI on
creators and their co-creative practices.

Studies have identified this impact from different perspectives. For productivity, Noy and Zhang
[89], Zhou and Lee [129] found that generative AI improved both efficiency and quality in profes-
sional writing and text-to-image generation. Doshi and Hauser [33] in their experimental study also
found generative AI increased the writers’ creativity by making their works better written and more
enjoyable, albeit at the expense of diversity. Despite the creativity associated with AI-generated
works, the black-box nature of generative AI can lead to a sense of indirectness and lack of control
during the creation process [107]. Moreover, generative AI may cause economic loss to creators,
abuse of their copyright, and thus reluctance in personalized crafting and content sharing [63, 96].
For AI art creators, they may face an identity crisis as serious artists, find their creative processes
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restricted by the attributes of AI tools [9], and often feel underappreciated by audiences [5, 9, 85].
Additionally, generative AI may negatively influence creators’ careers, such as causing a decrease
in the number of job posts related to image creation [25].
In short, previous studies have provided insights into the impact of generative AI on creators’

careers, their creative outputs, and the direct creation process. However, content creation, viewed as
a creative design process, inherently requires iterations to achieve better presentation outcomes [35,
125]. This iterative process is facilitated through interactive activities such as sharing the creation,
interpreting audience feedback, and making subsequent revisions [41, 73], which received limited
attention in existing research. Different from previous works, our study focuses on the practices
of creators in sharing their work and engaging in online interactions, as well as how consumers
engage with artworks. By analyzing data from an online creative community, we aim to gain a
deeper understanding of these dynamic practices.

2.2 Impact of Generative AI to Social Media Platforms
Recent studies indicate a growing prevalence of AIGC across various social media platforms. For
instance, AIGC has significantly impacted news media platforms, influencing the topics, sentiments,
and biases of news content [36, 52, 88, 127]. On Twitter, generative AI has produced numerous
images, with a shift in themes towards more artistically sophisticated content, such as human
portraits [16].
As mentioned earlier, the influx of AIGC has transformed the overall characteristics of these

platforms. Despite being perceived as neutral, generative AI can be prompted to disseminate
harmful content in social media platforms, including hate speech [42, 45, 76] and NSFW (not safe
for work) materials [37, 108, 120]. These undesirable outputs of generative AI, coupled with other
risks such as the spread of misinformation [74, 109, 110], have raised significant ethical concerns
and led to the discussion on regulations by both researchers [31, 43, 50, 51] and consumers [65, 98].
The consumers, i.e., the users of social media, may be directly influenced by prevailing AIGC

contents and consequently alter their behaviors. Traditionally, social media platforms are designed
for human interaction. However, the emergence of AI as a social agent, capable of exhibiting
human-like speech and behavior [95], introduces novel interaction patterns to human users within
online communities. Human-like interactions with LLM conversation agents can enhance the
interaction between both posters and commenters [111]. Yanardag et al. [126] deployed an AI-
based collaborative horror writing bot on Twitter, which significantly impacted readers’ emotions,
particularly for co-created stories. However, recent studies suggest that such interactions may also
lead to overreliance on or unsafe use of AI agents. For example, users may be more likely to disclose
private information to human-like chatbots [6, 119].

On the other hand, the influence of static AIGC on user engagement across social media platforms
presents mixed evidence. In online knowledge communities, answers generated by LLMs have
influenced user perceptions and activities, leading to a decline in viewing and posting but an
increase in the liking of answers [12, 54, 64]. Huang et al. [57] revealed that the integration of
generative AI within Lofter led to a significant decrease in content creators’ activity, except for
more popular content creators who were less likely to decrease their activity. Zhang et al. [128]
studied the impact of AI-generated voice on TikTok videos and suggested that the use of AI voice
is not significantly correlated with likes and comments per view per creator and week. Wei and
Tyson [117] explored the impact of AIGC on the Pixiv community, noting an increase in content
creation but a decrease in viewing and commenting.

However, there still remains a gap in understanding how community interactions are influenced
by user-initiated AIGC. Deeper community interactions, including sharing, commenting, and
replying, as opposed to chatting and viewing, may better reflect the inherent characteristics of all
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participants and the entire ecosystem. The rapid development of generative AI technologies, like
other triggers to the communities [14, 46, 47, 53, 78], is continuously reshaping the paradigm of
content production, adding a new dimension to investigating these characteristics. In this work, we
utilize DeviantArt, a leading online creative community as a case to characterize the user behavior
(i.e., posting, commenting, and replying) evolvement in the influx of AIGC.

3 Method

Fig. 1. Research workflow for examining user engagement variations in response to the prevalence of
generative AI. Dataset Collection: We scraped artwork-level information from the DeviantArt platform,
including the artwork, the associated descriptions, comments, and replies. RQ1: Fine-tuned computer vision
models were applied to classify artworks into AIGC and UGC. The monthly percentage of AIGC artworks
was calculated, and the PELT algorithm identified September 2022 as a salient change point marking the
surge of AIGC. RQ2 & RQ3: We open-coded the respective engagement patterns of creators’ descriptions
and consumers’ comments to understand how community members engage with creation in the community.
The impact of the AIGC surge on these patterns was modeled using two quasi-experimental approaches: ITS
and BSTS. We compared the engagement patterns in the recent AIGC era with Chi-squared test and T-test.
RQ4: Multiple logistic regression analyses explored how factors related to creators’ reply behaviors evolved
during the AIGC surge.

We first introduce the basic setting of the research site and how we scrape the data (Section 3.1).
We then illustrate the approach to distinguishing AIGC and UGC with deep learning models
(Section 3.2), providing the opportunity to reveal the trend of creation practice (RQ1). In particular,
we adopt the PELT algorithm to identify when salient changes in creation practice happened in the
community. Next, we characterize creators’ descriptions of AIGC versus UGC artworks (Section 3.3)
and consumers’ comments (Section 3.4) toward these artworks via open coding. We apply the
quasi-experimental methods (i.e., ITS and BSTS analysis) to the result to examine the impact of the
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AIGC surge on community members’ engagement, and compare the engagement patterns under
AIGC and UGC with statistic tests (RQ2 for creators and RQ3 for consumers). Finally, we conduct
regression analysis to explore how factors related to creators’ reply-to-comment behavior vary as
AIGC arises in the community (Section 3.5), providing a more comprehensive view of generative
AI’s effect on creator engagement beyond sharing. Figure 1 illustrates the general research workflow
of the study.

3.1 Research Site and Data Collection

Fig. 2. Example artwork published on the DeviantArt platform. We decrease the resolution and obscure
sensitive information for copyright and privacy concerns. We slightly paraphrased the content in the post so
that the post could not be searched.
DeviantArt is one of the largest artist communities, which is reported with over 700 million

page views per month in 2024 [29]. Figure 2 is an example of artwork published on the platform.
Artists can share their created artifacts along with an introduction (such as the artifact title and
a description). They can also serve as consumers who comment on other creators’ artifacts. The
DeviantArt platform does not prohibit the adoption of generative AI in the creation process, and
therefore, could act as a lens to investigate the impact of AIGC in the community.
On DeviantArt, each artwork is assigned with a unique ID by the platform. In our study, we

examined a random sample of 1000 artworks published in November 2023 and found a Spearman
correlation of over 0.97 between the ID and the artwork publication time. This high correlation
indicates that most artwork IDs are assigned in ascending order by their publication time, with
more recent projects receiving larger IDs. That is, sampling and ordering by artwork ID is almost
equivalent to sampling and ordering by publication time. To capture the recent trend of community
content, we scraped artworks by randomly sampling IDs starting from an ID in July 2020. We
obtained around 250K valid project responses from DeviantArt.

We took the following steps to filter the data. First, we restricted the data to projects published
between August 2020 and November 2023 to reflect the recent trends in the community. After
this step, around 240K projects remained. Next, we removed projects that did not fall under the
category of “visual art” (a pre-defined category on the platform) to ensure focus solely on those
projects related to artwork sharing. We also eliminated projects that contained GIFs instead of
static images, as dynamic images could pose difficulties for analysis in subsequent procedures.
Finally, we obtained a dataset of 235,528 artifacts from 122,707 unique users, spanning the period
from August 2020 to November 2023 (for RQ1 and RQ2). The scraped information includes the URL
of the artifact and the metadata associated with the posts, such as the title, description, creator
username, and the received comments.
We adopted several procedures to pre-process the scraped comments. First, we removed the

comments that have been hidden by community moderators, creators, or commenters themselves.
Next, we removed comments presented in picture format to concentrate on text-based analysis.
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Eventually, we have 63, 824 projects that receive at least one consumer comment, leading to 255,430
comments from consumers for analyzing the commenting behavior (RQ3). We figured out 119,443
replies from original creators towards these comments, leading to 119,443 comment-reply pairs for
analyzing the creators’ reply behavior (RQ4).

3.2 Generative AI Techniques Identification
We first utilized the meta-data associated with the artwork to distinguish whether it was created
using AI. Following the practice in [16, 129], we labeled the artworks published before 2021 as
human-created projects, as the earliest text-to-image model, DALL-E was released in January 2021.
This step identified a total of 22,747 human-created projects.

Additionally, the DeviantArt platform requires users to indicate whether they utilized AI tech-
niques in their creations [28]. For the remaining data (projects published after 2021), we examined
whether the creators disclosed the use of AI in the attribute associated with the project, and identi-
fied 20,259 projects with AI-creation disclaimers. We then trained the AI-artwork detector using the
visual information from the labeled projects. The training, validation, and test sets were randomly
split, with 18,747/2,000/2,000 human-created artworks and 16,259/2,000/2,000 AI-created artworks,
respectively. We fine-tuned multiple vision models on the training set, including CNN-based ResNet-
50 [55], and Vision-Transformer-based models such as ViT [34], BEiT [4], and DINOv2 [92]. We
compared their performance on the validation set. The BEiT model, which was pre-trained on
ImageNet-22k dataset [26], achieved the best performance (precision = 0.98, F1 = 0.95, AUC = 0.988)
on the validation set following the fine-tuning process. Subsequently, we evaluated its performance
on the test set, where it achieved 0.98/0.96/0.989 on precision, F1, and AUC, respectively. We present
the confusion matrix of the test set in Table 1. It suggests a robust recognition ability across the
binary categories. We evaluate the model performance in recognizing AI-generated artworks across
time by dividing testing data into 10 bins according to the chronological order of the publication
time and measuring the F1-score on each fold. The result (F1-score - mean: 0.97, std: 0.01, min:
0.95, max: 0.98) demonstrates the model’s consistent effectiveness in recognizing AI-generated
artworks across time. With the BEiT model, we predicted whether the artwork integrate AI in
the remaining 192,522 projects. Our final dataset contains 197,126 human-created artworks (from
112,656 unique creators) and 38,402 AI-generated artworks (from 13,415 unique creators). The
mean/SD/median/75th percentile/99th percentile of user-uploaded projects in the sampled data
is 1.75/4/1/2/11 for human-created artworks, and 2.86/7.46/1/2/28 for AI-generated artworks. In-
terestingly, we identified 18,143 AI-generated artworks without explicitly disclosing the AI usage
in artwork attributes. One potential reason is that creators may be afraid of receiving negative
comments if they disclose the use of AI [3]. Another explanation is that creators might prefer their
artworks to be evaluated based on artistic merit rather than on how they were created [56]. Future
works could delve deeper into the reasons behind this phenomenon through qualitative research.

Table 1. Confusion matrix of AI-artwork detector performed on the test set.

predicted human-created
artworks

predicted AI-generated
artworks

actual human-created
artworks 1961 39

actual AI-generated
artworks 117 1883
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3.3 Creator Sharing Practice Identification and Classification
3.3.1 Creator Sharing Practice Identification. We utilized an open coding approach [68] to identify
creators’ practices in describing artworks in the community. Initially, 150 sample posts were
independently coded by three researchers, focusing on the practices related to sharing creations.
Specifically, they analyzed two distinct components of the posts: the artwork title and the artwork
description. The artwork title provides a brief overview of the creation, while the description allows
for a more detailed disclosure. Then they got together to compare the codes they had identified and
engage in discussions to resolve the disagreement. They refined the definitions of certain codes
based on the discussions, and re-coded the 150 posts. For instance, they observed that most titles
merely provided a general overview of the created artifact, often overlapping with the description.
Consequently, they merged the codes for the title and description. They repeated these steps until
they achieved a substantial level of agreement among the three coders (Gwet’s AC1 ≥ 90%). We
use Gwet’s AC1 to measure the inter-rater reliability, as it is more suitable and stable than other
measurements (e.g., Cohen’s 𝜅) for scenarios where certain codes (e.g., IP disclaimer) are rare in
the sampled data [49]. After the iteration process to refine the codebook, they finally discussed
inter-code connections and clustered related codes, yielding high-level categories.

Through our open coding, we uncovered multiple codes in creators’ sharing and grouped them
into the following perspectives related to creation. Table 2 lists detailed examples for each code.

Context of creation pertains to the circumstances and influences that surround and contribute
to the creation of a work. This includes the specific scenario in which the work was created (such
as the time and location), any original references used (such as a fanart piece based on an existing
work), and the source of inspiration for the work.

Process of creation refers to the methods and procedures used in the creation of the work.
This includes the tools and techniques utilized, any collaborative efforts involved in the production,
the use of artificial intelligence in the creation process, and any prompts or guidelines that were
followed.

Content of creation focuses on the actual content of the work. This could be a general overview
of the work or a detailed narrative of the content in the artwork.
Dissemination of creation involves how the work should be shared, distributed, or commer-

cialized. This could include any intellectual property (IP) disclaimers associated with the work,
instructions on how the creation can be used or reproduced, and any commercial efforts, such as
selling the artwork.

Community interaction around creation pertains to the social aspects of the creative process
and the community’s response to the work. This includes the creator’s self-introduction and self-
promotion, the socialization that occurs around the work (such as discussions or debates), and any
invitations for comments or feedback on the work.

3.3.2 Creator Sharing Practice Classification. Once the codebook was finalized, two of the three
coders coded another 50 posts independently, and they reached a high level of agreement (Gwet’s
AC1 ≥ 88%) on each dimension. After establishing the substantial agreement between the two coders,
they randomly sampled another 600 posts, each coding half of the posts separately. Eventually, we
got 800 coded posts for training a classification model.

We randomly split 60%, 20%, and 20% data into the training, validation, and test sets respectively.
We adopted multiple language models for predicting the description category, including BERT-
base-uncased [30], Bertweet-base [87], Bertweet-large [87], Bert-base-multilingual-uncased [30],
Multilingual-e5-large-intstruct [112], and the state-of-the-art open-sourced large language model
Llama 3 [1]. We fine-tuned these models to predict each category separately and chose the best
model for each dimension. Detailed model performance is listed in Table 3.
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Table 2. Creators’ sharing practice coding scheme and examples. We slightly paraphrased the content in
the post so that the post could not be searched. We use [USERNAME] to represent the original username to
protect users’ privacy. We reported the distribution of each code in the entire annotated data.

Category Code Definition Example

Context of creation

Scenario (10.5%)
Provide the circum-
stances, location, time of
the creation

– I had an assignment
yesterday where I had to
draw 3-5 objects that I had
in my household...

Inspiration attribution
(11.5%)

Acknowledges or credits
a specific source of inspi-
ration, such as artwork
reference and ideas

– A fan art of "The Bat-
man";
– Credit to [USERNAME]
for the wonderful ideas

Process of creation

Tools and techniques
(5.875%)

The tools and techniques
adopted in the creation

– Background added from
photoshop

Collaborative information
(2.125%)

Acknowledge or credit
other members in the cre-
ation process

– a friend and i wrote it

Content of creation Content overview (88.75%) Brief introduction of the
objectives in the artwork – Roses at the wall

Content narrative (20.25%)

Provide explanation of
the objectives in the art-
work, such as character
relationship, attributes,
and stories

– This is my original char-
acter. A therapist who
specializes in empowering
women utilizing methods
that many might feel are
unorthodox. Her philoso-
phy: if a pathetic male
is ruining a woman’s life
by refusing to accept a fe-
male’s power over them,
then the best thing to do

Dissemination of
creation

IP disclaimer (8.125%)
Mention the copyright
information of the cre-
ation

– Character(s) presented
do not belong to me

Usage instruction (5.25%) Guidelines on using the
artworks – Free of use with credits

Commercial (6.5%) Information on purchas-
ing the artwork

– Status: OPEN ( 2/5 slots
)Terms of service: Pay-
ment is upfront

Community
interaction around
creation

Socialization (12.75%)

Provide personal infor-
mation or experience to
connect with the commu-
nity

– You can call me [USER-
NAME]!! Another reason
I made a dA is to register
my personal grow

Interaction guidance
(4.125%)

Suggestions for interact-
ing for the artwork

– What’s your fave object
out of all of these?

Promotion (11.375%)
Provide external links to
other artworks or portfo-
lio

– Follow my work
here too: twit-
ter.com/[USERNAME]
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In order to automatically predict the description of each post, a total of 12 categories in five topics
were classified using binary classification models. Six deep learning models that are commonly
used for text classification tasks were tested in order to automatically predict these description
categories. Despite the existence of 800 labeled descriptions for each category, the dataset is
extremely unbalanced in certain categories due to the presence of rare categories (e.g. Collaborative
with only 2%). This makes it difficult to train the model. To address this issue, we employed a
widely utilized data imbalance solution, namely balanced softmax loss [99], with the objective
of enhancing the model’s performance on a few categories within the context of the long-tail
problem. This approach involves incorporating the number of distinct labels into the calculation of
the loss function, thereby balancing the impact of each label on the loss, which enables the model
to consider the minority label during training, rather than predicting them all as a single label. The
model was trained on the training dataset and evaluated on the validation dataset, after which the
final performance was assessed on the test dataset.

Table 3. The model performance on F1-score with the test dataset of each description category (the bold for
the best performance). We also report the ratio of each code in the entire predicted dataset.

Context Process Content Dissemination Community Interaction
Model_name Scenario Inspiration Tool Collaborative Overview Narrative IP Usage Commercial Socialization Guidance Promotion

BERT-base 0.765 0.711 0.727 0.750 0.981 0.842 0.769 0.842 0.762 0.700 0.800 0.789
Bertweet-base 0.812 0.762 0.762 0.667 0.976 0.828 0.769 0.737 0.870 0.778 0.769 0.800
Bertweet-large 0.848 0.706 0.727 0.571 0.981 0.746 0.857 0.500 0.870 0.757 0.800 0.895
Bert-base-multilingual 0.651 0.653 0.467 0.571 0.844 0.590 0.233 0.304 0.409 0.417 0.333 0.508
Multilingual-e5-large 0.492 0.698 0.486 0.286 0.981 0.831 0.339 0.240 0.750 0.508 0.435 0.865
Llama 3 0.511 0.540 0.526 0.122 0.955 0.585 0.615 0.696 0.714 0.625 0.400 0.750
ratio 5.28% 13.7% 6.7% 1.25% 87.08% 18.98% 3.16% 3.96% 3.43% 13.13% 4.45% 15.29%

3.4 Consumer Commenting Practice Identification and Classification
3.4.1 Commenting Practice Identification. We conduct thematic analysis on the project-associated
comments to identify consumers’ practices in engaging with the creation. Initially, 200 consumers’
comments were randomly sampled. Three researchers first followed an established taxonomy for
design feedback. They independently coded these samples and then got together to compare the
codes. They further merged some codes in the original taxonomy that showed similar meanings
and removed several codes that rarely appeared in the sampled data. In addition, they also added
four new codes in the data, including requesting usage, peer bonding, fandom building, and sensitive
content. After rounds of discussion, they finalize the codebook and achieve a substantial agreement
(Gwet’s AC1 ≥ 73% for each code. These codes can be grouped into five categories as illustrated in
Table 4), including

Content of creation refers to how consumers evaluate and make sense of the content. It could
be judgment, where consumers saw and rendered some assessment of its quality. They are often in
an evaluative tone. It also contains the code of interpretation where consumers engage with the
creation by interpreting its meaning and making associative connections to other related objects or
personal experiences.
Knowledge exchange refers to exchanging knowledge, information, or critiques between

consumers and creators. Consumers can provide concrete recommendations for current creations
or brainstorm revision potentials or future creations. Consumers can also investigate information
about creation, such as processes and contexts in creation.
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Table 4. Consumers’ commenting practice coding scheme and examples. We slightly paraphrased the content
in the post so that the comments could not be searched. We reported the distribution of each code in the
entire annotated data.

Category Code Definition Example

Content of creation

Judgment (31.4%)
Comments that are in an eval-
uative tone, often convey an
assessment of the design

– It’s such a beautiful style;
– shame it’s AI stuff like this is
so much better when talent is
used

Interpretation
(35.5%)

Comments where someone
reacts to what they saw and
tries to make sense of the
creation. The consumer may
also imagine the plots in the
image, make connections to
other objects, or recall per-
sonal experiences

– A smol pika!;
– Undyne: I Don’t Really Like
Hugs;
– It looks like living in a close
up of a Mandelbrot series;
– When I was dating my wife
before we were married ... [per-
sonal experience related to the
plot in the creation] ...

Knowledge exchange Providing sugges-
tions (2.6%)

Giving specific advice
about a particular aspect
of the creation (direct
recommendation) or mak-
ing statements/rhetorical
questions about imagined
possibilities for the creation
(brainstorming)

– Here’s some collector models
too for reference: [link to the
website]

Investigation
(6.1%)

Soliciting information about
creation, such as the process
and context in creation

– Which AI did you use? I am
trying to find a good one

Social interaction

Peer bonding
(20.5%)

Creating positive emotional
or interpersonal connections
with the creator, e.g., support
the creator

– wonderful, keep up the good
work!

Fandom building
(3.3%)

Disclosing fan identities by
discussing character or story
settings in the original IP

– To me anyone associated
with Deathwatch or is a Child
of the Watch (including the
covert Din Djarin was a part of
before he was “banished”) are
not only traitors but not Man-
dalorians at all, just terrorists
wearing armor they have no
right to wear.

Dissemination of
creation

Requesting usage
(4.7%)

Requesting purchasing or
commercial use of the art-
work

– I will claim it.

Sensitive content Sensitive content
(3.1%)

Languages containing swear
words, fetish, or erotic mes-
sages, often sexually explicit
fantasy according to the cre-
ation

– I want Rox’s thighs wrapped
around my head

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 7, Article CSCW293. Publication date: November 2025.



CSCW293:12 Qingyu Guo et al.

Social interaction refers to consumers’ positive activities that express support for the creator,
or create positive emotional or interpersonal connections. It could also include the code when
consumers disclose their fan identities of the original IP revealed from the artworks, such as by
providing in-depth discussion on characters or story settings in the original IP.
Dissemination refers to the actions taken by consumers to seek rights for the utilization of

current creation. It often involves consumers expressing interest in acquiring these creations for
personal or business purposes.

Sensitive content refers to consumers discussing some NSFW content in the community, e.g.,
imagining the erotic interaction with characters in the creation.

3.4.2 Commenting Practice Classification. Two of the three coders coded another 100 randomly
sampled comments to validate their understanding of the codebook, and they achieved substantial
agreement (Gwet’s AC1 ≥ 70% for each code). After that, they annotated another 700 comments,
and the conflicts were solved by the third coder. Eventually, we obtained 1000 annotated comments.

The data was also randomly divided into three distinct sets: training (60%), validation (20%), and
test (20%). Five languagemodels were employed for the purpose of predicting the comments category,
including BERT-base-uncased [30], Bertweet-base [87], Bertweet-large [87], Bert-base-multilingual-
uncased [30], and Multilingual-e5-large-intstruct [112]. Each model was then fine-tuned to predict
the categories individually, with the objective of identifying the model that performed best for each
dimension. Further details on the performance of the models can be found in Table 5.
To automate the prediction of post comments, the data was categorized into eight categories

across five topics using binary classification models. Five deep learning models commonly used for
text classification were evaluated to assess their effectiveness in predicting the aforementioned
comments categories. Despite the inclusion of 1000 labeled comments per category, as wementioned
above, the dataset exhibited a high degree of imbalance, with some categories being relatively rare
(e.g., providing suggestions with only 2%). The imbalance of the data set presented a challenge to
the training of the models. To mitigate this problem we have similarly adopted balanced softmax
loss, as mentioned above. Furthermore, we utilize a prevalent data augmentation technique, termed
Easy Data Augmentation, for categories that are challenging to train (e.g., providing suggestions)
[116]. This approach generates a set of augmented data and labels by replacing selected words or
phrases from the original data with synonyms or semantic substitutions. The model was trained on
the training dataset, evaluated on the validation dataset, and the final performance was assessed
using the test dataset.

Table 5. The model performance on F1-score with the test dataset of each comment category (the bold for
the best performance). We also report the ratio of each code in the entire predicted dataset.

Content of Creation Knowledge exchange Social interaction Dissemination Sensitive
Judgment Interpretation Providing suggestion Investigation Peer bonding Fandom building Requesting usgage Sensitive Content

BERT-base 0.842 0.709 0.364 0.500 0.521 0.400 0.483 0.375
Bertweet-base 0.850 0.707 0.444 0.621 0.747 0.333 0.706 0.533
Bertweet-large 0.897 0.795 0.444 0.815 0.747 0.667 0.588 0.615
Bert-base-multilingual 0.850 0.605 0.500 0.571 0.622 0.526 0.417 0.444
Multilingual-e5-large 0.926 0.794 0.727 0.643 0.701 0.750 0.750 0.714
ratio 28.6% 41.4% 2.45% 6.48% 21.85% 2.83% 5.03% 2.26%

3.4.3 Sentiment Analysis. Besides the theme of the received comments, we also consider the
valence of the received comment that presents the overall attitude toward the artwork. We measure
the valence of the received comment with VADER (Valence Aware Dictionary and sEntiment
Reasoner) [60], an open-sourced1, lexicon and rule-based sentiment analysis engine, which has
1https://github.com/cjhutto/vaderSentiment
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been widely adopted for social media sentiment analysis by the CSCW and HCI research community.
It first assigns the sentiment indicator 𝑖 (such as words and emojis) with a numeric 𝑠𝑐𝑜𝑟𝑒𝑖 (ranging
from -4 (most negative) to 4 (most positive)). It then calculates the average compound score by
summing individual ones, adjusting the output according to specific rules (such as punctuation
amplifiers), and normalizing the result to a range between -1 (most extreme negative) and 1 (most
extreme positive).

3.5 Measuring Engagement Changes
We conducted a set of statistical analyses to examine the impact of generative AI in the shared
creation and the evolvement of user engagement.

For RQ1, we applied a widely adopted change point detection algorithm, PELT [106], to identify
when the AIGC starts to surge in the community. This algorithm leverages dynamic programming
to decide optimal time series segments where subsequences can be most accurately modeled by
different data distributions, i.e., the mean and variance of the time-series distribution change in
different time series segments. Following the common practice [106], we assumed a Gaussian
distribution for each segment, which can accommodate the monthly variability in the AIGC ratio
as depicted in Figure 3b. We set the number of time series segments to two, aiming to identify a
single significant change point in the ratio of AIGC and thus distinguish the pre-AIGC prevalence
period when the ratio of AIGC is relatively low, and the peri-AIGC prevalence period when the
AIGC surges in the community.

For RQ2 and RQ3, we combined interrupted time series (ITS) regression with Bayesian struc-
tural time series (BSTS) analysis to quantify the changes in community sharing and commenting
behaviors before and during the AIGC prevalence period.
Interrupted time series are designed to evaluate the longitudinal effects of interventions in the

absence of randomized controlled groups [72]. It has been widely applied to study social media
intervention [62, 101, 105], and herein we used its basic form, segmented linear regression model,
to account for the immediate changes of sharing and commenting behaviors in response to the
AIGC prevalence, along with trend before and after this intervention. Its simplicity makes it a good
starting point for understanding and visualizing how interventions affect trends over time. And
then BSTS could address more complex confounding factors, including seasonality.

𝑌𝑡 = 𝛽0 + 𝛽1𝑇 + 𝛽2𝐷 + 𝛽3𝑃 + 𝜖𝑡 (1)

As in Equation 1,𝑌𝑡 is the response variables for measurements of community sharing and comment-
ing behaviors; 𝑇 is the number of months from the beginning of observation; 𝐷 is the intervention
indicator, i.e., whether the prevalence of AIGC has taken place; 𝑃 =𝑚𝑎𝑥 (0,𝑇 − 𝑖𝑛𝑡𝑒𝑟𝑣𝑒𝑛𝑡𝑖𝑜𝑛_𝑡𝑖𝑚𝑒)
is the number of months since the prevalence of AIGC. Therefore, 𝛽1, 𝛽2 and 𝛽3 represent the trend
before the intervention, the immediate effect of the intervention, and the change of trend since the
intervention.

Unlike ITS, BSTS predicts the counterfactual responses and confidence intervals across time under
a synthetic control that would have occurred if there had not been the intervention [11]. Compared
with ITS, BSTS could further capture non-linear trends and seasonality in the pre-intervention
period of the response time-series data, and model a synthetic control in the post-intervention
period. By comparing the actual value in post-intervention and the predicted value in the synthetic
control, we could estimate the causal effect of the intervention. Here we applied BSTS to each
response variables for measurements of community sharing and comment- ing behaviors using the
CausalImpact R package [10].

We examine the seasonality of variables in BSTS analysis with iterative STL (seasonal and trend
decomposition using LOESS) based on the forecast R package [61]. The algorithm quantifies the
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strength of seasonality on a scale from 0 to 1, measuring how much variance can be attributed to
the seasonal pattern after excluding the overall trend from the time series data [66]. We tested the
seasonality at various intervals, including bimonthly, quarterly, four-monthly, semiannual, and
annual cycles (2, 3, 4, 6, and 12 months, respectively). The highest seasonality was achieved at the
annual level, with an average strength of 0.396. This suggests that, on average, 39.6% of the variation
in the time series data (i.e., the ratio of monthly description/comment category) can be attributed
to annual seasonality, after decomposing the main trend. Therefore, we set the seasonality as 12
months in the BSTS analysis so that the model can more accurately depict the influence of AIGC
prevalence. We recorded the average actual value across data points during the post-intervention
period, as well as the average counterfactual value predicted by BSTS. The latter represents the
expected outcome if the intervention had not occurred. The relative effect was calculated as the
average of the relative differences between the actual and predicted values at each time point. We
used the posterior tail-area probability (𝑝𝑝) as an inverse indicator of the likelihood of a causal
effect.
For RQ4, we examined how creator’s reply behaviors evolve as AIGC becomes more prevalent

within the community using logistic regression.

Reply_to_comments𝑖 𝑗 = 𝛽0 + 𝛽1AIGC_ratio𝑖 + 𝛽2Valence𝑗 + 𝛽T3Categoriesj
+ 𝛽4AIGC_ratio𝑖 ∗ Valence𝑗 + 𝛽T5AIGC_ratio𝑖 ∗ Categoriesj (2)

As shown in Equation 2, we modeled whether a creator 𝑖 replies to a specific comment 𝑗 on their
creation (Reply_to_comments𝑖, 𝑗 ), on the prevalence ratio of AIGC at the time the associated creation
was shared (AIGC_ratio𝑖 ), the sentiment valence of the comment (Valence𝑗 ), the categories of
comment 𝑗 listed in Table 4 (Categories𝑗 , a vector), and the interaction between the prevalence ratio
of AIGC and other independent variables (AIGC_ratio𝑖 ∗Valence𝑗 ,AIGC_ratio𝑖 ∗Categoriesj).𝛽0 is
the intercept term, and 𝛽1, 𝛽2, 𝛽3, 𝛽4, 𝛽5 are the coefficients of variables, where 𝛽3 and 𝛽5 are vectors.
Logistic regression analyses were performed separately for human-generated and AI-generated
artworks. Table 6 shows the descriptive statistics for independent and dependent variables in RQ4.

Table 6. Distribution of dependent variables (creator’s reply) and independent variables for predicting creator’s
reply behavior in RQ4. [Added Table]

Human-created artworks AI-generated artworks
Variables min/max mean (std) median min/max mean (std) median

Received comment

Valence -1/1 0.318 (0.414) 0.402 -0.995/1 0.407 (0.399) 0.508
Judgment 0/1 0.284 (0.451) 0 0/1 0.428 (0.495) 0
Interpretation 0/1 0.427 (0.495) 0 0/1 0.367 (0.482) 0
Provide suggestion 0/1 0.016 (0.124) 0 0/1 0.013 (0.115) 0
Investigation 0/1 0.066 (0.249) 0 0/1 0.061 (0.24) 0
Peer bonding 0/1 0.221 (0.415) 0 0/1 0.18 (0.384) 0
Fandom building 0/1 0.03 (0.17) 0 0/1 0.014 (0.116) 0
Dissemination 0/1 0.043 (0.203) 0 0/1 0.028 (0.165) 0
Sensitive response 0/1 0.022 (0.145) 0 0/1 0.062 (0.241) 0

Community Practice Monthly AIGC 0.024/0.483 0.136 (0.143) 0.039 0.024/0.483 0.239 (0.159) 0.205
Creator response is reply 0/1 0.477 (0.499) 0 0/1 0.358 (0.479) 0

4 Result and Analysis
4.1 RQ1. Trend of AI-Generated Artworks in Community
Figure 3a presents the volume of artworks in our sampled dataset aggregated by month. The
numbers of human-created artworks were generally stable in the time range, while the numbers
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(a) Number of AI-generated and human-created
artworks in each month.

(b) Ratio of AI-generated artworks in each
month.

Fig. 3. The trend of AI-generated and human-created artworks in each month.

of AI-adopted artworks increased rapidly and became comparable to the numbers of human-
created artworks at the end of 2023. This confirms that the creation process has been transformed
significantly due to generative AI techniques.
To capture the transformation of AIGC within the community, we compute the proportion of

AI-generated artworks relative to the total number of uploaded artworks (as shown in Figure 3b).
We applied the PELT algorithm (as mentioned in Section 3.5) and set the number of time segments
into two to identify the optimal change point in the proportion trend. The PELT algorithm iterates
all the time points and finds that the best-fitted data is achieved when dividing time segments into
two parts: before September 2022, and starting from that month. This indicates a great shift in
the mean (and variance) of the AIGC ratio in the community since September 2022 (illustrated
by the red vertical line in Figure 3b). Two-sample t-test further suggests a significant increase
(𝑝 < 0.001) in the presence of AI-generated artwork within the community from that point onwards
(𝑀 = 0.267, 𝑠𝑡𝑑 = 0.129) than before (𝑀 = 0.033, 𝑠𝑡𝑑 = 0.008). Therefore, we defined the period
starting from September 2022 as the AIGC prevalence period, and the period preceding September
2022 as the pre-AIGC prevalence period. Note that September 2022 is also around the time when
common text-to-image models, such as Midjourney, Stable Diffusion, and DALL-E 2 become
widely accessible, indicating the reliability of the PELT algorithm. In the subsequent sections, we
conceptualize the time when AIGC became noticeable in the community as an intervention, and
investigate how such intervention (i.e., the prevalence of AIGC) may affect community members’
sharing and interaction behaviors.

In RQ1, we confirm the surge of AIGC in the community and identify that salient changes in the
creative practices happened around September 2022. Together with the result in Section 3.2, we
reveal that many AIGC creators did not disclose their AI usage. Such behavior may bring challenges
for community moderation and we discuss the community design implications in Section 5.2.4.
Nevertheless, we find that introducing a new creation approach opened the opportunity for the
community to grow. Given the dynamics in creation, we then explore how community members
(i.e., creators and consumers) engaged with content from different creative processes and how the
AIGC surge affected the trend. Addressing these research questions could provide guidance for
communities to ensure a good user experience and continue to thrive in the era of AIGC.

4.2 RQ2. Impact of AIGC Prevalence on Artwork Description
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(a) Scenario (b) Inspiration attribution (c) Tools and techniques

(d) Collaborative (e) Content overview (f) Content narrative

(g) IP disclaimer (h) Usage instruction (i) Commercial

(j) Socialization (k) Interaction guidance (l) Promotion

Fig. 4. The monthly trend in the ratio of description categories for both human-created and AI-generated
artworks. The x-axis represents the time period, while the y-axis shows the ratio of each description category
with respect to all human (blue line) or AI artworks (orange line) that month. Dotted lines indicate the
observed values and solid lines represent the fitted Interrupted Time Series (ITS) regression models.

4.2.1 Evolvement of creators’ description. We first analyzed the impact of AIGC prevalence on the
description of human and AI-generated artworks by ITS and BSTS analysis. Overall, human-created
artworks show a relatively stable trend in these sharing practices, with no significant changes in
the subsequent linear trend (𝑝 > 0.05 for 𝛽3,ℎ𝑢𝑚𝑎𝑛) as revealed by ITS analyis. Meanwhile, relative
effects in the BSTS analysis is less than 15% on all dimensions (Table 7).
On the other hand, AI-generated artworks present greater changes in the sharing practices

than human-created artworks as AIGC surged. As shown in Figure 4a, 4b, 4e, 4f, AI-generated
artworks present a decreasing trend in describing the context of creation and content of creation.
The BSTS analysis suggests a negative causal impact of AIGC prevalence on descriptions of GenAI
artworks in these categories (𝑝𝑝 < 0.05), with a decrease of −38.57%,−43.74%,−4.62%,−29.62% on
the relative changes of scenario, inspiration attribution, content overview, and content narrative,

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 7, Article CSCW293. Publication date: November 2025.



Exploring the Evolvement of User Engagement under the GenAI Surge CSCW293:17

Table 7. BSTS analysis of sharing practice in the human and AI-generated artworks. The actual senti-
ment/theme ratio (denoted as 𝐴𝑐𝑡𝑢𝑎𝑙) represents the observed monthly average values during the AIGC
prevalence period. The counterfactual monthly average values (𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑), estimated using BSTS, indicate
what the sentiment/theme ratio would have been in the absence of the intervention (AIGC prevalence).
Predicted values are reported with their 95% confidence intervals (95%CI), which is the range that likely
contains the true predicted value 95% of the time if sampling is repeated. The relative effect is calculated as the
relative differences between actual and predicted values at each time point on average. The 95% confidence
intervals of the relative effect is also reported. The posterior tail-area probability (𝑝𝑝) is an indicator for the
probability of existing causal impact. The lower its value is, the higher chance for the causal impact.

Theme Code
Post-intervention avg. value Relative effect (%)

Actual Predicted 95% CI %Change 95% CI pp

Human-created artworks

Context of creation
Scenario 5.56% 5.75% [4.5%, 6.52%] -2.43 [-14.72, 23.69] 0.280

Inspiration attribution 15.99% 16.71% [15.48%, 17.63%] -4.16 [-9.28, 3.31] 0.078

Process of creation
Tools and techniques 6.63% 6.32% [5.38%, 7.45%] 5.55 [-11.02, 23.12] 0.216

Collaborative information 1.36% 1.51% [1.3%, 1.68%] -9.47 [-19.49, 4.68] 0.053

Content of creation
Content overview 91.29% 92.53% [90.8%, 93.99%] -1.33 [-2.87, 0.54] 0.060

Content narrative 21.56% 23.69% [23.17%, 24.13%] -8.98 [-10.65, -6.97] < 0.001

Dissemination of creation

IP disclaimer 3.58% 4.05% [3.67%, 4.37%] -11.31 [-18.12, -2.51] 0.019

Usage instruction 3.6% 4.03% [3.46%, 4.45%] -10.4 [-19.15, 4.12] 0.052

Commercial 2.65% 2.89% [2.68%, 3.05%] -8.28 [-12.97, -1.01] 0.021

Community interaction

around creation

Socialization 13.63% 14.71% [12.54%, 16.66%] -6.87 [-18.18, 8.69] 0.146

Interaction guidance 3.71% 4.31% [3.48%, 5.0%] -13.24 [-25.83, 6.51] 0.057

Promotion 14.6% 14.45% [13.18%, 15.49%] 1.2 [-5.73, 10.74] 0.410

AI-generated artworks

Context of creation
Scenario 2.2% 3.74% [2.4%, 5.06%] -38.57 [-56.82, -9.38] 0.019

Inspiration attribution 5.24% 9.54% [7.58%, 11.31%] -43.74 [-53.62, -30.8] 0.005

Process of creation
Tools and techniques 10.51% 7.96% [5.44%, 10.25%] 45.15 [2.47, 93.14] 0.020

Collaborative information 0.56% 1.14% [-0.01%, 2.2%] 25.98 [-132.33, 82.92] 0.103

Content of creation
Content overview 84.72% 88.92% [84.86%, 95.27%] -4.62 [-11.08, -0.16] 0.024

Content narrative 9.71% 13.99% [11.16%, 17.29%] -29.62 [-43.82, -12.92] 0.006

Dissemination of creation

IP disclaimer 1.18% 2.16% [0.39%, 3.82%] -38.32 [-75.66, 62.09] 0.084

Usage instruction 5.5% 3.18% [-0.06%, 5.86%] 64.81 [-307.2, 503.02] 0.038

Commercial 7.16% 2.51% [0.98%, 4.48%] 670.96 [49.55, 546.51] 0.001

Community interaction

around creation

Socialization 10.02% 10.88% [7.37%,13.39%] -0.05 [-25.24, 34.75] 0.193

Interaction guidance 7.29% 4.61% [2.5%,6.51%] 71.46 [10.13, 169.12] 0.009

Promotion 22.49% 14.12% [3.86%, 22.73%] 70.29 [-4.59, 402.22] 0.028

respectively. Meanwhile, human-created artworks possess a comparatively stable trend on these
categories, while only content narrative shows a significant decrease (relative changeℎ𝑢𝑚𝑎𝑛 =

−8.98%, 𝑝𝑝ℎ𝑢𝑚𝑎𝑛 < 0.001) as AIGC became prevalent.
Figure 4g demonstrates that the practice of revealing IP issues maintains a relatively low level

for AI-generated artworks. A sudden drop (𝛽2,ℎ𝑢𝑚𝑎𝑛 < 0) in such behavior exists for human-created
artworks, and maintains at a similar level as AIGC surges. The BSTS analysis further indicates that
the widespread AIGC brings a negative causal impact (relative effectℎ𝑢𝑚𝑎𝑛 = −11.31%, 𝑝𝑝 = 0.019)
on creators’ practice in disclaiming IP issues in the human-created artworks. Meanwhile, Figure 4c
depicts a sudden increase (𝛽2,𝐴𝐼 > 0) in announcing the tools and techniques for AI-generated
artworks. Similarly, BSTS analysis confirms a positive causal impact (relative effect𝐴𝐼 = 45.15%, 𝑝𝑝 =

0.02) of AIGC prevalence on descriptions of tools and techniques for GenAI artworks. These findings
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suggest that the change in the creation approach is reshaping the community norms around the
creation process and copyright issues.

Figure 4i depicts a significant subsequent increasing trend (𝛽3,𝐴𝐼 > 0) in the commercial informa-
tion for AI-generated artworks, while a significant sudden drop (𝛽2,ℎ𝑢𝑚𝑎𝑛 < 0) for human-created
artworks. The BSTS analysis suggests commercial practices culminate in the wave of generative AI
for those sharing AI-generated artworks (relative effect: 670.96%, 𝑝𝑝 = 0.001), while an opposite
trend exists for human-created artworks (relative effect: −8.28%, 𝑝𝑝 = 0.021). This might indicate
that individuals who initially joined the community for commercial purposes may be shifting
towards using AI tools for their creations. Similarly, Figure 4l demonstrates a significant upward
trend (𝛽3,𝐴𝐼 > 0) for creators sharing AI-generated artworks to promote themselves. This trend is
accompanied by a substantial positive causal impact (relative effect𝐴𝐼 : 70.29%, 𝑝𝑝 = 0.028) due to
the popularity of AIGC. These findings suggest that the rise of generative AI tools motivates an
increased commercial tendency for creators of GenAI artworks, and there is an increasing trend for
these creators to direct audiences to their other works.
Figure 4j and Figure 4k illustrate that for human-created artworks, the practice of mentioning

themes related to socialization and interaction guidance is on a relatively steady decline. On
the other hand, GenAI artworks have seen an accelerated increase (𝛽3,𝐴𝐼 > 0) in the theme of
interaction guidance since AIGC prevalence, accompanied by a significant positive causal effect
(relative effect𝐴𝐼 : 71.46%, 𝑝𝑝 = 0.009).

4.2.2 Comparing description during AIGC prevalence period. We then revealed how the practice of
describing the artworks during the AIGC prevalence period (since September 2022) vary between
human and AI-generated artworks. We set the former as the control group and the latter as the
experimental group, and employed the chi-squared test [97] to compare the two groups. We also
calculated the Odds Ratio (OR), defined as the percentage of the posts that contain the specific code
in the experimental group over that in the control group. The value of OR exceeding one stands for
a higher percentage of the code in the experimental group than in the control group, and vice versa.

We observe a significantly lower proportion in disclosing the creation context (creation scenario:
𝑂𝑅 = 0.38, 𝑝 < 0.001, inspiration attribution: 𝑂𝑅 = 0.34, 𝑝 < 0.001) between AI-generated
artworks and human-created artworks. Similarly, AI-generated artworks were associated with less
detailed content narrative (𝑂𝑅 = 0.43, 𝑝 < 0.001) than human-created artworks. While creators
of AI-generated artworks were more transparent in the adopted tools (𝑂𝑅 = 1.58, 𝑝 < 0.001) and
techniques than their counterparts, they were less likely to contain collaborative information
(𝑂𝑅 = 0.41, 𝑝 < 0.001), indicating the shift in creation practices. Meanwhile, AI-generated artworks
were less likely (𝑂𝑅 = 0.33, 𝑝 < 0.001) to disclaim IP issues than human-created artworks. We find
that AI-generated artworks are associated with a greater tendency to emphasize the dissemination
of creation (commercial information: 𝑂𝑅 = 3.4, 𝑝 < 0.001; usage instruction: 𝑂𝑅 = 1.71, 𝑝 < 0.001)
and community interaction (promotion information: 𝑂𝑅 = 1.8, 𝑝 < 0.001; interaction guidance:
𝑂𝑅 = 2.29, 𝑝 < 0.001) than human-created artworks. These findings indicate that human creators
of artworks present a higher attachment to their current creation, whereas creators of AI-generated
artworks tend to leverage increased productivity for commercial purposes and greater personal
exposure.

Summary: Human-created artworks exhibit relatively stable trends in response to the surge of
AIGC. They display less copyright awareness and a gradual decrease in socialization as AIGC surges
in the community. AI-generated artworks, instead, show a decreasing emphasis on the content of
creations but an increasing trend toward commercial and promotion purposes. During the AIGC
prevalence period, human-created artworks maintain higher enthusiasm for sharing the context
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and narrating the content of creation, but show lower interest in commercial use and are less
transparent in revealing their tools and techniques than AI-generated artworks. Collectively, these
findings suggest that human creators of artworks present a stronger attachment to their current
creations, whereas creators of AI-generated artworks tend to leverage increased productivity for
commercial and promotion purposes.
In RQ2, we first present the impact of AIGC surge on creators’ engagement in sharing their

artworks (Section 4.2.1) and then compare differences when these artworks were manifested purely
by humans versus with the help of AI. These insights deepen the understanding of the community
value (e.g., motivation to share the creation) for different creators, and how such value may evolve.
More efforts in community moderation may be required as potential issues arise, such as low
awareness of copyright in AIGC. We share our insights on these findings in Section 5.1.1 and 5.1.3,
and discuss design implications for communities under the trend in Section 5.2.1 and 5.2.3. In
Section 4.3, we shift the focus to consumers and explore the evolvement of their community value
in an influx of AIGC.

4.3 RQ3. Impact of AIGC Prevalence on Consumer Behaviors

(a) Valence (b) Judgment (c) Interpretation

(d) Providing suggestions (e) Investigation (f) Peer bonding

(g) Fandom building (h) Request usage (i) Sensitive content

Fig. 5. The monthly trend in the ratio of comment categories for both human-created and AI-generated
artworks. The x-axis represents the time period, while the y-axis shows the ratio of each comment category
with respect to all human (blue line) or AI artworks (orange line) that month. Dotted lines indicate the
observed values and solid lines represent the fitted Interrupted Time Series (ITS) regression models.

4.3.1 Evolvement of consumers’ comments. Similarly to RQ2, we combined the ITS and BSTS to
investigate the evolvement of commenting behaviors. We examined the evolvement of sentiment
valence (measured by VADER [60], a widely adopted tool for social media data sentiment analysis)
and the content category of comments (through our fine-tuned classifiers).
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Table 8. BSTS analysis of commenting practice for human and AI-generated artworks. The actual senti-
ment/theme ratio (𝐴𝑐𝑡𝑢𝑎𝑙) represents the observed monthly average values during the AIGC prevalence
period. The counterfactual monthly average values (𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑), estimated using BSTS, indicate what the
sentiment/theme ratio would have been in the absence of the intervention (AIGC prevalence). Predicted
values are reported with their 95% confidence intervals (95%CI), which is the range that likely contains the
true predicted value 95% of the time if sampling is repeated. The relative effect is calculated as the relative
differences between actual and predicted values at each time point on average. The 95% confidence intervals
of the relative effect is also reported. The posterior tail-area probability (𝑝𝑝) is an indicator for the probability
of existing causal impact. The lower its value is, the higher chance for the causal impact.

Theme Code
Post-intervention avg. value Relative effect (%)

Actual Predicted 95% CI %Change 95% CI pp

Human-created artworks

Sentiment Valence 29.52% 32.23% [28.33%, 36.17%] -8.09 [-18.38, 4.2] 0.071

Content of creation
Interpretation 45.37% 41.91% [34.77%, 49.28%] 8.99 [-7.94, 30.48] 0.117
Judgment 25.45% 29.24% [23.63%, 34.81%] -12.18 [-26.9, 7.69] 0.077

Knowledge exchange
Providing suggestions 1.75% 1.45% [1.26%, 1.74%] 21.72 [0.37, 38.41] 0.023
Investigation 6.94% 6.71% [6.0%, 7.91%] 4.07 [-12.26, 15.62] 0.225

Social Interaction
Peer bonding 21.04% 21.97% [18.73%, 25.0%] -3.72 [-15.84, 12.34] 0.231
Fandom building 3.09% 3.0% [2.37%, 3.83%] 4.65 [-19.29, 30.61] 0.313

Dissemination Requesting usage 3.9% 4.37% [2.47%, 5.95%] -7.25 [-34.52, 57.61] 0.226
Sensitive response Sensitive response 2.57% 2.36% [1.46%, 3.43%] 14.48 [-25.1, 75.69] 0.302

AI-generated artworks

Sentiment Valence 40.21% 46.08% [42.9%,49.26%] -12.6 [-18.37,-6.27] 0.008

Content of creation
Interpretation 37.2% 28.29% [13.82%, 42.63%] 42.71 [-12.78, 168.52] 0.104
Judgment 41.59% 52.76% [46.26%, 61.81%] -20.78 [-32.71, -10.1] 0.006

Knowledge exchange
Providing suggestions 1.52% 0.82% [-0.44%, 2.15%] 289.06 [-927.59, 1140.78] 0.095
Investigation 6.61% 4.4% [-0.78%, 10.2%] 32.74 [-524.26, 710.63] 0.168

Social Interaction
Peer bonding 17.89% 19.55% [14.96%, 22.88%] -9.69 [-21.9, 19.46] 0.113
Fandom building 1.28% 1.54% [-0.2%, 3.55%] -251.52 [-253.33, 235.42] 0.313

Dissemination Requesting usage 3.08% 0.83% [-5.96%, 5.09%] 65.19 [-1474.81, 1354.21] 0.117
Sensitive response Sensitive response 6.23% 4.87% [3.23%, 7.0%] 34.71 [-11.99, 90.6] 0.061

Figure 5a shows that the valence of comments towards human and AI-generated artworks
declines more steeply (𝛽3,ℎ𝑢𝑚𝑎𝑛, 𝛽3,𝐴𝐼 < 0) with the usage of AIGC growing in the platform. The
BSTS analysis further demonstrates that the widespread of generative AI tools had a negative
causal impact (relative effect𝐴𝐼 : −12.6%, 𝑝𝑝𝐴𝐼 = 0.008) on comment valence for GenAI artworks.
We then explore the evolvement on the content creation of comments. Several similar trends

exist for human and AI-generated artworks. As depicted in Figure 5b, consumers present a sharper
decrease (𝛽3,ℎ𝑢𝑚𝑎𝑛, 𝛽3,𝐴𝐼 < 0) in judging the content for both human and AI-generated artworks as
AIGC rises in the community. The BSTS analysis further demonstrates the negative causal impact
(relative effect𝐴𝐼 : −20.78%, 𝑝𝑝𝐴𝐼 = 0.006) of AIGC prevalence on consumers’ practices in judging
AI-generated artworks. Figure 5c shows that comments containing content interpretation keep
increasing for both human and AI-generated artworks. We also observe that comments for fandom
building maintain a similar level (no significant 𝛽1, 𝛽2, or 𝛽3) for both human and AI-generated
artworks (Figure 5g).
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However, nuances exist between the evolvement of human and AI-generated artworks. For
AI-generated artworks, Figure 5d shows a downward subsequent trend (𝛽3,𝐴𝐼 < 0) of consumers’
practices in providing suggestions. For human-created artworks, the BSTS analysis suggests that
the AIGC prevalence encouraged (relative effectℎ𝑢𝑚𝑎𝑛 : 21.72%, 𝑝𝑝 = 0.023) creators to provide
suggestions for these artworks. Moreover, Figure 5e presents a sudden increase in investigating the
creation of AI-generated artworks (𝛽2,𝐴𝐼 > 0) as AIGC starts to become prevalent in the community.
Figure 5h depicts that consumers’ comments for requesting the usage of AI-generated artworks
maintain at a similar level as AIGC rises (no significant 𝛽1, 𝛽2, or 𝛽3), while the usage request for
human-created ones keeps decreasing (𝛽1 < 0). Figure 5f demonstrates that for human-created
artworks, the received comments for peer bonding keep going down at a significant level (𝛽1 < 0).

4.3.2 Comparing Comments during AIGC prevalence period. We further compared consumers’
valence towards human and AI-generated artworks during the AIGC prevalence period through
t-test. Consumers presented significantly higher (𝑝 < 0.001) valence toward the AI-generated
artworks than human-created artwork.
We then compared the consumers’ commenting focus during the AIGC prevalence period

between the human and AI-generated artworks through the Chi-squared test and calculate the odds
ratio (AI-generated over human-created). While consumers are more likely (𝑂𝑅 = 1.58, 𝑝 < 0.001)
to judge the content of AI-generated artworks than human-created ones, they are less likely
(𝑂𝑅 = 0.86, 𝑝 < 0.001) to interpret the content of creation. We also observe that AI-generated
artworks are less likely to receive comments surrounding creative feedback, no matter whether
providing suggestions (𝑂𝑅 = 0.84, 𝑝 = 0.047) or investigating the creation (𝑂𝑅 = 0.92, 𝑝 = 0.026).
Meanwhile, AI-generated artworks present a lower (𝑂𝑅 = 0.76, 𝑝 < 0.001) association of soliciting
usage from consumers than human-created artworks. Consumers also present a relatively lower
practice in socialization, no matter for direct peer bonding with the creator (𝑂𝑅 = 0.82, 𝑝 < 0.001),
or for fandom building in the community (𝑂𝑅 = 0.4, 𝑝 < 0.001). Finally, consumers present
significantly higher frequency (𝑂𝑅 = 2.6, 𝑝 < 0.001) in leaving sensitive responses toward AI-
generated creations than human-created ones.

Summary: AI-generated artworks receive comments with higher valence and more sensitive
responses compared to those of human-created artworks. Human-created artworks are more
likely to receive comments for creation feedback, as well as messages aimed at engaging in peer
bonding and requesting usage than AI-generated artworks. As AIGC surges, both types of creators
experience a drop in sentiment valence and judgments of creation. However, consumers continue to
increase comments containing content interpretation for both human and AI-generated artworks.
Moreover, human creators tend to receive more suggestions, while AI creators present an opposite
trend with the growing usage of AIGC in the community. Additionally, human creators receive
decreasing comments aimed at requesting usage and peer bonding.
Answers to RQ3 illustrate that, similar to creators (RQ2), the rise of AIGC affects consumers’

engagement patterns with a significant difference toward AI- versus human-generated artworks.
We provide deeper discussion in Section 5.1.1. Creators replying to comments on their shared
creation, is a signal of engaging in the community [17, 48, 124]. Therefore, we further investigate
how creators may appreciate the received comments in RQ4. Such knowledge can complement
RQ2 and provide another aspect of creators’ engagement beyond content sharing. It also helps to
interpret how changes in consumers’ engagement (RQ3) may subsequently affect the community
ecosystem.
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Table 9. Logistic regression for creators’ reply behaviors.

Model 1: Human Model 2: AI

Coefficient SE p-value Coefficient SE p-value

Valence 0.1042 0.017 <0.001 0.3595 0.095 <0.001
Judgment 0.2393 0.016 <0.001 0.2788 0.082 0.001
Interpretation 0.6023 0.015 <0.001 0.6225 0.083 <0.001
Suggestion 0.0812 0.051 0.113 0.2839 0.3 0.345
Investigation 0.8938 0.026 <0.001 0.8912 0.138 <0.001
Peer bonding 0.0691 0.016 <0.001 0.1246 0.089 0.16
Fandom building -0.1042 0.037 0.005 0.0034 0.256 0.989
Dissemination 0.4399 0.031 <0.001 0.9766 0.209 <0.001
Sensitive -0.4316 0.044 <0.001 -0.7294 0.158 <0.001
AIGC ratio 0.0923 0.069 0.178 -0.1557 0.276 0.573
AIGC ratio × Valence 0.0546 0.086 0.524 -0.7865 0.329 0.017
AIGC ratio × Judgment -0.5051 0.084 <0.001 -0.8732 0.292 0.003
AIGC ratio × Interpretation -0.3128 0.075 <0.001 -0.686 0.29 0.018
AIGC ratio × Suggestion 0.1511 0.245 0.537 0.3827 1.039 0.713
AIGC ratio × Investigation -0.2781 0.13 0.032 0.9959 0.483 0.039
AIGC ratio × Peer bonding 0.0752 0.084 0.372 0.3787 0.323 0.242
AIGC ratio × Fandom building -0.4071 0.184 0.027 1.5768 0.912 0.084
AIGC ratio × Dissemination 0.0513 0.164 0.754 -0.0179 0.74 0.981
AIGC ratio × Sensitive -0.1541 0.224 0.491 1.3962 0.522 0.007

Intercept -0.5081 0.014 <0.001 -0.9571 0.079 <0.001

4.4 RQ4. Impact of AIGC Prevalence on Creator Reply Behaviors
We then investigated whether and how the creators’ interaction behaviors with consumers (whether
the creator replies to a comment) evolve as AIGC becomes prevalent in the community using
logistic regression. The independent variables include consumers’ comments (their sentiment and
categories), the monthly AIGC ratio when creators posted the creation, and their interaction terms.
We list the results of the logistic regression model for human-created artworks (Model 1) and
AI-generated artworks (Model 2) in Table 9.

We observe creators of both human and AI-generated artworks exhibit similar reactions toward
the received feedbacks as critique and fandom-oriented creative communities. Specifically, com-
menting on the content of creation (judgment (𝛽ℎ𝑢𝑚𝑎𝑛 = 0.239, 𝑝 < 0.001; 𝛽𝐴𝐼 = 0.279, 𝑝 < 0.001)
and interpretation (𝛽ℎ𝑢𝑚𝑎𝑛 = 0.602, 𝑝 < 0.001; 𝛽𝐴𝐼 = 0.623, 𝑝 < 0.001)) and raising questions toward
the creation (𝛽ℎ𝑢𝑚𝑎𝑛 = 0.894, 𝑝 < 0.001; 𝛽𝐴𝐼 = 0.891, 𝑝 < 0.001) is positively correlated with the
creators’ (no matter of sharing human or AI-generated artworks) reply behavior. The increased like-
lihood of replying to such comments highlights the importance of sensemaking social interactions
in the creation process for both human and AI creators [73]. Similar to findings in [23, 48], creators
for both creation approaches are more likely to reply when receiving comments with higher valence
(𝛽ℎ𝑢𝑚𝑎𝑛 = 0.104, 𝑝 < 0.001; 𝛽𝐴𝐼 = 0.360, 𝑝 < 0.001). For creators sharing human-created artworks,
they are more likely to engage with the comments for peer bonding (𝛽ℎ𝑢𝑚𝑎𝑛 = 0.069, 𝑝 < 0.001).
This is consistent with the benefits of positive social support to creators [17, 23].
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Creators for artwork sharing also present some unique behaviors than other communities.
Creators are more likely to engage in social interaction when consumers express interest in using
the creation (𝛽ℎ𝑢𝑚𝑎𝑛 = 0.044, 𝑝 < 0.001; 𝛽𝐴𝐼 = 0.977, 𝑝 < 0.001), potentially stemming from a sense
of accomplishment due to the recognition of their creative output or the heightened awareness of
copyrights issues in online creative communities [40]. However, we observe that providing design
feedbacks is not particularly effective (suggestion, 𝑝 > 0.05 for both human and AI-generated
artworks) in engaging creators to reply, demonstrating the difference between DeviantArt and
other creative communities for critique exchange in prior studies [18]. Creators of both human
and AI-generated artworks are less likely to reply to sensitive content (𝛽ℎ𝑢𝑚𝑎𝑛 = −0.432, 𝑝 < 0.001;
𝛽𝐴𝐼 = −0.729, 𝑝 < 0.001), suggesting the potentially offensive experience for creatorswhen receiving
such comments (e.g., often associated with erotic information) or the reluctance to “disrupt” the
personal fantasy of their audience. And interaction for fandom building under human-created
artworks is associated with a lower chance of creators’ replies (𝛽ℎ𝑢𝑚𝑎𝑛 = −0.104, 𝑝 = 0.005). This
may be explained by a sense of being challenged when compared with the creation setting in the
original IP or that the lengthy text of fan discussion discourages creators from following.
The interaction terms in Model 1 and Model 2 further reveal the evolvement of how creators’

engage with consumers. First, we find the positive effect of discussing content of creation get
suppressed (AIGC ratio × judgment: 𝛽ℎ𝑢𝑚𝑎𝑛 = −0.505, 𝑝 < 0.001, 𝛽𝐴𝐼 = −0.873, 𝑝 = 0.003; AIGC
ratio × interpretation: 𝛽ℎ𝑢𝑚𝑎𝑛 = −0.313, 𝑝 < 0.001, 𝛽𝐴𝐼 = −0.686, 𝑝 = 0.018) as AIGC surges,
indicating creators are decreasing their interest in discussing content of creation with consumers
in such a trend.
We also figure out the nuances of reply behaviors for artworks created in different approaches.

Creators of AI-generated artworks show less engagement in interacting with comments of high
valence as AIGC becomes popular (𝛽𝐴𝐼 = −0.787, 𝑝 = 0.017), suggesting these creators might
possess more emotional detachment from their creative output as generative AI tools become more
accessible and powerful. As AIGC becomes more widespread, creators’ willingness to respond
to questions was hindered (𝛽ℎ𝑢𝑚𝑎𝑛 = −0.278, 𝑝 = 0.032) for human-created artworks, while an
opposite trend exists for AI-generated artworks (𝛽𝐴𝐼 = 0.996, 𝑝 = 0.039). This might be due to
that the prevalence of AIGC has heightened people’s risk perceptions on AI usage and creators
have to clarify and defend their usage in such dialogues [9, 67]. Creators’ willingness to participate
in the conversation of fandom building under human-created artworks also decreases (𝛽ℎ𝑢𝑚𝑎𝑛 =

−0.407, 𝑝 = 0.027) with the growing of AIGC. This may be due to creators striving to maintain
the originality of their work by distancing it from fandom characters and their discussion. The
negative impact of sensitive content on creators who share AI-generated artworks is reduced
(𝛽𝐴𝐼 = 1.396, 𝑝 = 0.007) with the rise of AIGC. One potential reason might be some creators
intentionally leverage generative AI tools to produce NSFW images [16] and would like to engage
in such conversation.

Summary: Creators of both human-created and AI-generated artworks exhibit similar positive
reactions to comments on content and investigation, which are beneficial to the sensemaking
process in creative iteration, although these interactions have dwindled with the prevalence of
AIGC. Creators of human-created artworks keep engaging with comments with higher sentiment,
as well as those focused on peer bonding and requesting usage. However, these creators present
more reluctance to engage in conversations for fandom building as AIGC surges. On the other hand,
creators of AI-generated artworks are triggered less by comments in high valence or conversation
surrounding the content of the creation, and emphasize more on answering questions with the
widespread of AIGC. Both types of creators are less likely to respond to sensitive content, although
this resistance is diminishing among AI creators with the rise of AIGC.
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These findings demonstrate that community interaction matters for creators with different
creative practices, and the relative effectiveness could evolve as AIGC arises in the community.
Together with findings in RQ3, we discuss the potential impact of the evolving comments to the
community ecosystem in Section 5.1.2. We share our insights on leveraging comments as the design
materials to engage community members in Section 5.2.2.

5 Discussion
In this section, we discuss the main findings and propose design implications for the online creative
community under the wave of AIGC.

5.1 Key Findings
5.1.1 Heterogeneity of engagement patterns and evolvement between human and AI-generated
artworks. We observe that creators and consumers of AI-generated artworks engage with the
community in ways different from those of human-created artworks. In Section 4.2.2, we find AI-
generated artworks contain more commercial and promotional information. However, they place
less emphasis on the context of creation and detailed narrative of the content during the generative
AI prevalence period. Figure 4i suggests a rapid increase in commercial purposes expressed in AI-
generated artworks, while a slight decrease trend exists for human-created ones. This may indicate
that generative AI tools could open up new commercial opportunities for artists by accelerating the
creation process and reducing manual efforts [20, 63]. Figure 4a, 4b, 4e, 4f demonstrates the salient
decreasing trend of AI-generated artworks in mentioning the context and content of creation, while
Figure 4l presents their growing in guiding consumers to other creations as generative AI tools
become widespread. These trends are not prominent in human-made artworks. Besides, Model 2 in
Table 9 suggests that the positive effect of sentiment valence on engaging creators of AI-generated
artworks in replying diminishes as AIGC surges. In contrast, human-created artworks present less
fluctuation in these dimensions despite the rise of AIGC, indicating that creators of human-made
artworks maintain their motivation for personal expression and emotional input in their creations.
Such differences might be attributed to the automated and algorithmic nature of AIGC, which can
lead to a detachment from traditional creative processes that involve personal experiences and
storytelling [70].
We also observe that across posts and comments, practices toward AI-generated content often

exhibit greater variance than those on human-created ones. From the creator’s perspective, this
might be explained by Rogers’ Diffusion of Innovations Theory [100]. Given the emerging generative
AI techniques, the attracted AI creators could be divided into different cohorts, such as innovators,
early adopters, and the early majority. Different user cohorts may have slightly distinct motivations
to participate in the community [2, 47, 83], highlighting the importance of moderating how creators
engage in the community as AIGC adoption increases. On the other hand, the novelty effect [71]
may explain consumers’ greater changes in engagement patterns toward generative AI artworks.
Consumers may appreciate the high quality of AI art when they initially appeared, but then lack
interest in engaging with them after such creation overwhelms the community. Collectively, these
findings indicate different engagement patterns surrounding creations manifested in different
fashions and patterns concerning AI-generated artworks show greater variance over time. We
encourage future studies to explore the variation in creators’ engagement patterns through both
quantitative analysis and qualitative interviews to investigate the evolving community value for
different cohorts.

5.1.2 Potential negative impact of AIGC surge on creators without using generative AI tools. Model 1
in Table 9 demonstrates the positive effect of sentiment valence, and receiving comments in the
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categories of creation content, investigation, peer bonding, and dissemination in engaging creators
sharing human-created artworks. However, it also suggests that the effectiveness of receiving
comments in the categories of judgment, interpretation, and investigation may diminish as AIGC
becomes more common, indicating it is increasingly challenging to engage these creators.
Meanwhile, although the positive effects of sentiment, peer bonding, and requesting usage

remain relatively stable as AIGC increases, Figure 5a, 5f, 5h demonstrate the decrease of these
interactions from consumers. One potential reason might be that as generative AI tools continue to
develop, consumers’ acceptance of AI as serious artists may rise and the preconceived preference
for human-created artworks may diminish. Another possibility is that consumers’ commenting
behaviors have been influenced by the description of the human-created artworks, as Figure 4i, 4j
show a decline in these practices in creators’ descriptions. Future qualitative studies could explore
why consumers present such change when commenting on human-created artworks and why the
effectiveness of certain social interactions evolved in the era of AIGC.

5.1.3 Potential challenges for community moderation in the era of AIGC. We confirm that the rise
of AIGC may bring challenges for moderators to regulate online creative communities [80]. We
raise two potential risks revealed from our findings.

In Section 4.2.2 we observe that AI-generated artworks emphasize less on IP issues than human-
created ones during the AIGC prevalence period. One explanation might be that AI-generated
artworks could blur the lines of the traditional definition of copyrights, leading to confusion and
uncertainty among creators andmoderators regarding IP issues [63]. Figure 4g also demonstrates the
awareness of artworks’ IP issues in human-created artworks dropped from the pre-AIGC prevalence
period to the AIGC prevalence period in the community. This may indicate the community norm
in copyright could be affected by the rise of generative AI.
In Section 4.3.2, we observe that AI-generated artworks tend to attract more sensitive content

than those created by humans during the AIGC prevalence period. According to Model 1 and
Model 2 in Table 9, although creators generally engage less frequently with sensitive comments,
those using generative AI tools become less reluctant to respond to sensitive content as the AIGC
ratio increases. This shift may be due to creators intentionally leveraging generative AI tools to
produce NSFW images to cater to consumers and would like to engage in such conversation [16].
Community moderators should evaluate whether the increasing mutual interactions between
creators and consumers, driven by the rise in generative AI usage, align with the community’s
values. This trend could potentially lead to content homogeneity issues within the community.

5.2 Design Implication
5.2.1 Enhancing engagement of users in light of the popularity of AIGC. One salient contribution of
this work is that we show generative AI is influencing user engagement (such as sharing, comment-
ing, and reply behaviors) in the online creative community and its influence is ever-growing. From
the perspective of platform moderators, there is a need to reevaluate the platform’s role in keeping
members engaged given the dynamic shifts in this AIGC era [80, 84]. The findings emphasize
the importance of incorporating new factors, such as the community-level AIGC popularity, to
engage community members. The platform could integrate the AIGC signal, such as the community
macro-level practice and user micro-level interactions, into its recommender system, ensuring that
algorithms are updated in alignment with members’ current interests [131].
Furthermore, the study shows that user activities around AI-generated and human-generated

artworks follow divergent trends. On the one hand, we find that AI art creators increasingly aim
to commercialize and promote their artworks – a trend consistent with recent study [117]. To
fulfill this emerging need, the platform might design tags like #AI4Commercial and #AI4Promotion
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to help consumers quickly identify AI-generated artworks intended for commercial use while
preserving the community’s established norms. On the other hand, the proliferation of AI art has
triggered spontaneous reactions among creators who deeply value human creativity and support
human-generated artwork (e.g., through increased suggestions for these artworks). This is in line
with the desire of human art enthusiasts to differentiate and engage with human-created artworks
rather than with AIGC [3, 56]. The platform could design hashtags like #NoAI to increase the
visibility of pure human art. Meanwhile, the platform can educate users on the value of engaging
with human arts by presenting how human creators diversify creative content and mentor artists
in the community. The platform can implement gamification elements like awarding badges to
users who consistently support human arts. In addition, organizing events such as human artwork
competitions would foster community building and meaningful connections between creators and
audiences.

5.2.2 Balancing creator engagement and potential risks in the AIGC surge through commenting.
Our analysis in Section 4.4 shows that commenting could serve as a strategy to engage creators.
Although the relative effectiveness of different types of comments could change as AIGC surges,
sentiment valence, peer bonding, and usage requests have relatively stable, significantly positive
effects on the reply behaviors of creators of human-created artworks. These findings align with
prior research on feedback exchange and professional development among human creators: 1)
positive feedback elevates affective states of creators, encouraging their intrinsic creative mo-
tivation [122]; 2) peer bonding strengthens confidence in sharing creations [17]; and 3) usage
requests signal professional and social recognition, reinforcing creators’ perceived value within
the community [22, 83]. This indicates interaction of these natures should be recommended as
AIGC becomes prevalent. Nevertheless, the community presents a drop in these themes for human-
created artworks. According to the Expectation Confirmation Theory [90], responses that meet
creators’ expectations are crucial for their satisfaction. Therefore, creators are less likely to be
engaged if they fail to receive the desired response. However, creators may not explicitly state
their expectations for such interactions, making it more challenging to maintain their involvement
and satisfaction [48]. To address this, when the platform detects a creator sharing human-created
artworks, it can prompt the creator to specify their desired types of social interaction. The platform
can also motivate consumers to respond with more positive sentiment or encourage creators by
using advanced NLP techniques to help rephrase their comments. It should be noted that the
interaction strategies should be updated dynamically to ensure their effectiveness. Meanwhile, the
platform should balance the potential risks of AIGC surge to community interactions. For example,
compared with the traditional human-created artworks, we notice that the emerging AIGC tends
to trigger more shadow interactions (such as sexual-oriented fantasy) than deep ones (such as
discussions around art critiques). Community moderators should monitor the long-term impact of
such shadow interactions on the future retention of creators and the establishment of new norms
among consumers.
One unique aspect of creative communities is that a creation process often involves multiple

stages (such as work-in-progress and complete) [69], and creators can join critique communities,
such as those on Reddit [17, 18], to solicit feedback at different creation stages. As AIGC is often in
the completion stage, the increase in AIGC may discourage creators from soliciting feedback for
ongoing works when early feedback might be most valuable [69]. Meanwhile, since creators can
receive immediate responses with the development of multimodal LLMs [77], their expectations
regarding community feedback may change. Theymight expect community feedback to supplement,
challenge, or refine suggestions provided by LLMs, and such expectations could vary at different
creation stages. Creative platforms could support user needs surrounding the human creative
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process in this new era by monitoring feedback that engages creators in different creation stages to
streamline the exchange of constructive input on shared artworks. Additionally, creative platforms
can provide affordances for creators to share their work at any stage of the creation process, making
feedback more relevant and tailored to each stage of their work.

5.2.3 Designing community guidelines for generative AI usage. Although generative AI tools could
boost productivity in content creation, community moderators should not view them as a panacea
for engaging audiences and enriching the creative environment. As AIGC surges, moderators
should be aware of its potential influence on community culture. For example, while IP-related
issues have already drawn wide discussion of the creative community [38], there has been a decline
in disclosing the copyright information in human-created artworks. To protect the vibrancy of
the creative environment, the creative community may need to update its guidelines for sharing
artworks in response to the trends of AIGC. It would also be worthwhile to investigate how
changes in community practices of IP issues may affect the community norms and IP awareness
among members as a post-hoc evaluation. Besides, the platform can consider inviting experienced
community members to collaboratively edit the content description to ensure that the community
norms surrounding creativity remain intact.

5.2.4 Adopting technologies and collaborative curation for recognizing AI-generated artworks. Our
findings reveal the variation in the engagement patterns between members surrounding UGC
and AIGC. However, through our analysis in Section 4.1, while platforms encourage creators to
disclose their AI usage, a substantial number of creators may not do so. This may bring challenges
to moderate the community and design customized strategies to engage members. Our study
shows the possibility of using AI algorithms to detect AI arts. The platform can train and deploy
an AI image classifier with the community data. Meanwhile, the community may also apply a
collaborative curation mechanism to identify potential AI arts. Selected community members can
indicate their perceived creative practices of a given artwork (i.e., AI-generated or human-created),
and such perceptions can be aggregated and shared with broader viewers. Note that platforms need
to make the results (by algorithms or peers) transparent to creators. Creators should be allowed to
correct errors when they are misclassified to avoid feeling discriminated against.

5.3 Generalizability of Findings
We acknowledge that the impact of AIGC extends beyond the scope of DeviantArt, a platform often
used for sharing complete works. First, recent studies have shown that AIGC encourages more
participation and posting of artwork on various platforms, whether they are centralized (such as
Twitter [16] and Pixiv [117]) or decentralized (often self-governed, e.g., Reddit [84]). Second, the
engagement patterns for community members vary when interacting with AI-generated art versus
human-created content in broad scenarios. For example, AI creators on both DeviantArt (the focus
of this study) and Pixiv [117] are more motivated by monetization. Moreover, similar to our finding
that AIGC may pose potential risks to the community (e.g., more comments surrounding AIGC are
associated with more sensitive, often sexual content than those on human-created artworks), a
large amount of AI-generated artwork on Twitter [16] and Civitai [118] is not safe for work (NSFW).
Third, the overall trend of engagement with AIGC content across time can also be generalized to
other platforms. For example, the valence of received comments decreases as AIGC becomes more
prevalent, a trend that has also been observed in Reddit communities [84].
In addition to how people engage with AI-generated art, the identified potential risks (such

as copyright awareness and shadow interaction) triggered by generative AI are not limited to
the art domain and can be generalized to other creative communities. For example, there are
discussions about a lack of awareness regarding copyright issues for video creation with Sora on
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Twitter [130], Reddit [86], and Youtube [58]. Music fandoms are sharing AI covers of popular singers
on YouTube [44, 75], leading to debate on copyright infringement issues in the music industry.
Developers of non-profit-driven indie games also share concerns that the adoption of generative
AI may hinder the uniqueness of their creative products and threaten their career growth [93, 94].
These phenomena suggest that the use of generative AI is often unregulated in its early adoption
phases. Stakeholders in other creative communities should not only reflect on the role and value of
generative AI in content creation but also engage in proactive measures and community design to
address the associated risks.

5.4 Limitations and Future Works
Several limitations exist in this work. First, while we randomly sample substantial artworks over
a three-year time range to better reflect the trend on DeviantArt, our collection represents only
a portion of the artworks publicly shared on the platform. When analyzing the results obtained
from this dataset, researchers should consider the possibility that the artworks may differ from the
inherent distribution on the platform. Second, while we consider the seasonality in the engagement
trend, we acknowledge that other confounding factors might concurrently affect both the prevalence
of AIGC and changes in engagement patterns. For example, the community policy regarding the
usage and disclosure of AIGC on DeviantArt has shifted since the rise of generative AI and could
influence creators’ behaviors in sharing artwork [103]. The changes in artwork descriptions might
also be partially attributed to the change in community policy. We encourage future works to
unpack such potential entanglement by integrating features at the user level (e.g., creation history)
and platform level (e.g., overall activity and community policy). Additionally, ITS and BSTS may
not be the most suitable models for capturing the distribution of engagement patterns in our
study. We adopted the basic form of ITS, a segmented linear regression model, which has visually
discernible parameters but may oversimplify the time series distribution. In contrast, BSTS can
capture numerous components of the time series and analyze causal impacts. In this work, we
aim to provide the latest insights for the impact of AIGC surge in the online creative community.
However, the limited time range of our dataset, owing to the relatively short duration since the
recency of AIGC prevalence (less than three years since 2021), slightly compromised the robustness
of the findings. We encourage future studies to collect data in a longer time range and examine the
longer term impact of AIGC to the community ecosystem.

To extend our research and examine the generalizability of results from our results, future work
can investigate the trends of generative AI tools for each type of artifact and the variations in
engagement norms within these communities. Researchers could also explore the impact of AIGC
in various creative communities, such as for writing, music, and video sharing. Instead of isolating
engagement behaviors from the creators, future studies could perform longitudinal analysis to
understand the evolution of creators’ artistic experiences and community engagement in response
to AIGC. Given the explosive growth of generative AI, future research should consider more
comprehensive factors that may affect user behaviors and apply our findings to scenarios involving
other AI-related interventions or multiple interventions.

6 Conclusion
In this work, we explored the emergence of AIGC in the online creative community in the era of
generative AI techniques utilizing a dataset collected from DeviantArt. We confirmed a discernible
trend wherein AIGC is gradually replacing UGC within the community. Through open coding,
we identified creators’ practices in describing the shared artworks and consumers’ practices in
commenting on the creations.We leveraged deep learningmodels to classify the posts and comments
in the entire dataset. Furthermore, we explored the impact of AIGC prevalence on user engagement
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(i.e., creators’ descriptions in their shared artworks, consumers’ comments, and creators’ replies),
shedding light on the evolving nature of the creative community in the era of AIGC.
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