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Abstract

Generative-Al imagery is flooding social media timelines, hence platforms and regulators now urge
creators to flag such work as Al-generated. Whether that transparency clarifies or distorts user
experience remains contested: lab studies point to suspicion and diminished appeal, whereas field
anecdotes highlight excitement and virality. We add to that debate with a large-scale naturalistic study
of Instagram data. A computational content analysis is conducted on 64 806 comments drawn from top-
ranked posts in the #aiart and #traditionalart hashtags. A dual-stage NLP pipeline, zero-shot GPT
labelling for 62 languages and a GoEmotions-fine-tuned BERT model for English extracts discrete
emotions, sentiment, and a four-level measure of engagement depth. Findings reveal a consistent trade-
off: When Al authorship is disclosed admiration and other high-esteem emotions recede while
disapproval and mild amusement become more common. Yet the same posts draw noticeably more
likes, comments, and reshares while the comments themselves tend to be brief and unreflective. In
English-language the cooling of positive affect and surge of disapproval are most pronounced.

Taken together, the results suggest that provenance tags work less as neutral information and more as
affective signals: they dampen perceptions of authenticity despite the novelty of algorithmic art boosting
superficial engagement. The study extends transparency and algorithm-aversion research from
controlled settings into a real social-media environment and offers practical guidance for platform design
and policy.

Keywords: generative Al, transparency, Instagram, emotion analysis, user engagement
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1 Introduction

Generative Atrtificial Intelligence (GenAl) systems are becoming capable of generating ideas that are
considered novel, original, and unique (Guzik et al. 2023). These generated artifacts in the form of text,
images, video or even music not only accelerate content creation but, in some contexts, outperform
human creators in direct competition (Bauer et al. 2024; Roose 2022). This development has
fundamentally changed how creative content is produced and consumed (Atkinson and Barker 2023).
In the context of social media, GenAl is used to “create everything from artwork to fully automated social
media posts, leading to a surge in Al-generated content” (Park et al. 2024, p. 1). This content sparks
significant interest, with Instagram hashtags like #aiart, #aiartcommunity, #aiartwork and #aiartist
surpassing 34 million total posts and individual Al influencers with over 2.5 million followers (Albogami
2023; Instagram 2025).

However, the rapid adoption of GenAl also brings critical concerns that shape how these systems are
perceived and integrated into society. These include fears of decreased human creativity (Zhou and Lee
2024), the spread of misinformation (Vasist and Krishnan 2022), and the reluctance to disclose GenAl
content (Draxler et al. 2023). In response to these concerns, calls for greater transparency have
emerged and policies such as the EU’s Article 52 of the European Al Act and the US Executive Order
on Safe, Secure, and Trustworthy Al encourage creators to disclose GenAl usage in their work (Bauer
et al. 2024).

While these disclosure practices aim to promote trust and accountability, emerging evidence suggests
they may have unintended consequences. Recent studies reveal increased negative emotions,
perceived threats, and a reduction of perceived quality as responses to GenAl content, especially when
when their Al origin is disclosed (Bauer et al. 2024; Gabbiadini et al. 2024). In contrast, Park et al. (2024)
report positive user reactions to GenAl content when the origin of the artifact is unknown and highlight
the difficulty users face in distinguishing between Al-generated and human-created content.

These effects are particularly relevant in social media contexts, where labeling remains voluntary rather
than mandatory, creating a dynamic environment where users’ perceptions and reactions to GenAl
content can vary widely. While labeling on social media platforms aims to foster transparency and trust,
it also introduces a complex interplay between user perceptions, emotions, and engagement with GenAl
content. The contrasting findings, negative emotions and reduced perceptions of quality when Al
involvement is disclosed versus positive responses when the origin is unknown, highlight a critical gap
in our understanding of how transparency influences users’ emotional responses.

These diverging outcomes underline the need to explore the emotional and cognitive dynamics at play
when users encounter Al-generated content in real-world social media settings. By investigating how
content origin affects emotional responses, this study aims to provide actionable insights for designers,
practitioners, and policymakers, addressing the question: How do users' emotional responses to
explicitly tagged Al-generated content compare to their responses to human-created content on social
media?

To address this question, this thesis employs an empirical research approach using quantitative analysis
of social media comments. Data from explicitly labeled Al-generated and traditional human-created
content are analyzed utilizing advanced Large Language Models (LLMs) to systematically categorize
user emotions, sentiment, and engagement behaviors. This method enables a rigorous exploration of
how transparency and content origin influence user perceptions and interactions in a real social media
environment.



The remainder of this thesis is structured as follows: Chapter 2 provides a comprehensive review of
relevant literature, focusing on transparency, emotion, and user engagement with Al-generated and
traditional art. Chapter 3 introduces the research model and defines the hypotheses to be tested.
Chapter 4 details the research methodology, outlining the approach, data collection, and analysis
techniques used to measure emotional reactions and engagement behaviors. Chapter 5 presents
empirical results, comparing emotion and engagement metrics between explicitly labeled Al-generated
and human-created art. Chapter 6 discusses these findings, interpreting their implications for theory,
practice, and policy, while acknowledging study limitations and suggesting areas for future research.
Chapter 7 concludes the thesis by summarizing key insights and contributions.



2 Literature Review

2.1 Foundations of Artificial Intelligence in Creative Contexts

In recent years, GenAl has evolved from a niche research interest into a transformative force across
creative domains. While early Al systems were characterized by their reliance on rule-based logic or
statistical classification, GenAl introduces a paradigm shift: systems that do not merely recognize or
categorize input, but generate novel content such as text, images, audio, or video with outputs that are
probabilistic, multimodal, and non-deterministic. Although public discourse increasingly uses the term
Al synonymously with GenAl, it is important to recognize that GenAl represents a specific subset of
artificial intelligence, an advancement nested within the broader Al landscape as depicted in Figure 1
(Banh and Strobel 2023; Sengar et al. 2024).

Artificial Intelligence

e.g., expert systems, knowledge bases, ...

Machine Learning

e.g., support vector machines, decision trees, k-nearest neighbors, ...

Deep Learning

e.g., neural networks, convolutional neural networks, ...

Generative Al

e.g., large language models, generative
adversarial networks, variational
autoencoders, latent diffusion models,

Figure 1: Generative Al and other Al concepts, adapted from Banh and Strobel (2023, p. 2), inspired by
Goodfellow et al. (2016, p. 9) and Janiesch et al. (2021, p. 687)

At its core, “Generative Al encompasses artificial intelligence systems with the ability to create text,
images, and/ or various forms of media through the utilization of generative models” (Sengar et al. 2024,
p. 2). These generative models represent a fundamental departure from traditional discriminative
approaches: whereas the latter are designed to classify or predict by learning decision boundaries, the
former aim to model the underlying data distribution and generate new, coherent samples from it. This
conceptual shift has paved the way for a new class of Al systems capable not only of analyzing
information, but of producing creative, context-sensitive outputs.

Among the most prominent realizations of this paradigm are Large Language Models (LLMs), whose
development was catalyzed by the introduction of the Transformer architecture (Vaswani et al. 2017).
The Transformer’'s self-attention mechanism enabled highly effective modeling of long-range
dependencies in textual data, setting the stage for generative capabilities at scale. OpenAl’'s GPT-3
(Brown et al. 2020) demonstrated the transformative potential of this architecture, achieving
unprecedented performance in generating human-like text from simple prompts. Today, LLMs have
become the most widely adopted class of GenAl systems, not only due to their versatility in language
tasks, but also because they serve as the primary interface through which users interact with generative
systems across modalities, leveraging natural language as a universal control layer (Banh and Strobel
2023; Zhou and Lee 2024).



Within this context, critical questions of creativity arise. Creativity has traditionally been defined as the
ability to produce outputs that are both novel and appropriate within a given cultural or disciplinary
context (Boden 1998). However, as Atkinson and Barker (2023) emphasize, creativity is not a fixed or
purely cognitive trait but a socially constructed category, shaped by institutional norms and discursive
negotiations about what is considered valuable, original, or even authentically human. The integration
of GenAl into creative workflows compels a re-evaluation of how creative agency is attributed and how
artistic legitimacy is negotiated in increasingly hybrid human—machine systems.

While early debates on machine creativity - pioneered by Boden (1998) - focused on whether Al could
exhibit traits such as originality or intentionality, the current generation of GenAl models has begun to
redefine the boundaries of creative labor. Empirical research now shows that these systems can pass
established creativity assessments, such as the Torrance Test of Creative Thinking, and generate
outputs rated as equally or even more novel than those created by human counterparts (Guzik et al.
2023).

Recent findings complicate this picture. Doshi and Hauser (2023) demonstrate that GenAl-assisted
storytelling increases perceived creativity and enjoyment, particularly for users with lower baseline
creative ability. However, their study also finds increased output similarity, suggesting that GenAl
systems may amplify convergence and limit variation within the creative space. Zhou and Lee (2024)
further extend this line of inquiry by analyzing millions of artworks generated using text-to-image
systems. Their findings reveal a dual dynamic: while GenAl enhances productivity and peer recognition,
it simultaneously leads to declining visual and conceptual novelty at the aggregate level. These trends
point to GenAl’s role as both a creative equalizer and a driver of aesthetic homogenization.

This transformation has found fertile ground in creative industries. Text-to-image models such as
DALL-E 2 and Midjourney are widely used in visual design, marketing, and illustration (Cetinic and She
2021), while generative music systems and video synthesis tools are becoming standard in audiovisual
production workflows (Sengar et al. 2024). In practice, GenAl tools are not only augmenting human
creativity but in some domains replacing traditional creative processes altogether (Atkinson and Barker
2023; Wu et al. 2021).

What makes this revolution particularly striking is the speed and scale of its adoption. Following the
open sourcing of Stable Diffusion in 2021 and the public release of ChatGPT in November 2022, GenAl
platforms experienced exponential growth. ChatGPT alone reached over 100 million users in just two
months, making it the fastest-growing consumer application in history (Ooi et al. 2025). These
developments have triggered a rapid proliferation of GenAl tools and platforms, lowering barriers to
entry and enabling non-technical users to engage in complex creative processes via natural language
prompts and API-based workflows (Banh and Strobel 2023; Doshi and Hauser 2023).

In parallel, a broader sociotechnical discourse has emerged. On one hand, GenAl is praised for
democratizing creativity and increasing productivity. On the other, it raises profound ethical and societal
concerns from the erosion of human authorship and artistic originality, to legal disputes over intellectual
property and fears of automation-driven displacement in creative industries (Jiang et al. 2022; Sengar
et al. 2024). Economic projections estimate that GenAl could boost global productivity by up to 1.5%
annually, contributing as much as $7 trillion to global GDP in the coming decade (Ooi et al. 2025). Yet
these gains are accompanied by concerns about transparency, accountability, and the long-term cultural
value of GenAl content (Atkinson and Barker 2023; Zhou and Lee 2024).

To make sense of this rapidly evolving ecosystem, scholars have proposed layered conceptual
frameworks. Banh and Strobel (2023, p. 7) outline a “model-connection-application” stack to describe
GenAl infrastructure: foundational models like GPT and Stable Diffusion, linked through APIs and



toolkits, and surfaced through end-user tools such as Jasper, Adobe Firefly, and Midjourney. This
modular design has accelerated creative deployment and reshaped participation in content production.

Extending this technical framing, Zhou and Lee (2024, p. 7) propose the notion of “generative
synesthesia”, a co-creative paradigm in which humans engage in ideation and prompt refinement while
GenAl systems handle execution and variation. This workflow centers human creativity not on
executional skill but on conceptual exploration and aesthetic filtering, suggesting a shift in what it means
to be creative in a hybrid environment.

Taken together, these developments underscore GenAl’s significance in transforming both the
production and reception of creative content. Yet as GenAl-generated artifacts proliferate across digital
platforms, new questions arise about how users interpret their origins, attribute authorship, and
emotionally engage with such content.

2.2 Transparency and Content Origin on Social Media

As generative Al systems increasingly produce creative content on digital platforms, the question of
whether and how to disclose the origin of such content has become a central concern in both regulatory
and psychological research. Transparency, while widely seen as a normative good in Al ethics and
policy discourse, is a complex and multifaceted construct. It extends beyond the mere provision of
information and touches upon deeper questions of user trust, emotional response, and perceived
authenticity in mediated interactions.

From a conceptual standpoint, transparency in Al is often framed through relational, systemic, and
normative lenses. Larsson and Heintz (2020) distinguish between algorithmic transparency and broader
forms of Al transparency, highlighting that meaningful transparency must account for the context in
which disclosure takes place, including the expectations and interpretive capacities of the audience.
Lund et al. (2025) reinforce this perspective, arguing for risk-based, stakeholder-sensitive transparency
mechanisms that are adaptable to varying use cases and domains. Rather than a uniform approach,
effective transparency must balance information provision with audience relevance, institutional framing,
and legal necessity.

Violation of EU fundamental rights
and values. €—;
Prohibition

— Unacceptable risk

Impact on health, safety or
fundamental rights.
Conformity assessment,
post-market monitoring, etc.

—> High risk

Risks of impersonation, manipulation or
deception (e.g. chatbots, deep fakes, Transparency risk

Al-generated content).

Information and transparency obligation

Common Al systems e.g. spam filters,
recommender systems, etc. Minimal risk
No specific regulation

General purpose Al models (GPAI)

GPAI models - Transparency requirements
GPAI with systemic risks - Transparency requirements, risk assessment
and mitigation

Figure 2: Risk-based pyramid from the EU Al Act, adopted from European Parliament and Madiega (2024,
p- 8)



This multidimensional understanding is embedded in the EU Al Act, whose tiered obligations, outlined
in Figure 2, place Al-generated or manipulated social-media content in the information-and-
transparency tier and, through Article 52, require its artificial origin to be clearly disclosed. As outlined
by the European Parliament and Council (2024) the regulation entered into force in mid-2024 and
imposes tiered obligations based on the nature and risk of the Al system in question. In parallel, The
White House (2023) has introduced Executive Order 14110, which, while less prescriptive, sets a similar
trajectory in promoting trustworthy, transparent, and human-centric Al development. These initiatives
unfold within an ethics discourse largely shaped by Anglophone institutions, which produce a
disproportionate share of global Al-governance documents (Corréa et al. 2023). Industry responses,
such as Meta’s evolving Al content labeling policy, illustrate how transparency requirements are
operationalized at the platform level. In 2024, Meta introduced a dedicated framework for labeling Al-
generated and manipulated media in alignment with global policy developments, including Article 52 of
the EU Al Act. According to the transparency documentation available at the time, Meta committed to
applying an “Al info” label in two principal scenarios: when Al-generated content could be detected using
industry-standard metadata indicators, and when users voluntarily disclosed the use of Al tools to
generate or modify their content. Notably, this labeling initially extended beyond fully generated media
to include content that had been merely edited or modified using Al tools. As stated in an official update
from September 2024, such Al-edited content was still marked with the “Al info” label, though its
placement was later adjusted to appear less prominently within the post’s menu, rather than directly on
the post itself (Meta 2024).

By early 2025, the implementation of this policy has shifted toward a more constrained model. As
described in Meta’s current Help Center documentation, Al-generated labels are now only applied when
content contains embedded industry-standard indicators such as C2PA metadata, an open standard
that enables the secure tagging of content origin and modification history within the file itself (C2PA
2024), or has been declared by the user as Al-generated at the point of upload. No mention is made of
broader automated detection or labeling outside of these cases (Meta Help Center 2025).

This transition reflects a narrowing in scope from earlier public-facing commitments. While Meta’s
current approach continues to fulfill minimum disclosure obligations under the EU Al Act, namely
indicating Al-generated content when it can be reliably identified through embedded provenance data,
it now relies exclusively on externally provided metadata and user declarations. In doing so, the platform
has deprioritized broader detection strategies such as visual analysis or platform-internal classification,
thereby raising further questions about how transparency standards are interpreted and enacted at
scale.

Despite these initiatives, empirical findings complicate the presumed link between transparency and
positive user outcomes. Controlled experiments indicate that ‘Al-created’ labels reduce perceived
profundity and monetary worth of art, whereas the same images tagged ‘human-created’ are rated
higher (Bellaiche et al. 2023). Studies by Bauer et al. (2024) and Park et al. (2024) further demonstrate
that provenance disclosure can significantly influence user perceptions, frequently in adverse ways.
When content is explicitly labeled as Al-generated, users often perceive it as less authentic, less
creative, and less emotionally engaging than similar content without such labels. Park et al.’s Instagram-
based experiments additionally highlight a measurable engagement gap between labeled and unlabeled
Al content, with labeling triggering moral disapproval and reduced trust, even when visual quality
remains constant. These findings underscore the emotionally charged nature of transparency in creative
contexts.

Gabbiadini et al. (2024) extend this analysis by linking Al disclosure to negative emotional responses,
including symbolic threat, anxiety, and resentment. These responses may be shaped by perceptions of



Al intruding into domains traditionally reserved for human expression, such as artistic labor and
emotional communication. From a psychosocial standpoint, provenance labels function not merely as
informational cues but as framing devices that reposition content from a product of human intention to
one of automated generation. In this sense, labeling transforms the interpretive context through which
content is received.

These effects align with the broader theoretical insights of Signaling Theory (Spence 1973), which holds
that cues such as labels influence judgments of quality and effort. Al disclosures, within this framework,
may inadvertently signal reduced authenticity or diminished human contribution, thereby undermining
credibility. Media Richness Theory (Daft and Lengel 1986) further suggests that not all modes of
disclosure are equally effective. Therefore static labels like “Al-generated” may fail to convey the
complexity of generative processes, whereas richer, more layered mechanisms such as interactive
model cards or contextual overlays could mitigate misinterpretation and foster more nuanced audience
responses.

Lund et al. (2025) add an important architectural perspective, emphasizing the role of continuous,
audience-adjusted transparency strategies embedded directly into the design of Al systems. This
principle of “transparency by design” represents a shift from reactive to proactive governance, in which
disclosure is not a supplementary feature but a core structural component. Notably, standards such as
C2PA metadata exemplify this approach: by embedding provenance information such as content origin,
editing history, and generative tools used directly into media files, C2PA enables transparency to persist
across platforms and contexts (C2PA 2024).

Crucially, while transparency as a concept is intended to support trust and accountability, its
implementation may paradoxically undermine these very objectives, particularly in social media
environments where creativity, authenticity, and emotional resonance are central to user engagement.
Understanding these dynamics requires a closer examination of how users emotionally respond to Al-
labeled content, and how emotion itself functions in digitally mediated interactions.

2.3 Theoretical Foundations of Emotion

Emotion, as studied in social contexts such as social media, remains a deeply interdisciplinary concept
shaped by diverse theoretical lenses. Mauss and Robinson (2009) define emotion as a multi-component
psychological response to personally meaningful events, comprising subjective feeling, physiological
arousal, and expressive behavior. This componential model captures the dynamic interplay of cognitive,
bodily, and social factors and serves as a foundational definition in the present work. Although originally
formulated in broader psychological settings, this definition is especially applicable to digital
environments: even where bodily and behavioral cues are obscured, individuals still convey emotion
through textual language, making the linguistic dimension central to online emotional expression.

One of the most influential lenses in emotion theory posits that emotions can be divided into a limited
number of biologically grounded, discrete categories. According to Ekman (1992), emotions like anger,
disgust, fear, happiness, sadness and surprise are universal across cultures, expressed through innate
facial configurations, and underpinned by distinct neurobiological circuits. These basic emotions are
considered to have evolved to serve adaptive functions, preparing the organism for specific behavioral
responses. Plutchik (1980), in a complementary psychoevolutionary model, conceptualizes emotions as
fundamental to survival and organizes them into primary dyads, structured by intensity and polarity (e.g.,
serenity — joy — ecstasy). Both models have played a foundational role in psychological research and
continue to shape applied emotion classification efforts.



Contemporary operationalizations of this discrete lens on emotion include the Discrete Emotions
Questionnaire (DEQ), developed by Harmon-Jones et al. (2016). The DEQ provides an empirically
validated set of eight state emotions: anger, fear, anxiety, sadness, happiness, relaxation, desire, and
disgust, designed for self-report studies but grounded in extensive research from affective neuroscience,
developmental psychology, and expression analysis.

In more recent work, Cowen and Keltner (2017) extend the discrete approach by empirically mapping
27 distinct emotional categories derived from participants’ responses to short video clips. Their findings
reveal that emotional experience spans a wider range than suggested by traditional emotion theories.
These insights build the foundation for GoEmotions, a large-scale textual emotion taxonomy introduced
by Demszky et al. (2020). GoEmotions consists of 27 fine-grained emotion categories (plus a neutral
label) annotated from over 58,000 Reddit comments and is grounded in Cowen’s semantic space of
emotion. Crucially, GoEmotions is not exclusively a linguistic artifact but reflects how emotional
categories are meaningfully and reliably expressed in informal digital communication. The GoEmotions
taxonomy differs from biological essentialist views by focusing on how emotions are perceived and
expressed in everyday textual language. It acknowledges that emotional experiences are often subtle,
overlapping and contextually mediated characteristics that are especially pronounced in online
interactions. Its design permits multi-label annotation, reflecting the co-occurrence of emotional tones in
user-generated content and supporting a more granular interpretation of affective meaning in social
media.

From a contrasting lens, theoretical perspectives question the assumption of discrete emotional
essences. With Conceptual Act Theory, Barrett (2006) argues that emotions do not arise from fixed
biological programs but are constructed through the categorization of core affective states, valence and
arousal, using prior conceptual knowledge. Affect, in this context, refers to the basic, pre-conceptual
experience of feeling, often described along continuous dimensions such as valence (pleasant—
unpleasant) and arousal (low-high intensity), which serve as the foundation for more elaborated
emotional experiences. Emotions, in this view, are not directly triggered or perceived, but actively
interpreted based on learned social and linguistic frameworks. This lens is especially relevant in digital
contexts where users interpret others’ expressions not as biological signals but through shared cultural
narratives. While Barrett (2006) emphasizes the constructed nature of emotions, dimensional models
offer a complementary and measurement-focused perspective. These models propose that emotional
experiences are best represented along continuous axes such as valence and arousal. The circumplex
model (Russell 1980), maps affective states in a two-dimensional space and has been widely used in
affective computing and communication studies. Eerola and Vuoskoski (2011), applying this framework
to music-induced emotion, illustrate how dimensional models offer flexibility for interpreting ambiguous
or aesthetic experiences, making them particularly useful for analyzing expressive responses to creative
content.

Adding a cognitive-relational layer, Appraisal Theory (Smith and Lazarus 1993) proposes that emotion
results from an individual's evaluative judgment of a situation’s relevance to their goals, values, or well-
being. Emotions, according to this theory, are not merely reactions but are shaped by meaning-making
processes: whether a stimulus is threatening, controllable, or congruent with expectations determines
the resulting emotional experience. This theory complements both dimensional and categorical models
by focusing on the interpretive mechanisms that precede emotional expression, an insight critical to
understanding how users emotionally respond to Al-generated or human-created content.

Notably, culture affects the appraisal of emotion. Cross-cultural research shows that appraisal and
verbal expression of emotion vary systematically with cultural value patterns. Hofstede (2011) presents
a framework where low-context, high-individualism cultures (e.g., the Anglophone West) value direct
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emotional expression, whereas high-context, collectivist cultures favor harmony-preserving
indirectness. Linguistic studies echo this asymmetry: multilingual speakers report greater ease and
directness when expressing emotion in English than in languages associated with stricter display rules
(Dewaele 2010).

While acknowledging the debate between natural-kind and constructionist views, this work defines
emotion in social media as the categorization of affective meaning in text, inferred from user expressions
and interpretive contexts. The discrete categorical model GoEmotions serves as the operational
framework for the analysis. Its use reflects not a theoretical endorsement but a methodological strategy
aligned with the study’s aim: to examine how users emotionally respond to Al-labeled versus human-
created content in real-world digital environments.

2.4 Emotion in Response to Al and Digital Artifacts

As GenAl becomes increasingly embedded in creative production and digital culture, a growing body of
research seeks to understand how users emotionally respond to Al-generated content. These emotional
reactions are shaped not only by the content’s aesthetic properties but also by users’ perceptions of
authorship, creative agency, and authenticity. Building on the theoretical foundations of emotion (2.3),
and the role of transparency in social media contexts (2.2), this chapter explores how Al-generated
artifacts elicit affective responses, including patterns of fascination, discomfort, and symbolic threat.

Building on the early experimental psychology of curiosity, Berlyne (1960) proposed Arousal-Curiosity
Theory, which explains how stimulus properties such as novelty, complexity, and ambiguity generate an
optimal level of arousal that motivates exploratory behavior. Moderate novelty tends to evoke positive,
approach-oriented states, termed epistemic curiosity, whereas very low or very high novelty can produce
boredom or aversive tension.

Gabbiadini et al. (2024) provide systematic evidence on emotional reactions to Al-generated content:
Across three experimental studies, they expose participants to text, image, and audio materials that
were either Al-generated or human-created, controlling for visual and qualitative content characteristics.
Participants were asked to rate their emotional responses using pre-defined scales, categorizing them
along discrete affective states such as anger, anxiety, and alienation. Significantly higher levels of
negative emotional response are reported for Al-generated content compared to human-created
analogues, regardless of the media format.

Crucially, these findings parallel core arguments regarding transparency: namely, that transparency,
especially when content origin is disclosed, modulates user perception in emotionally charged ways.
Gabbiadini et al. (2024) attribute this effect to a form of symbolic threat, wherein users perceive Al-
generated content as challenging uniquely human domains such as creativity, emotional expression,
and cultural authorship. In this sense, content labeling becomes not only a cognitive cue but also an
affective trigger, echoing the function of provenance indicators described in transparency policy
frameworks (e.g., EU Al Act, Meta’s Al labeling framework). These results provide further evidence that
transparency, while normatively encouraged, may yield adverse psychological consequences in
emotionally salient domains like art and social communication.

Relatedly, Cheng et al. (2022) investigate emotional responses to Al in professional settings, specifically
analyzing how employees react to Al integration in workplace decision-making. Their findings highlight
co-existing emotional states, including both relief and anxiety, depending on the perceived purpose and
interpersonal framing of the Al system. Emotion is measured via structured surveys targeting self-
reported affective states. This mixed-emotion dynamic underscores the appraisal component of
emotional response, where emotion arises not from the stimulus per se, but from the perceived

9



congruence of the stimulus with personal goals, control beliefs, and contextual expectations (Smith and
Lazarus 1993). When Al is perceived as a collaborator or assistant, positive affect may dominate; when
it is seen as a threat to autonomy or competence, negative affect emerges.

This ambivalence is further explored in Gkinko and Elbanna (2022), who focus on user interactions with
conversational Al (chatbots) in emotionally sensitive scenarios. Their analysis, based on qualitative
interviews and user diaries, reveals a broader emotional range, including tolerance, hope, and even
empathy toward the Al system. Here, users don'’t rely solely on traditional anthropomorphic cues but
respond to the chatbot’s perceived communicative effort and contextual sensitivity. The emotional
expressions reported map onto both discrete emotions and broader engagement-oriented affective
states, demonstrating again the relevance of combining discrete emotion theory with socially
constructed meaning frameworks in digital environments.

These findings support a dual-pattern model of emotional response to Al-generated content: one pole
oriented toward fascination, hope, and relational empathy, the other toward symbolic threat, anxiety,
and alienation. This polarity reflects GenAl’s dual role as both a creative enabler and a disruptor. Users
are drawn to the novelty, efficiency, and accessibility that GenAl affords, yet simultaneously repelled by
the erosion of traditional authorship and emotional authenticity. These emotional patterns are not stable
dispositions but fluctuate with context, framing, and the evolving discourse surrounding Al.

This ambivalence is conceptually aligned with the Uncanny Valley Hypothesis (Mori et al. 2012), which
suggests that artificial agents that closely resemble but do not perfectly emulate human traits elicit
discomfort. While originally developed in robotics, this hypothesis has been extended to digital artifacts.
Al-generated art or writing that mimics human creativity may fall into this “valley,” provoking adverse
reactions precisely because of its near-human quality. In this respect, emotion acts as a boundary
marker for human distinctiveness, with discomfort emerging when users sense that the boundary is
being crossed.

In parallel, emotional responses to Al content may contribute to more stable cognitive judgments such
as algorithm aversion or algorithm appreciation. Negative affective responses, particularly those rooted
in symbolic threat or emotional alienation, are likely precursors to distrust, resistance, or withdrawal from
Al-mediated interactions. Conversely, positive emotional responses, especially those grounded in
empathy or perceived helpfulness, may lay the groundwork for affective trust in Al systems. In sum, the
emotional impact of Al-generated content cannot be fully explained by traditional measures of media
quality or utility, such as perceived realism or aesthetic value. Instead, these reactions are embedded
in users’ broader interpretive frameworks, shaped by cultural narratives, transparency cues, and the
psychological underpinnings of emotion.

2.5 Algorithm Aversion and Trust in Al Systems

Building on the emotional foundations laid in the previous chapter, this section examines how initial
affective reactions to Al-generated content may evolve into more stable cognitive judgments. Central to
this transformation is the construct of trust, which functions as a mediating mechanism in the
development of long-term attitudes toward Al systems. While emotion often initiates user perception,
trust governs the continuity of interaction, shaping whether users engage with, accept, or reject Al-
generated content over time. As Gillath et al. (2021) suggest, affective trust, rooted in feelings of
interpersonal security can emerge from emotionally positive experiences with Al systems. Conversely,
symbolic threat or emotional alienation, often erodes trust, reinforcing disengagement and skepticism
(Gabbiadini et al. 2024).
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A prominent manifestation of such skepticism is algorithm aversion, first conceptualized by Dietvorst et
al. (2014). Algorithm aversion describes the tendency to prefer human over algorithmic judgment,
particularly after witnessing algorithmic errors, even when the algorithm outperforms human decision-
making in aggregate. This phenomenon stems from a lowered tolerance for machine errors and the
belief that algorithms, unlike humans, should perform flawlessly. In domains characterized by subjective
interpretation, such as art or creative writing, this aversion is magnified by the perception that algorithms
lack intentionality, emotional depth, and contextual sensitivity. As a result, users may acknowledge the
efficiency of Al while simultaneously resisting its encroachment into spaces traditionally considered
uniquely human.

However, this aversion is not universal. Under specific conditions, users demonstrate what Logg et al.
(2019) term algorithm appreciation, an increased preference for algorithmic outputs. Their research
reveals that when tasks are perceived as objective or analytically complex, users are more likely to defer
to algorithmic decisions. In such contexts, algorithms are seen as more consistent, impartial, and less
prone to cognitive bias. This duality underscores that trust in algorithmic systems is not a fixed
disposition but a contingent appraisal, sensitive to domain characteristics and task framing.

The formation of trust in Al is also shaped by individual psychological predispositions. Gillath et al.
(2021) find that trust in Al correlates with users’ attachment styles, highlighting the influence of relational
templates on technology interaction. Individuals with secure attachment styles tend to express higher
levels of trust in Al, whereas those with anxious or avoidant orientations are more likely to be suspicious
or avoidant. This evidence supports the view that trust in Al is not merely a rational judgment of system
performance but reflects deeper psychological schemas users bring into the interaction.

Theoretical and empirical work from Bach et al. (2022) provides further granularity, synthesizing findings
from human-computer interaction research. Their systematic review identifies three principal
antecedents of trust in Al-enabled systems: user characteristics, technical and design features, and
socio-ethical considerations. Importantly, they emphasize that trust emerges from the alignment of these
factors and is not reducible to any single dimension. While Gillath et al. (2021) foreground individual
differences, Bach et al. (2022) extend this perspective by demonstrating how trust is co-constructed
between users and systems over time, shaped as much by design as by user psychology.

Lukyanenko et al. (2022) complement this understanding by offering a system-theoretic foundation for
trust in Al. Their Foundational Trust Framework conceptualizes trust as an emergent property of
interaction between humans and Al systems. Trust, in this view, is not a fixed attribute of a system but
a dynamic relational state continuously recalibrated through user experience, system behavior, and
broader sociotechnical structures. While Bach et al. (2022) focus on empirical antecedents, Lukyanenko
et al. (2022) highlight the ontological status of trust as a process rather than a static outcome. Moreover,
they underscore the importance of explainability, perceived control, and institutional embedding in
fostering trust. These distinctions reveal a productive complementarity between psychological,
interactional, and systems-level analyses of trust.

Together, these perspectives provide a multidimensional account of trust in Al. While aversion may arise
from perceived loss of agency or emotional discomfort, trust and appreciation are possible when users
are supported by interpretive tools, contextual transparency, and emotionally secure interactional
frames. Especially in creative contexts where questions of authorship, meaning, and authenticity are
salient, trust functions not only as a judgment of functionality but as a reflection of interpretive alignment
between user and system.

In sum, trust in Al systems is not a static quality but a relational achievement. Algorithm aversion and
appreciation represent opposing trajectories within a broader spectrum of user engagement. By
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understanding the psychological, interpersonal, and systemic dimensions that structure these
trajectories, we can better anticipate how users respond to Al-generated content and how those
responses evolve into enduring attitudes. This understanding is critical not only for theoretical
completeness but also for designing Al systems that are trustworthy, intelligible, and socially acceptable
in emotionally salient domains such as digital creativity.

2.6 User Engagement on Social Media Platforms

Understanding user engagement on social media platforms requires a conceptual foundation that
accounts for the complex interplay of behavioral, cognitive, and emotional components. Within
foundational engagement theory, Brodie et al. (2011) define customer engagement as a psychological
state arising from interactive and co-creative experiences with a focal object, such as a brand or
platform. This perspective positions engagement not as a single action but as a dynamic process
involving cognitive attention, emotional connection, and behavioral response. Hollebeek et al. (2014)
builds on this foundation by defining consumer brand engagement as a positively valenced activity
manifesting across cognitive, emotional, and behavioral dimensions.

Di Gangi and Wasko (2016) introduce a socio-technical theory of engagement. Their approach highlights
engagement as a psychological state shaped through interactions between users and platform-specific
features, grounded in individual involvement and the perception of personal meaning. This framing
underscores that engagement is not only a response to content or interface design but is also deeply
embedded in users’ social and interpretive contexts.

Trunfio and Rossi (2021) consolidate these prior perspectives by emphasizing the multidimensional
nature of social media engagement. In their systematic review, they argue that engagement in digital
environments encompasses not only observable actions such as likes or shares but also latent cognitive
and emotional investments, influenced by user-generated content and platform affordances. Their work
situates engagement as a dynamic and context-sensitive phenomenon, reflective of both media
structures and user interpretation.

A widely applied framework for categorizing user behavior on social media is the COBRA model
introduced by Schivinski et al. (2016), which distinguishes three levels of engagement: consumption
(passive viewing), contribution (likes, shares, comments), and creation (original content production).
This typology aligns with increasing degrees of involvement, from passive reception to active
participation. Trunfio and Rossi (2021) emphasize that while cognitive and emotional engagement are
central to understanding user experience, behavioral engagement remains the most empirically
tractable component. It provides observable, quantifiable indicators that allow researchers to assess
user interaction patterns in a scalable way. The authors reference the COBRA framework to underline
the importance of contribution-level behaviors, particularly likes and comments as meaningful yet
accessible measures of engagement. Both Schivinski et al. (2016) and Trunfio and Rossi (2021) caution
that behavioral engagement does not necessarily capture the full depth of user experience. Observable
actions may not always reflect the emotional or cognitive intensity underlying them. This distinction is
particularly relevant when interpreting engagement with Al-generated content, where measurable
responses may diverge from underlying affective reactions.

The motivations that drive social media use further complicate the relationship between emotional
response and engagement behavior. According to Uses and Gratifications Theory (UGT), as developed
by Katz et al. (1973), individuals actively seek out media to satisfy psychological and social needs, such
as entertainment, identity construction, and social interaction. This theory emphasizes user agency and
acknowledges that engagement is contingent on the perceived value of the media experience. In
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extending UGT to digital contexts, O'Day and Heimberg (2021) highlight how emotional states,
particularly loneliness and social anxiety, shape social media behavior. Their findings suggest that users
experiencing these affective conditions may turn to social media as a compensatory mechanism, though
such use does not always result in deeper or more constructive engagement. Users may interact
frequently, but superficially, particularly when the content appears emotionally incongruent or unfamiliar.

This perspective complicates assumptions that emotionally evocative content necessarily leads to
heightened engagement. As Verduyn et al. (2017) note in their review of social network site usage,
active forms of engagement such as commenting or posting are associated with positive psychosocial
outcomes, whereas passive use such as scrolling can exacerbate negative feelings through social
comparison and emotional detachment. Trunfio and Rossi (2021) support this differentiation, observing
that although passive behaviors dominate usage patterns, active engagement is more strongly
associated with meaningful psychological investment.

These distinctions are especially salient when considering platform-specific norms. On image-centric
platforms like Instagram, users are exposed to highly curated, visually expressive content. Pittman and
Reich (2016) argue that these affordances foster parasocial interaction and emotional immediacy, but
also heighten the pressure for aesthetic and social conformity. Familiarity with content types adds yet
another dimension to user behavior. Di Gangi and Wasko (2016) propose that engagement is influenced
not only by individual dispositions but also by system-level features such as content personalization and
the presence of a critical mass. Users regularly exposed to both Al-generated and human-created
content may develop differentiated engagement patterns, adjusting their behaviors based on
expectations and perceived authenticity. This familiarity may lead to more selective or reserved
interaction with Al content, reflecting evaluative processes shaped by prior exposure and interpretive
schema.

In summary, user engagement in social media environments represents a multi-layered construct that
cannot be reduced to surface-level interaction metrics. Theories of engagement, typologies of behavior,
and motivation-based models collectively illustrate that what users do on social platforms is deeply
shaped by how they feel, what they seek, and the structures within which they operate.

2.7 Emotion Detection in Text: Capabilities and Methods

Emotion expression is integral to human communication, emerging through verbal, non-verbal, and
textual modalities, and reflecting the multidimensional structure of affective processes as described by
Mauss and Robinson (2009). In digital contexts, particularly on social media, text has become the
predominant carrier of emotional signals. As such, understanding how emotions are embedded in
language has become a central challenge for natural language processing (NLP), especially in domains
requiring sensitivity to psychological and social meaning. Emotion detection in text has thus evolved into
a critical capability for a range of applications, including adaptive recommender systems, content
moderation, sentiment-aware chatbots, and mental health monitoring tools (D'Andrea et al. 2015;
Nandwani and Verma 2021).

Unlike sentiment analysis, which typically assesses general evaluative tone (positive, negative, neutral),
emotion detection aims to classify discrete emotional states such as joy, fear, or admiration based on
linguistic signals. This distinction requires greater semantic granularity and is often informed by
taxonomies rooted in psychological models (D'Andrea et al. 2015; Demszky et al. 2020). In text-based
environments, where non-verbal and physiological indicators are absent, emotion detection must rely
exclusively on language structure and context, making methodological precision especially critical.
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Emotion detection, or emotion recognition in NLP, is generally defined as the process of identifying and
classifying emotional states conveyed in written language (Nandwani and Verma 2021). Nandwani and
Verma (2021) characterize it as a subfield of affective computing, aiming to recognize affective states
within textual data. D'Andrea et al. (2015) reinforce this position, distinguishing emotion detection from
sentiment analysis and highlighting its higher granularity and interpretive demands. The GoEmotions
dataset by Demszky et al. (2020) represents a notable empirical effort in this area, comprising over
58,000 English Reddit comments annotated with 27 emotion categories plus a neutral label, offering a
benchmark for fine-grained emotion classification.

Methodologically, three principal approaches have emerged. Lexicon-based models associate
predefined word lists with specific emotional categories. These methods, including tools like WordNet-
Affect, NRC, and LIWC, offer high interpretability but often struggle with contextual ambiguity and
domain transferability (D'Andrea et al. 2015; Nandwani and Verma 2021). Machine learning methods,
including Naive Bayes, Support Vector Machines, and Random Forests, have been widely used,
typically relying on supervised learning from annotated corpora. These approaches outperform lexicon-
based models in adaptability but require extensive feature engineering and manually labeled training
data (Bota et al. 2019).

Recent developments have shifted toward deep learning and large language models. Transformer-
based architectures, such as Bidirectional Encoder Representations from Transformers (BERT) and
Generative Pre-trained Transformer (GPT), have demonstrated the capacity to encode nuanced
contextual dependencies, allowing for improved emotion classification performance (Devlin et al. 2019;
Radford et al. 2018). Demszky et al. (2020) report that a fine-tuned BERT model achieved a macro-
averaged F1 score of 0.46 on the GoEmotions dataset, outperforming traditional classifiers. These
advances display the broader paradigm shift from handcrafted rules and fixed features to models that
learn representational structures from large-scale data.

Comparative analyses of LLMs have further sharpened our understanding of their capabilities. Boitel et
al. (2024) assess the performance of GPT-3 and DeBERTa v3 on emotion recognition, noting that
BERT-based models typically retain superior accuracy due to their task-specific training and domain
adaptation mechanisms. However, they also highlight the versatility and generalizability of GPT-based
systems, which excel in zero-shot and few-shot scenarios, albeit with some trade-offs in precision.
Kocon et al. (2023) corroborate this perspective by evaluating ChatGPT and GPT-4 across 25 NLP
tasks, including emotion detection. Their findings show that while ChatGPT performs adequately, it lags
behind state-of-the-art (SOTA) systems by an average margin of approximately 25% in F1 score on
emotion tasks, underscoring its limitations in fine-grained affective analysis.

Language and cultural specificity pose additional challenges. The majority of benchmark datasets,
including GoEmotions, are in English, which limits cross-linguistic applicability. As Niu et al. (2024) note,
most emotion classification systems are trained and evaluated on monolingual corpora, often ignoring
cultural variations in emotion expression. This issue is compounded in social media environments,
where users frequently code-switch or employ hybrid linguistic forms. Consequently, emotion
recognition models trained exclusively on English data may yield lower accuracy on multilingual content
or culturally distinct affective expressions.

The role of emojis in text-based emotion detection introduces another layer of complexity. Jahan et al.
(2024) highlight the ambiguity of emoji use, demonstrating that interpretation varies significantly across
platforms and user demographics. While emojis can signal affective intent, their decoding is context-
dependent and often misaligned with intended meaning. These findings caution against assuming a
one-to-one mapping between emoji presence and emotional category, particularly in automated
classification systems.
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Taken together, these findings offer a nuanced understanding of the current landscape in text-based
emotion detection. They underscore the strengths of deep learning models, particularly transformer-
based architectures, in handling complex affective inference, while also pointing to persistent limitations
related to cultural variability, multimodal ambiguity, and contextual interpretation. Building on these
insights, the present study implements a two-tier pipeline, leveraging ChatGPT for multilingual, emoji-
aware weak labelling and a GoEmotions-fine-tuned BERT for the English subset, the full rationale of
which is outlined in the forthcoming methodology chapter.

2.8 Research Gap and Thesis Positioning

The preceding review has traced a layered and interdisciplinary discourse around generative Al,
transparency, emotion, and user engagement in digital contexts. These strands converge on three core
insights. First, GenAl has become a widely adopted tool in creative domains, especially on image-centric
platforms such as Instagram, where it increasingly contributes to the production and circulation of digital
art (Albogami 2023; Park et al. 2024). Second, the labeling or disclosure of Al-generated content, while
intended to foster transparency, has been shown to influence user perception, often eliciting negative
emotional responses and reducing trust or engagement (Bauer et al. 2024; Gabbiadini et al. 2024).
Third, advances in natural language processing, particularly through transformer-based architectures,
have enabled scalable emotion detection in user-generated content, making it feasible to analyze
affective responses to digital media at scale (Demszky et al. 2020; Devlin et al. 2019).

Despite the conceptual and technical progress outlined above, prior empirical research in this area
remains limited in scope. Most existing studies rely on controlled experimental designs using small
participant samples and curated stimuli (e.g. Bauer et al. (2024), Gabbiadini et al. (2024), Park et al.
(2024)). These approaches are effective for isolating causal mechanisms but are inherently constrained
in their ability to reflect the complexity and heterogeneity of real-world social media interactions.
Specifically, little is known about how users engage with and emotionally respond to Al-generated
versus human-generated creative content within authentic, multilingual, and contextually variable
environments such as Instagram.

This thesis addresses this empirical and methodological gap by analyzing a corpus of 64,000 user
comments on art-related Instagram posts, comparing interactions with content tagged as Al-generated
and human-authored. Drawing on recent developments in natural language processing, the study
employs state-of-the-art classification strategies to infer emotion and engagement from textual data.
Rather than relying on a single approach, it combines the flexibility of general-purpose language models
with the specificity of fine-tuned emotion classifiers, enabling the capture of both broad multilingual
patterns and high-resolution affective signals in English-language content. In doing so, the study extends
the current literature by providing observational evidence from an organic, large-scale social media
setting, complementing existing experimental findings and expanding their external validity.

This thesis is situated at the intersection of generative Al, affective computing, and information systems
(IS) research. By integrating theoretical constructs such as transparency, discrete emotion theory, and
engagement typologies into a real-world analytical framework, it seeks to advance both the empirical
understanding of user response to Al-generated content and the methodological toolkit available for
studying affective behavior in digital environments. Through this dual focus, the work contributes to
ongoing discussions about the role of generative technologies in public discourse, artistic production,
and platform governance.
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3 Research Model

The conceptual framework of this study is grounded in prior literature on GenAl, emotion theory,
transparency, and digital user engagement. It seeks to examine how Content Origin, defined as whether
content is Al-generated or traditionally human-created, influences users’ emotional and behavioral
responses on social media. Four direct effects are hypothesized: on discrete emotion profiles (H1),
sentiment valence (H2), behavioral engagement (H3), and engagement depth (H4). Additionally, the
model incorporates User Exposure Pattern as a moderating variable (H5), assessing whether users who
engage with both content types display differentiated emotional responses. Transparency,
operationalized as the disclosure of Al origin, is included as a control variable, conceptually relevant for
interpretive context but not subject to hypothesis testing.

3.1 Content Origin and Affective Response (H1, H2)

Emerging empirical evidence suggests that the origin of creative content significantly shapes user
emotion. Al-generated works, even when aesthetically comparable to human-authored counterparts,
tend to evoke more negative discrete emotions such as anxiety, resentment, or alienation (Gabbiadini
et al. 2024; Park et al. 2024). This phenomenon is rooted in symbolic threat perception, whereby Al
intrudes into traditionally human domains, such as artistic authorship or emotional expression. From the
lens of discrete emotion theory (Ekman 1992; Harmon-Jones et al. 2016), this implies shifts in the
distribution of categorical affective responses. Hence:

H1: Content Origin (Al-generated vs. human-created) significantly alters the distribution of discrete
emotional expressions in user comments.

Further, dimensional models of affect suggest that emotional experience also varies along valence and
arousal axes (Russell 1980). Prior research shows that Al-origin cues lead to less positive and more
ambivalent sentiment evaluations, even when controlling for visual quality (Bellaiche et al. 2023;
Gabbiadini et al. 2024). These effects reflect not only emotional nuance but interpretive reappraisal of
the content’s authenticity and meaning (Smith and Lazarus 1993). Therefore:

H2: Content Origin influences the valence of user sentiment, with Al-generated content eliciting
more negative sentiment than human-created content.

3.2 Content Origin and Engagement Behavior (H3, H4)

Behavioral engagement, a core dimension in social media research, is defined here via observable
metrics such as likes, comments, and child comments (Schivinski et al. 2016; Trunfio and Rossi 2021).
While emotionally evocative content typically drives higher engagement (Brodie et al. 2011), prior work
cautions that negative affect linked to Al disclosure may suppress interaction due to moral disapproval
or reduced perceived authenticity (Gabbiadini et al. 2024; Park et al. 2024). Consequently:

H3: Content Origin affects behavioral engagement, with Al-generated content eliciting significantly
different levels of likes, comments, and replies than human-created content.

Beyond frequency, engagement depth, defined for this research project as the cognitive and emotional
elaboration evident in user responses, captures more subtle forms of involvement. According to theories
of co-creative value and emotional immediacy, perceived authenticity enhances the meaningfulness of
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user expression (Di Gangi and Wasko 2016; Trunfio and Rossi 2021). As prior studies show, Al-
generated content reduces the perceived emotional resonance and interpretability of creative work
(Bauer et al. 2024), potentially leading to shallower, less reflective commentary.

H4: Content Origin affects the depth of user engagement, with Al-generated content eliciting less
engagement depth than human-created content.

3.3 Moderating Role of User Exposure Pattern (H5)

A nuanced dimension of the model involves the role of prior user exposure to both Al-generated and
human-created content in shaping emotional responses. Literature suggests two contrasting
interpretations. On one hand, repeated exposure to both content types may reduce emotional contrast
by diminishing symbolic threat and fostering familiarity (Di Gangi and Wasko 2016; Gabbiadini et al.
2024). On the other hand, broader exposure may enhance users’ interpretive frameworks, enabling
more nuanced evaluations and heightened sensitivity to origin-related cues. A view supported by
constructivist emotion theory and appraisal theory, which stress the role of conceptual knowledge and
contextual meaning-making in affective appraisal (Barrett 2006; Smith and Lazarus 1993). While the
present study does not explicitly predict the direction of this moderating effect, it accounts for the
potential interpretive complexity that user familiarity introduces into emotional evaluations. Accordingly,
the following hypothesis is proposed:

H5: User Exposure Pattern moderates the relationship between Content Origin and emotional
response, such that users exposed to both Al and human-created content exhibit more
differentiated emotional profiles than users exposed to a single content type.

3.4 Transparency as a Control Factor

Transparency, particularly the disclosure of content provenance, has been shown to intensify affective
and interpretive reactions. Empirical studies demonstrate that labeling content as “Al-generated”
significantly reduces perceived authenticity, creative value, and emotional resonance, while
simultaneously increasing skepticism and moral disapproval (Bauer et al. 2024; Bellaiche et al. 2023).
Such provenance labels function as cognitive and emotional frames, shaping the audience’s appraisal
of creative artifacts by repositioning them within the interpretive space of artificial production. In the
present study, Transparency is not treated as an independent predictor in the main analysis but is
included as a control variable. This methodological decision reflects the construct's conceptual
relevance, as emphasized by recent regulatory frameworks such as the EU Al Act (European Parliament
and Council 2024), without detracting from the primary focus on Content Origin. Given its theoretical
and practical significance, Transparency is formalized as a supporting hypothesis, acknowledging its
conceptual presence within the research model. Although not empirically tested in this study, it informs
the interpretation of findings and serves as a foundation for future research directions.

HS1: Transparency influences emotional and engagement outcomes, with disclosed Al-generated
content eliciting less positive emotional responses compared to non-disclosed content.
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3.5 Conceptual Research Model

Figure 3 visualizes the conceptual structure of the research model, highlighting the independent variable
(Content Origin), dependent variables (Emotion, Sentiment, Engagement, Engagement Depth),
moderator (User Exposure Pattern), and control variable (Transparency). Solid arrows represent the
primary hypothesized relationships tested in this study, with the moderating role of exposure applied
specifically to the relationship between Content Origin and emotion. The dashed arrow indicates the
supporting hypothesis (HS1), representing a theorized but untested relationship between Transparency
and user responses.

Control Variable Moderator Dependent Variable
Fo- - === R i I I - HS1 - >

User Exposure Emotion

Pattern

/@.——V Sentiment
\@\b Engagement

Engagement Depth

Independent Variable

Content Origin*

Figure 3: Research Model. *Content Origin is coded only for posts whose artificial origin is transparently
disclosed.

Table 1 provides an overview of the five main hypotheses and the supporting hypothesis derived from
the model.

Hypothesis Statement

HA1 Content Origin (Al-generated vs. human-created) significantly alters the distribution of discrete
emotional expressions in user comments.

H2 Content Origin influences the valence of user sentiment, with Al-generated content eliciting more
negative sentiment than human-created content.

H3 Content Origin affects behavioral engagement, with Al-generated content eliciting significantly
different levels of likes, comments, and replies than human-created content.

H4 Content Origin affects the depth of user engagement, with Al-generated content eliciting less
engagement depth than human-created content.

H5 User Exposure Pattern moderates the relationship between Content Origin and emotional

response, such that users exposed to both Al and human-created content exhibit more
differentiated emotional profiles than users exposed to a single content type.

HS1 Transparency influences emotional and engagement outcomes, with disclosed Al-generated
content eliciting less positive emotional responses compared to non-disclosed content.

Table 1: Hypotheses Overview

The research model and hypotheses outlined above provide a structured framework for analyzing user
responses to Al-generated and human-created content on social media. The following chapter details
the methodological approach used to empirically test these relationships.
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4 Research Methodology

This chapter outlines the methodological framework used to investigate how users emotionally and
behaviorally respond to Al-generated versus human-created content on Instagram. It specifies the
research design, classification pipeline, and modeling strategy employed to test the study’s five theory-
driven hypotheses. Emphasis is placed on computational techniques, naturalistic data collection, and
classifier-assisted annotation procedures that support the empirical analysis of large-scale user-
generated content. The approach combines NLP-based labeling, user segmentation, and statistical
modeling within a reproducible, ethics-aligned architecture. Methodological decisions are grounded in
established practices from affective computing, information systems research, and computational social
science.

4.1 Research Design

This thesis adopts a naturalistic, large-scale computational content analysis of user-generated
Instagram data, situated at the intersection of affective computing, transparency studies, and IS
research on user engagement. The methodological approach combines principles of observational
digital research with recent advances in NLP to examine emotional and behavioral responses to Al-
generated content in real-world social media environments. While the study is exploratory in its subject
matter, addressing the underexplored domain of user emotion in response to disclosed generative Al
content, it applies theory-driven hypotheses and structured modeling procedures to test these
relationships empirically.

The design is characterized as non-interventional and confirmatory (Creswell 2014), with pre-defined
hypotheses derived from established literature in affective science, algorithm aversion, transparency,
and social media engagement. Although preliminary qualitative work on a subset of the data, particularly
during the design of the engagement depth classification, does inform certain measurement strategies,
the study does not primarily pursue inductive theorizing. Rather, it employs these computational
classifications to operationalize latent constructs and test previously theorized relationships.

At its core, the research builds on the methodological tradition of computational content analysis, which
Grimmer and Stewart (2013) characterize as the application of automated classification methods to
analyze unstructured text at scale. This approach enables the detection of meaningful linguistic and
emotional patterns across large corpora without direct human coding. In line with their interpretation, the
study does not aim to replace human interpretation but to extend its reach, transforming the manual
work of labeling thousands of data points into a replicable, model-based inference process.
Classification tasks for emotion, sentiment, and engagement depth are executed using LLMs,
specifically GPT and BERT variants, with interpretive scaffolding provided by existing emotion
taxonomy.

The decision to focus on Instagram content aligns with the principles of naturalistic observational
research, widely adopted in computational social science (CSS). Lazer et al. (2020) emphasize the
unique strengths of unobtrusively studying human behavior in native digital environments where
interactions are self-motivated, contextually embedded, and shaped by real-time social and platform
dynamics. By analyzing authentic user comments on publicly available posts tagged as #aiart or
#traditionalart, the study captures user reactions as they occur organically, outside the laboratory or
experimental prompt setting. The research process follows a structured pipeline, comprising: data
collection and cleaning, automated classification of affective and engagement signals, user-level
segmentation based on exposure patterns and hypothesis testing through statistical modeling.
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Although computational research designs offer notable advantages in scalability and ecological validity,
they also entail specific challenges, such as noise in language models, biases in platform dynamics,
and the absence of ground truth labels. As Lazer et al. (2020) caution, social media data may be shaped
by hidden curation mechanisms, shifting platform norms, and variable metadata fidelity. These
limitations are acknowledged and addressed where applicable. A comprehensive account of
methodological risks and mitigations is provided in Section 4.12.

Overall, this research design supports the study’s goal of quantifying emotional and engagement-related
reactions to Al-generated content in a platform-native context. It reflects a pragmatic commitment to
leveraging computational tools emphasizing practical, context-sensitive strategies for addressing
complex research problems (Creswell 2014), while maintaining awareness of interpretive complexity,
ethical responsibility, and the socio-technical fabric in which digital interactions unfold.

4.2 Philosophical Positioning

This study adopts a pragmatic epistemology, emphasizing methodological utility and context-sensitive
insight over rigid adherence to any single worldview (Creswell 2014). Rather than subscribing to a fixed
paradigm, the approach reflects a pluralistic stance that draws on both quantitative and qualitative
techniques to best address the research problem. This orientation supports the integration of
computational tools such as transformer-based language models, chosen for their practical efficacy in
analyzing complex, informal user-generated data.

The design also reflects elements of post-positivist reasoning, particularly in its use of theory-informed
hypotheses and statistical modeling. As Creswell (2014) outlines, post-positivism assumes an objective
reality exists, but acknowledges that it can only be approximated through probabilistic inference and
fallible measurement. In this study, statistical models are used not to assert definitive claims, but to
estimate structured relationships between language-based indicators and conceptual categories such
as emotional tone or engagement depth.

Ontologically, the study adopts a constructivist view of emotion, treating it as a context-dependent
phenomenon expressed and interpreted through language. This contrasts with essentialist theories that
define emotion as a set of biologically fixed states (Ekman 1992; Plutchik 1980). Instead, the analysis
draws on Conceptual Act Theory (Barrett 2006), which sees emotion as emerging through the
conceptual interpretation of core affective states, shaped by linguistic and social context. From this
perspective, large language models are used not to detect internal states, but to identify recurring
patterns of expressed affect in public discourse. This aligns with the view that emotion, in digital
environments, is not directly observable but constructed through interaction, narrative, and expression.

Taken together, this philosophical positioning supports the study’s flexible but theory-aligned use of
computational methods to investigate affective phenomena in digital environments.

4.3 Methodological Justification in Information Systems Research

This study is situated within the computational strand of Information Systems Research (ISR), where
large-scale digital trace data and algorithmic methods are increasingly employed to examine socio-
technical phenomena. While traditionally ISR is dominated by surveys, case studies, and mathematical
modeling, recent research reveals a marked rise in data mining, machine learning, and text analytics
approaches (Mazaheri et al. 2020).
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Rank  Methodology 2013 2014 2015 2016 2017 2018

1 Survey 49 53 69 45 56 47
2 Mathematical modeling 55 55 47 50 61 72
3 Case Study 46 47 31 33 25 32
14 Machine learning, Data mining, ... 2 3 0 5 10 21
15 Content analysis 2 3 5 5 2 2
16 Social Network Analysis 1 2 0 4 1 3

Table 2: Methodology trends over the years 2013-2018, adapted from Mazaheri et al. (2020, p. 12)

Mazaheri et al. (2020) document this shift, showing that although such methods still represent a small
share of ISR overall, their annual usage has grown rapidly in top-tier journals, especially since 2015
(see Table 2). This reflects a broader disciplinary openness toward methodological innovation,
particularly for research engaging with online behavior and algorithmic systems.

The present work aligns with what Recker (2021) describes as computational research:
methodologically rigorous studies that use algorithmic reasoning and scalable inference to investigate
complex digital environments. By combining established classification techniques with novel application
in the context of Al-labeled social media content, this thesis extends ISR’s methodological repertoire
without constituting a design science study, as the developed pipeline is not evaluated as a research
artifact but serves as a means for empirical investigation. It addresses theory-driven research questions
through computational modeling of user-generated data, an approach increasingly recognized as
legitimate and valuable in ISR.

This methodological orientation supports ISR’s broader goals of understanding human—technology
interaction, sociotechnical dynamics, and digitally mediated behavior. It reflects what Recker (2021)
frames as a commitment to methodological alignment and rigor, selecting approaches that fit the
phenomenon under investigation and enable credible knowledge generation in socio-technical systems.

4.4 Data Source and Collection Procedure

This study employs a minimally invasive and ethically aligned strategy to collect publicly available
Instagram content for large-scale computational analysis. The objective is to gather naturalistic, user-
generated comments on Al-generated and traditional artworks using scalable methods that preserve
privacy and comply with data protection standards. The end-to-end collection procedure is summarized
in Figure 4, which outlines the five integrated phases.

Content Post Comment

Selection g Data Retrieval > Data Retrieval* | Data Cleaning | Data Storage

Figure 4: Data Collection and Storage Pipeline, *including Anonymization of UseriD

Between March 8 and April 8, 2025, data was retrieved using a publicly accessible service API hosted
on RapidAPI (https://rapidapi.com/). This tool is selected for its reliability and ability to retrieve public
content without requiring authentication or user interaction. As Instagram'’s official Graph API does not
support academic access to post- or comment-level data, web scraping remains a legitimate alternative
for scholarly research involving public social media content (Jinger 2023; Peters et al. 2023).

The content selection process targets ‘Top’ posts sorted by popularity under the hashtags #aiart and
#traditionalart, encompassing a variety of post formats including single images, videos, and carousels.
Each day, multiple pages of top-ranked posts are retrieved, and their unique identifiers (postiD) are

21


https://rapidapi.com/ponds4552/api/instagram-best-experience

stored in a JSON file. For each postID, the first page of user comments is extracted, with pinned
comments excluded to reduce selection bias.

During the retrieval of comments, user identifiers are anonymized using a salted one-way SHA-256
hashing procedure. This design choice aligns with General Data Protection Regulation (GDPR)-
compliant privacy strategies, ensuring that no direct or indirect identifiers are stored (Saltarella et al.
2021). Consequently, usernames, profile links, or other personal metadata are never retained. The
resulting dataset is stored on encrypted, access-controlled infrastructure and is manually reviewed to
confirm integrity and privacy compliance.

Following collection and anonymization, data cleaning removes duplicate entries, particularly those
arising from repeated daily crawls. To further comply with the GDPR’s storage limitation principle
(European Union 2016, Art. 5(1)(e)), raw comment texts are retained in pseudonymised form for up to
twelve months, strictly for purposes of replication and audit. After this period, the corpus will be securely
deleted. Although the comments analysed are publicly accessible, they are not authored with academic
reuse in mind. The study therefore upholds contextual integrity by limiting retention, avoiding direct
quotation, and ensuring all data is stored securely and access-controlled (Jiinger 2023; Nissenbaum
2010).

The following variables are collected to support the modeling of emotional expression, engagement
behavior, and platform interaction patterns:

Post-level Fields Comment-level Fields
Field Description Field Description
postiD Unique identifier of the post postID Unique identifier of the associated post
likeCount Total number of likes comment/D  Unique identifier of the comment
commentCount Total number of comments userlD Hashed userlD
reshareCount  Total number of reshares text Raw comment text
hashtag Hashtag used to identify content . . .
g likeCount Number of likes received
origin
replyCount Number of replies to the comment
isPinned Boolean indicating comment was pinned
hashtag Hashtag identifying the associated post

Table 3: Raw Data Fields Structure

While Instagram’s Terms of Use generally prohibit scraping through automated means, scholars such
as Peters et al. (2023) and Jinger (2023) emphasize the interpretive ambiguity surrounding public data
usage in research. The absence of a suitable academic API, combined with the exclusive use of non-
authenticated, publicly visible data, supports a research justification based on public interest. Ethical
safeguards including the exclusion of private content, proactive anonymization, and timely deletion of
raw text serve to mitigate risks and uphold platform trust.

In this study, technical constraints are not treated solely as obstacles but as reflections of Instagram’s
sociotechnical governance. Rate limiting, content volatility, and undocumented data structures are
understood as part of the platform’s epistemic boundaries (Junger 2023, p. 429) and are explicitly
acknowledged in the design and interpretation of the dataset.

In sum, this chapter outlines a data collection strategy that combines scientific rigor, privacy protection,
and methodological transparency. A comprehensive reflection on broader ethical implications is
provided in Chapter 4.13.
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4.5 Emotion Classification Pipeline

This study employs a dual-model emotion classification pipeline designed to balance coverage,
interpretive richness, and methodological consistency in the extraction of emotional signals from
Instagram comments. Building on the conceptual foundations outlined in Chapter 2.7, the classification
pipeline serves as the core operational mechanism for testing Hypothesis 1 (H1), which investigates
how the origin of visual content (Al-generated vs. human-created) shapes the distribution of discrete
user emotions in social media discourse. Emotion detection is not merely a descriptive tool in this
context, but a variable-defining mechanism essential for the study’s core statistical analyses.

The pipeline is structured around two complementary NLP models: a GPT based model, used for large-
scale weak labeling across all comments, and a fine-tuned BERT model, applied selectively to the
English-language subset for higher accuracy. The GPT model processes the entire dataset and
performs multiple classification tasks in a single pass: it assigns a primary emotion label from the
GoEmotions taxonomy (Demszky et al. 2020), infers sentiment polarity, estimates engagement depth,
identifies language, and flags sarcasm. These multiple annotation layers serve not only the emotion-
related hypothesis (H1), but also subsequent analyses involving user tone, response complexity, and
classification robustness.

Following the GPT-based annotation, all comments identified as written in English are routed to a
secondary classification phase, in which a BERT model fine-tuned on the GoEmotions dataset is
applied. This step generates an additional BERT-based emotion prediction with its own associated
confidence score. This parallel labeling enables later comparison between models and facilitates
robustness checks on classifier agreement. The rationale for including BERT lies in its demonstrated
superiority in task-specific emotion recognition when fine-tuned on structured corpora (Boitel et al. 2024;
Demszky et al. 2020; Devlin et al. 2019). Although ChatGPT provides broader multilingual and zero-
shot capabilities (Kocon et al. 2023), BERT’s domain adaptation offers stronger reliability on the English
subset, especially for emotion classification rooted in discrete taxonomies. This architecture allows the
study to harness GPT’s multilingual generalizability while maximizing accuracy where benchmarked
models exist.

To accommodate downstream analysis and enable robustness checks, the source and confidence of
each emotion label are retained as part of the comment’'s metadata. This practice supports later
segmentation and ensures transparency in classifier attribution. The harmonization step also addresses
edge cases, such as language misclassification or inconsistent emoji interpretation, by creating a unified
schema that aligns all outputs to a single taxonomic standard: the 28-label GoEmotions taxonomy.

English = True?

Raw Text GPT-based BERT-based I ‘ I Source
Input > classification > Yes" | classification Attribution
Emotion (GoEmotions) Emotion (GoEmotions) T
Engagement Depth No
Sentiment
Language

Sarcasm

Figure 5: Text Classification Pipeline

A visual overview of the classification pipeline is presented in Figure 5. It depicts the sequential routing
from raw Instagram comments to final harmonized emotion labels, showing the full set of annotations
produced by the ChatGPT stage, including emotion, engagement depth, sentiment, language and
sarcasm, and the refinement step introduced by the BERT classifier on English content. This modular
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setup is crucial for managing the inherent challenges of social media data: multilinguality, emoji use,
code-switching, and informal expression styles (Jahan et al. 2024; Niu et al. 2024).

Overall, this dual-stage pipeline reflects a methodological compromise between coverage and precision.
It acknowledges that while no model alone can fully resolve the ambiguity and contextual complexity of
user-generated content, a layered, language-aware architecture provides the best available
approximation. The classification output feeds directly into both descriptive statistics and inferential
testing, anchoring the study’s engagement with affective discourse in reproducible, well-documented
NLP procedures.

4.5.1 GoEmotions Taxonomy

The classification of emotional expression in this study is based on the GoEmotions taxonomy, a fine-
grained and empirically derived annotation schema introduced by Demszky et al. (2020). Developed to
overcome the limitations of sentiment analysis and constrained categorical taxonomies, GoEmotions
comprises 27 discrete emotion labels and a neutral class, constructed through manual annotation of
58,000 English Reddit comments. Its design draws on and extends a semantic framework for emotion,
which maps human affective experience along a spectrum of nuanced and frequently co-occurring
categories (Cowen and Keltner 2017). In contrast to psychologically reductionist approaches focused
on biologically hardwired basic emotions (Ekman 1992), the GoEmotions taxonomy reflects a broader,
linguistically grounded conception of affective expression in naturalistic digital communication.

The taxonomy includes both evolutionarily foundational emotions such as joy, anger, and fear and a
range of cognitively mediated and socially embedded states such as admiration, disappointment, and
realization. This diversity reflects the contextual richness of emotion expression on social media
platforms and aligns with constructionist perspectives on emotion as interpretively assembled rather
than biologically fixed (Barrett 2006). The inclusion of these categories enables more granular analysis
of emotional discourse and supports the study’s goal of evaluating emotion in response to Al-generated
versus human-created content in informal, user-generated texts.

Structurally, the GoEmotions taxonomy retains conceptual compatibility with both discrete and
dimensional models of emotion. While it offers a set of distinct emotion categories consistent with
discrete approaches (Cowen and Keltner 2017; Ekman 1992), its organization also permits mapping
onto the valence dimension of dimensional theories (Russell 1980). Demszky et al. (2020) group the 27
emotion labels into positive, negative, and ambiguous categories based on their affective orientation,
allowing for sentiment-level aggregation and interpretive linkage with broader polarity-based measures.

Beyond valence-based classification, the hierarchical structure of the taxonomy reveals semantic
proximities among categories. As visualized in the dendrogram (see Figure 6), the clustering is derived
from co-occurrence patterns in human annotations and captures empirical correlations between
emotions. Closely related categories such as joy and excitement, sadness and grief, or anger and
annoyance tend to cluster together due to overlapping affective content and shared contextual use.
Importantly, these clusters emerged organically in the annotation process without any prior imposition
of sentiment groupings, reinforcing the internal coherence and construct validity of the taxonomy.
Notably, even ambiguous categories such as realization, curiosity, and surprise form a distinct cluster,
which according to Demszky et al. (2020), aligns more closely with positive than negative affect, a
pattern suggesting the interpretive subtlety afforded by the taxonomy.
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Figure 6: Hierarchical clustering of GoEmotions categories by sentiment orientation and semantic
proximity, adapted from Demszky et al. (2020, p. 5)

While GoEmotions supports multi-label annotation to account for the co-occurrence of emotions, this
study applies a single-label classification strategy, in which each comment is assigned the most likely
emotion category as determined by the classifier. This methodological choice reflects the practical
necessity of categorical clarity in statistical modeling, particularly when testing effects on discrete
emotional outcomes. Empirically, Demszky et al. (2020) support this approach by reporting that a
majority of Reddit comments in the original dataset were annotated with a single dominant emotion, and
that inter-annotator agreement was highest for primary labels. This suggests that a single-label strategy

is both computationally tractable and aligned with human judgments in emotion labeling for short-form
online text.

The GoEmotions taxonomy was operationalized using a BERT-base model fine-tuned on the annotated
Reddit dataset, achieving a macro-averaged F1-score of 0.46 across 28 labels (Demszky et al. 2020,
p. 7). This performance benchmark establishes BERT as an appropriate baseline model for emotion
recognition tasks within informal online discourse. Accordingly, this study adopts a similar BERT-based
analysis for the English-language subset of Instagram comments, ensuring methodological consistency
while introducing additional robustness through complementary weak labeling using a GPT-based
model.

The distribution of annotated examples across emotion categories in the original GoEmotions dataset
further complements the taxonomy’s conceptual structure. As shown in Figure 7, the frequency of
annotations is uneven, with positive emotions such as admiration, approval, and gratitude appearing
most frequently. This empirical skew highlights the limitations of traditional emotion classification
schemes that focus narrowly on a handful of negative or basic emotions. The prevalence of positive
affective language in the Reddit-based corpus underscores the need for a more inclusive taxonomy
capable of reflecting the diversity of emotional expression in digital communication (Demszky et al.
2020).
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Figure 7: Distribution of annotated emotion categories in the GoEmotions Reddit dataset, adapted from
Google Research (2021)

The selection of GoEmotions for this study does not imply a claim to its universal validity, but rather
reflects a pragmatic and theoretically grounded methodological decision. In contrast to lexicon-based
frameworks or purely dimensional representations, GoEmotions offers a balanced approach in terms of
conceptual granularity, empirical rigor, and relevance to informal digital language. Its development from
Reddit comments, a corpus that shares key characteristics with Instagram discourse, including brevity,
informality, and expressive variability further supports its contextual suitability. As such, the taxonomy
provides not only a robust annotation standard but also an analytically coherent foundation for capturing
discrete affective responses in computational social science.

4.5.2 ChatGPT for Weak Labeling

The first stage of the classification pipeline uses ChatGPT to assign weak labels across multiple affective
and contextual categories, leveraging its scalability for comprehensive coverage of the dataset. Weak
labeling refers to the use of indirect, heuristic, or model-based strategies to label data at scale, avoiding
the cost and effort of manual annotation while maintaining reasonable labeling fidelity (Ratner et al.
2020). In this context, ChatGPT is tasked with producing structured outputs for each comment, including
a primary emotion label from the GoEmotions taxonomy, sentiment polarity, engagement depth,
sarcasm classification, and language identification. These outputs serve as foundational variables for
downstream statistical modeling and hypothesis testing.

A 1% stratified sample by content origin of comments is extracted from the full dataset to serve as a
development set for prompt engineering and model selection. Several LLMs are tested using identical
prompts, including Claude 3 Haiku, GPT-3.5-turbo, GPT-4, GPT-40, GPT-40-mini and DeepSeek-V3.
Models optimized for reasoning are excluded from evaluation due to high costs and limited added value
for short-form classification tasks. Few-shot prompting is also tested during development but yields
inconsistent results for emotion classification and is hence discarded in favor of a zero-shot design,
which proves more stable and better aligned with recent empirical recommendations (Boitel et al. 2024).

The final prompt used in classification is designed to instruct the model to return exactly one label per
category, with emotion drawn from the GoEmotions taxonomy (Demszky et al. 2020), along with a
model-reported confidence score. A shortened instructional excerpt from the prompt is shown below,
with the full version included in Appendix B:
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You are an expert in analyzing social media comments. Your task is to
analyze a single Instagram comment and classify it into emotional and
engagement-related categories.

Important instructions:

Always return exactly ONE value for "emotion_go". Do NOT return a list or
multiple values.

If multiple emotions seem relevant, choose the single most dominant one.
Definitions:

- emotion_go: [admiration, amusement, anger, annoyance, [..]]

Figure 8: Snippet of Emotion Classification Prompt

All APl requests use a temperature setting of 0.2 to ensure consistent, low-variance predictions across
similarly structured inputs. This reduces randomness and encourages deterministic outputs, which is
particularly important for classification tasks aiming for replicability (Boitel et al. 2024).

Among the tested models, GPT-40-mini is selected for full-scale annotation based on its balance of label
quality and operational cost. While models like GPT-40 and DeepSeek-V3 exhibit marginal
improvements in response quality on the test subset, their token pricing exceeds the proportional benefit
for large-scale processing at the time of analysis. The entire dataset is processed via the OpenAl API.
Each comment is routed through the final prompt, producing five predicted labels and associated
confidence scores. The results are merged with the original metadata, generating a unified dataset for
further statistical processing.

Comments labeled as sarcastic, either “Yes” or “Maybe”, are excluded from affective analysis,
acknowledging the potential for sarcasm to distort emotion detection (Jahan et al. 2024). Comments
identified by the language classifier as “Emoji-Only” or “Emoji-Dominant” are retained in the dataset but
explicitly flagged in the language metadata. This design allows the GPT-based emotion distribution to
include these comments natively, while still enabling targeted filtering or exclusion in downstream
analyses, in recognition of the contextual ambiguity inherent in emaji interpretation (Jahan et al. 2024).

The result is a multilingual dataset, consistently annotated across five analytical dimensions. These
labels feed directly into hypothesis testing and serve as the foundation for BERT-based classification
and classifier source harmonization.

4.5.3 BERT-Based Emotion Detection

The second stage of the classification pipeline applies a transformer-based model from the BERT family
to the subset of Instagram comments previously identified as written in English. This step enhances
classification precision by leveraging a model specifically fine-tuned for emotion recognition on the
GoEmotions dataset. Whereas the preceding ChatGPT-based approach offers broad coverage across
multiple analytical dimensions, the BERT model is employed here for its task-specific optimization and
alignment with the GoEmotions taxonomy.

Originally introduced by Devlin et al. (2019), BERT marked a departure from autoregressive
architectures like GPT (Radford et al. 2018) by adopting bidirectional pretraining via masked language
modeling and next-sentence prediction. Unlike generative models that support general-purpose
inference through next-token prediction, BERT is a discriminative model optimized for downstream
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classification tasks. Its architecture encodes contextual relationships across entire input sequences,
making it especially effective for tasks requiring fine-grained semantic interpretation, such as emotion
classification.

While various studies have shown the generalizability of LLMs such as GPT-4 in affective computing
(Niu et al. 2024), BERT-based models continue to outperform generative architectures in domain-
specific settings where high precision is required (Boitel et al. 2024; Kocon et al. 2023). This advantage
stems from being fine-tuned on labeled corpora, allowing BERT models to internalize task-relevant
representational patterns beyond those captured during pretraining. In the context of GoEmotions,
BERT serves as the benchmark model against which annotation quality and classifier robustness are
evaluated (Demszky et al. 2020). Building on this precedent, the present study adopts a publicly
available variant fine-tuned on GoEmotions, roberta-base-go_emotions, distributed under the MIT
license and accessible via the Hugging Face Model Hub (Lowe 2024). This RoBERTa-based
implementation is structurally similar to BERT but benefits from training on larger corpora and with a
modified pretraining objective, enhancing robustness in informal textual domains (Liu et al. 2019).

The model is applied exclusively to the English-language subset of the corpus. This restriction reflects
both the monolingual scope of the GoEmotions training data and the observed degradation in classifier
performance when applied to multilingual or code-switched input (Niu et al. 2024). While no domain
adaptation or additional fine-tuning is performed to account for potential platform-specific divergence
between Reddit and Instagram discourse, the risks introduced by this domain shift are explicitly
acknowledged as a limitation. Instagram comments may differ from Reddit in syntactic density,
expressive norms, and multimodal context, which may reduce the generalizability of the model’s learned
representations.

Each comment processed by the model is assigned a single dominant emotion label from the 28-
category GoEmotions taxonomy, including a neutral class. Although the model internally computes
scores for all possible labels, in this study a single-label configuration is used, and only the highest-
scoring label is retained. The associated floating-point score, commonly referred to as a probability, is
not statistically calibrated but serves as a heuristic confidence measure, consistent with the format used
in the GPT-based annotation stage (Lowe 2023). This score is preserved in the metadata schema to
support plausibility checks while ensuring methodological consistency across classifiers.

To support initial validation, a stratified subsample of 2% of the English-language subset is manually
reviewed to assess plausibility and identify systematic misclassifications. The review sample reflects the
underlying distribution of content origin. While this manual assessment does not constitute a full
annotation audit, it provides a reference point for identifying edge cases and informs the label
harmonization step. The results of this manual validation are reported to assess the plausibility of the
classifications and to substantiate the methodological validity of the model’s application in this domain.

Through the targeted use of a benchmarked, fine-tuned BERT model, this component of the pipeline
complements the breadth-oriented annotation of the GPT stage with a high-precision layer optimized for
structured emotion classification. The resulting annotations contribute to a unified dataset architecture
in which each instance retains both the source model and confidence score, enabling transparency,
robustness checks, and methodological triangulation in downstream analysis.

4.5.4 Label Harmonization and Source Attribution

To ensure consistency across classification outputs, predicted emotion labels are consolidated into a
unified metadata structure via a harmonization protocol. Harmonization is limited to standardizing label
formatting and recording classifier-specific confidence scores.
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Label attribution follows a fixed routing logic: for all English-language comments, labels are sourced
from the BERT-based classifier, while the GPT-based annotation is retained for all remaining comments.
This decision reflects the complementary roles of the classifiers and is supported by empirical evidence
from the validation phase.

To assess the reliability of this configuration, a stratified 2% sample of English-language comments is
manually reviewed. Results from this validation, as well as inter-model agreement statistics, are reported
to substantiate the adopted pipeline. Classification agreement is quantified using label concordance,
defined as the proportion of instances in which both classifiers assign the same label to a given comment
(McHugh 2012). This metric provides a transparent basis for evaluating consistency in single-label
classification settings where outputs are deterministic.

Additionally, we assess the internal consistency of the emotion classification pipeline by mapping both
GPT- and BERT-assigned emotion labels to sentiment polarity (Positive / Ambiguous / Negative), based
on the GoEmotions taxonomy introduced by Demszky et al. (2020). Agreement metrics are then
computed to evaluate whether classifiers yield convergent polarity-level interpretations.

Each record in the final dataset includes the predicted emotion label, classifier source (GPT or BERT),
and the associated probability score. This structure enables transparent analysis and facilitates
classifier-aware filtering and validation in downstream modeling.

4.6 Sentiment Classification Approach

In addition to discrete emotion labels, this study incorporates a unified sentiment classification
dimension, assigning each comment a polarity label of “positive,” “neutral,” or “negative.” This scalar
appraisal of affective tone complements the categorical richness of the GoEmotions taxonomy and
supports the testing of Hypothesis 2 (H2), which posits that Content Origin influences the valence of
user sentiment. Prior research suggests that users respond more negatively to Al-generated content,
even when controlling for aesthetics or thematic content, due to symbolic threat perceptions and
authenticity concerns (Bellaiche et al. 2023; Gabbiadini et al. 2024; Park et al. 2024). Sentiment analysis
thus serves as an additional lens through which to quantify these evaluative shifts.

Contrasting fine-grained emotion classification, sentiment classification reduces the affective orientation
of language to a singular evaluative dimension. This approach is widely adopted in NLP tasks involving
user-generated content, particularly in environments marked by brevity, informality, and ambiguity. As
D'Andrea et al. (2015) observe, sentiment analysis is particularly well suited for scalable inference in
multilingual, low-context settings, where discrete emotional signals may be sparse or ambiguous but
general affective tone remains detectable.

Sentiment classification is implemented within the GPT-based zero-shot prompt pipeline. The
classification dimension is defined in prompt using an explicit list of the three categories (see Appendix
B). This design ensures consistency with the other output dimensions produced by the same model call.
The resulting sentiment labels are available across the entire multilingual dataset, including emoji-
dominant and informal text formats.

4.7 Engagement Metrics

This study incorporates behavioral engagement metrics to evaluate Hypothesis 3 (H3), which posits that
the origin of visual content affects levels of user interaction. Engagement is operationalized using post-
level metrics that reflect contribution-type behaviors as outlined in the COBRA framework (Schivinski et
al. 2016). Specifically, the number of likes, comments, and reshares attributed to each post serve as
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empirical indicators of user response at the contribution tier, corresponding to mid-level engagement
that is active but not creative. These metrics are retrieved during the data collection phase via structured
API scraping of publicly accessible Instagram post metadata. All post-level fields are directly linked to
the post hashtag that indicates content origin.

The primary analytical focus lies on these post-level engagement metrics, as they directly capture
interaction with the visual content itself, whose origin is disclosed and classified. Comment-level metrics
such as the number of likes or replies received per user comment are also collected. However, as these
interactions may reflect engagement with the linguistic content of the comment rather than the original
visual stimulus, they are not included in hypothesis testing for H3. Instead, their interpretive function is
limited to potential secondary analyses or exploratory use, such as weighting in sentiment aggregation
or evaluating the affective salience of certain emotion categories. These exploratory roles could inform
future research directions beyond the scope of this thesis.

Post-level engagement metrics exhibit heavy-tailed distributions, a common characteristic of social
media data in which a small subset of posts garners a disproportionately large share of user interactions
(Bakshy et al. 2012). To provide a robust summary of central tendency under such conditions, this study
reports medians rather than means for descriptive tables, as medians are less sensitive to extreme
values and offer a more reliable representation of typical engagement (Wilcox 2012). The distributional
skew is partly shaped by the data collection design. Posts are retrieved based on their ranking in
Instagram’s “Top” section. As a result, the dataset reflects posts that have already achieved elevated
visibility and interaction. This introduces a selection bias toward highly engaged content. The study does
not seek to estimate overall engagement across all content, but to evaluate engagement patterns among
prominent posts within each content origin category. Accordingly, the engagement metrics used are
representative of high-visibility examples of Al-generated and human-created content, rather than of the
entire distribution of published material.

For the purpose of hypothesis evaluation, engagement data is aggregated by content origin and grouped
by hashtag labels. While raw values provide a comparative lens, the differing volume of posts across
origin groups necessitates normalization or adjustment through statistical modeling to ensure
interpretive comparability.

4.8 Engagement Depth Classification

This study incorporates engagement depth as an additional indicator of user response, enabling
evaluation of Hypothesis 4 (H4), which posits that the origin of visual content influences the depth of
user engagement. Defined as the level of cognitive and emotional elaboration expressed in user
comments, engagement depth extends the analytical scope beyond surface-level frequency metrics.
Prior studies suggest that Al-generated content is perceived as less emotionally authentic and
interpretively rich, potentially resulting in shallower commentary (Bauer et al. 2024). The classification
of engagement depth supports this hypothesis by capturing variations in user elaboration associated
with content origin.
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Engagement depth is operationalized as an ordinal variable, assigned at the comment level through a
GPT-based classifier. Each comment is categorized into one of four engagement depth levels:
Superficial, Moderate, Deep, and Very Deep. These categories represent increasing levels of
interpretive effort and emotional involvement, from minimal engagement (e.g., emoji-only responses or
generic praise) to complex, reflective expressions.

Definitions:
=[]
- engagement_depth:
Superficial: short, emoji-only, or generic
Moderate: brief, specific compliment
Deep: thoughtful, critique, or question

Very Deep: personal story, emotional reflection
Figure 9: Snippet of Engagement Depth Classification Prompt

Classification is conducted within the GPT-based pipeline stage. The engagement depth dimension is
included as part of the same prompt that returns emotion, sentiment, sarcasm, and language labels,
ensuring consistency in the annotation process. The final prompt is implemented using a few-shot
strategy, which includes explicit category definitions (see Figure 9) and representative examples. This
design choice follows systematic testing on the 1% stratified sample of comments comparing zero-shot
and few-shot variants of the prompt. Few-shot prompting is selected based on its superior ability to
differentiate between semantically similar categories, particularly between Deep and Very Deep
responses, while maintaining alignment with defined criteria. To illustrate the model's interpretive
guidance, Table 4 presents the representative example per category, drawn directly from the finalized
few-shot prompt.

Category Example Text

Superficial "&HHBHH"

Moderate "It looks great! | love the cools in the lightning"
Deep "What white pen do you use. I've been looking for a good one for a long time"
Very Deep  "You are a huge inspiration. | am from right outside [...] but now live in [...]. I'm tight with the

guys at [...] and they said you came in a while back. | was in high school when | purchased
your paperback (with your cover). Yourself and many others have influenced me since getting
back into painting about six years ago. [...] So funny how these things work out. Take care!"

Table 4: Few-Shot Comment per Engagement Depth Category

The resulting engagement depth labels are stored alongside each comment and used as an ordinal
outcome variable in the statistical testing of Hypothesis 4. This variable complements the frequency-
based behavioral metrics by introducing an interpretive dimension of user response. While likes and
comment counts measure the extent of interaction, engagement depth captures its expressive
character, providing additional insight into how users respond to Al-generated versus human-created
content.
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4.9 User Segmentation by Exposure Pattern

This section outlines how users are segmented to operationalize the moderator variable User Exposure
Pattern, as introduced in the conceptual model (see Chapter 3.3). This segmentation forms the analytical
foundation for testing Hypothesis 5 (H5), which posits that users exposed to both Al-generated and
human-created content exhibit more differentiated emotional responses than those exposed to only one
content type.

While the dataset is structured at the comment level, segmentation occurs at the user level, based on
the anonymized userlD field. For each user, interactions with posts tagged under #aiart and
#traditionalart are analyzed to infer prior exposure. Users who comment at least once under both
hashtags are classified as having mixed exposure. All others are assigned to one of two mutually
exclusive categories: Al-only (engaged exclusively with #aiart content) or traditional-only (engaged
exclusively with #traditionalart content). This classification produces a categorical variable called User
Exposure Pattern, which is stored alongside each unique userlD in the analytical dataset.

A single comment under each hashtag type is sufficient for a user to qualify as mixed. This inclusive
approach ensures broad coverage of exposure histories while maintaining interpretive clarity. As the
segmentation relies exclusively on public, anonymized behavioral data, it adheres to privacy-by-design
and complies with ethical research standards.

The theoretical rationale for this segmentation draws on constructivist emotion theory and appraisal
theory, which emphasize that emotional evaluations depend on contextual interpretation and prior
knowledge (Barrett 2006; Smith and Lazarus 1993). By identifying users with broader exposure
histories, the study enables comparative analysis of how familiarity with both content types may
moderate affective responses. While the segmentation itself does not imply a directional effect, it serves
as a key analytical dimension for modeling potential interaction effects on emotional outcomes.

4.10 Variable Operationalization

This section summarizes the operational definitions and computational extraction procedures used to
transform raw social media data into analyzable variables. Each variable corresponds to a conceptual
construct outlined in the research model. Operationalization includes both variable definition and the
specification of measurement methods. Classification outputs are produced by automated NLP
pipelines, primarily relying on GPT-based weak labeling and, in the case of English-language emotion
labels, BERT-based refinement.

The independent variable Content Origin is derived from post-level hashtag annotations. Posts tagged
with #aiart are classified as Al-generated, while those tagged with #traditionalart are coded as human-
created. Only posts with clearly interpretable and explicit origin cues are included in the dataset. The
resulting binary variable is assigned at the post level and linked to each associated comment to enable
consistent comparison across user responses.

Transparency is embedded as a control condition within the dataset. All Al-generated content analyzed
in this study is transparently labeled as such by the content creator through the inclusion of the #aiart
hashtag. Because this disclosure is a selection criterion and does not vary within the dataset,
Transparency is not modeled as a separate predictor. However, its conceptual relevance remains
critical, as it informs the interpretive framing of Content Origin and interpretation through Supporting
Hypothesis 1 (HS1).
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The dependent variable Emotion, used to test differences in affective response, is defined according to
the GoEmotions taxonomy (Demszky et al. 2020), which includes 27 discrete emotion categories and a
neutral class. Emotion labels are assigned through a dual-stage classification pipeline, consisting of a
zero-shot GPT-based annotation applied to all comments and a BERT classifier used on the English-
language subset. Each comment receives one dominant emotion label. Metadata includes classifier
source and confidence scores, allowing for robustness checks and model transparency.

Sentiment is operationalized as a categorical evaluation of general affective tone and is classified within
the same GPT-based prompt used for emotion detection. Each comment is labeled as Positive, Neutral,
or Negative. Sentiment classification is designed for linguistic generalizability and complements the
emotion taxonomy by capturing valence in a coarse but interpretable manner. To assess internal
consistency, sentiment polarity is compared post hoc to the valence groupings of emotion labels.

Three Engagement metrics (number of likes, comments, and reshares) are recorded at the post level.
These metrics are collected via structured scraping of publicly accessible metadata and directly reflect
user interaction with visual content. Because the dataset includes only highly ranked “Top” posts, these
figures represent engagement with prominently visible content rather than a representative sample of
overall platform activity. Each metric is linked to post-level content origin and used to evaluate behavioral
response patterns.

Engagement Depth captures the qualitative richness of user responses and is defined as a categorical
variable reflecting the degree of elaboration in comment text. Each comment is categorized into one of
four levels: Superficial, Moderate, Deep, or Very Deep. The classification is generated via a GPT-based
few-shot prompt, which includes explicit definitions and illustrative examples. This variable introduces
an interpretive dimension to user interaction and complements the frequency-based engagement
metrics by capturing expressive intensity.

The variable User Exposure Pattern functions as a moderator in the analysis. It is derived by analyzing
user-level behavior based on anonymized userlDs. Users are categorized into three groups: Al-only
(engaged exclusively with Al-generated content), Traditional-only (engaged exclusively with human-
created content), and Mixed (engaged with both types). This categorical variable reflects differential
exposure histories and enables the analysis of interaction effects with Content Origin on emotional
outcomes.

Two additional variables are produced as part of the GPT-based annotation pipeline but are not directly
entered into the analytical models. Language is inferred for each comment and used to determine
eligibility for secondary classification by BERT. English-language comments are routed through both
GPT and BERT pipelines, while all others are retained with GPT-only annotations. Sarcasm is also
detected via GPT. Rather than being used as a modeling variable, sarcasm detection is employed as a
conservative filtering mechanism: comments flagged as sarcastic, either definitively or tentatively, are
excluded from emotion and sentiment analyses to preserve classification validity and interpretive
reliability.

Table 5 provides an overview of all variables used in statistical modeling, including their data type,
computational source, and preprocessing steps. It includes variables that serve as predictors, outcomes,
or moderating factors in hypothesis testing.
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i Measurement / .
Variable Type . Preprocessing / Notes
Labeling Source

Content Origin Binary Hashtag-based Only posts with clearly labeled origin are
(#aiart, #traditionalart) included.
Transparency Binary (control) Implicit via hashtag  All Al content is included only if transparently
inclusion disclosed by the creator; variable does not vary
and is not modeled.
Emotion Categorical GPT (multilingual), Harmonized to GoEmotions taxonomy. BERT
(28 classes) BERT (English) overrides GPT for English.
Sentiment Categorical GPT Derived from GPT zero-shot label;
(positive, cross-validated with emotion polarity.
neutral,
negative)
Engagement Metrics Continuous Post metadata (API) Likes, comments, reshares.
Engagement Depth Categorical GPT (few-shot Labels: Superficial, Moderate, Deep, Very
(4 classes) prompt) Deep.
User Exposure Pattern Categorical Derived from userlD  Al-only, Traditional-only, or Mixed based on
(3 classes) behavior comment history.
Language Categorical GPT Used for routing to BERT; flagged for emoji-
dominance.
Sarcasm Categorical GPT Labeled for exclusion; comments flagged as
(Yes/Maybe/No) sarcastic are removed from affective analyses.

Table 5: Operationalization of Variables

4.11 Statistical Analysis

This chapter outlines the statistical procedures used to evaluate the study’s five primary hypotheses
(H1-H5), grounded in the analytical framework established. All analyses are pre-specified and selected
to ensure robust estimation, transparent assumptions, and appropriate treatment of the dataset’s scale
and structure. Adjustments are permitted only in cases of significant model assumption violations and
must remain within the same statistical family, in line with methodological guidance by Recker (2021).

In accordance with this framework, statistical tests are chosen based on the nature of the variables
involved and implemented using Python with specialized libraries. Where appropriate, model
diagnostics, effect size measures, and post hoc comparisons are employed to ensure analytical rigor
and interpretive clarity. The analytical approach follows principles outlined by Agresti (2018), Cameron
and Trivedi (2013), Hilbe (2011), and Wilcox (2012).

Because our focal construct is the overall distribution of audience emotions by content origin, all x? tests
are computed on the full comment pool, treating each comment as an independent sample conditional
on origin. The large number of distinct posts and users makes any residual intra-class correlation more
likely to attenuate effect sizes than to inflate Type | error. Hence, the results should be interpreted as
average marginal tendencies rather than post- or user-specific effects.

4.11.1 Emotion Distribution (H1)

This test evaluates whether the distribution of user-reported emotions differs between comments on Al-
generated versus human-created artwork. The dependent variable is the dominant emotion assigned to
each comment, categorized according to the 28 GoEmotions labels (Demszky et al. 2020). To estimate
the effect of content origin on emotional responses, a baseline-category multinomial logit (MNL) model
is employed. The reference category is neutral, and for each other emotion category c € {1, ...,27}, the
model estimates the log-odds of observing category c relative to neutral as a linear function of origin:
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P Y = . .
log( s C)/P(Yi _ neutral)) = Poc + P1c X Origin,

where:

Yi is the dominant emotion label for comment i,

Origin; € {0,1} denotes the content origin (Human = 0, Al = 1),

And B, . captures the log-odds shift for emotion category c relative to neutral.

Hypothesis testing is conducted using Wald x? statistics to jointly assess the null hypothesis that content
origin has no effect on emotional expression:

Hy: 1. = 0 for all ¢ # neutral

For each emotion category, the effect size is interpreted via the odds ratio (OR), calculated as:

OR. = exp(Bic)

This quantifies the multiplicative change in the odds of observing emotion c (versus neutral) when
content origin shifts from Human to Al. To support interpretation, average predicted probabilities (APPs)
for each emotion are computed by origin group and visualized with 95% bootstrapped confidence
intervals (Cl). Emotion categories with sparse occurrence counts are monitored, and coefficients for
categories with insufficient support (e.g., n < 10) are flagged. If necessary, such categories are collapsed
or removed to maintain model stability (Agresti 2018).

4.11.2 Sentiment Polarity (H2)

To evaluate whether sentiment polarity differs by content origin, a Pearson Chi-square test of
independence is performed on a 2 x 3 contingency table, crossing Content Origin (Al vs. Human) with
Sentiment (Negative / Neutral / Positive). The test statistic is computed as:

2 3
x% = Z (Orc — Erc)z/E ) with E,. = (row,) (COlc)/N
rc
1

r=1c=

where 0,. and E,. denote the observed and expected frequencies for cell (r, c), respectively, and N is
the total number of observations. The resulting statistic follows a y? distribution with 2 degrees of
freedom under the null hypothesis of independence, provided that at least 80% of expected counts
exceed 5 (Agresti 2018). The null hypothesis tested is:

Hy: Sentiment is independent of Origin

The effect size is reported using Cramér’s V, a normalized measure defined as:

V= ,/XZ/N(;( - 1)’ where k =min(2,3) =2

A 95% confidence interval around Cramér's V is also reported. If the omnibus x?* test is significant,
standardized residuals are inspected to identify which sentiment categories deviate from expectation
(Wickens 2014). To isolate specific contrasts, Holm-corrected pairwise 2 x 2 x? tests are applied (Wilcox
2012), controlling for multiple comparisons.

To verify the construct validity of the sentiment classification, GPT-derived Sentiment labels are
compared against valence codes mapped from the 28 GoEmotions categories (Positive / Neutral /
Negative). A second Pearson x* test assesses distributional independence, and Cohen’s k quantifies
classification agreement. Values of k = .80 are interpreted as strong concordance (McHugh 2012), and
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residuals are reviewed to detect systematic mismatches. This cross-check strengthens confidence in
the sentiment classification as a valid proxy for emotional valence.

Together, these analyses evaluate whether content origin systematically shifts the affective polarity of
audience reactions and confirm that the sentiment variable is internally consistent with the emotion-
based framework introduced in H1. As established, results reflect average marginal tendencies across
the deduplicated dataset.

4.11.3 Engagement Volume (H3)

To test whether the volume of behavioral engagement differs by content origin, separate Negative
Binomial Regression (NBR) models are estimated for three dependent variables: Likes, Comments, and
Reshares. Each is measured as a count variable, with Content Origin (Al vs. Human) serving as a binary
predictor. Unlike H1-H2, the unit of analysis here is the post, because engagement counts accrue to
the post rather than the individual comment. Given the observed right-skew and overdispersion typical
of social media engagement data, NBR is preferred over Poisson regression due to its inclusion of a
dispersion parameter and greater robustness to variance inflation (Cameron and Trivedi 2013; Hilbe
2011).

Formally, let Y; be the observed count for post i with mean y;. A Poisson model assumes Var(Y; ) = y;,
whereas the negative binomial generalizes this with an overdispersion parameter a > 0, such that:

Var(Y;) = w + ap?
The mean y; is modeled via a log link function:
log(w) = By + By X Origin,, with  Origin; € {0,1} (Human =0, A = 1)
Maximum-likelihood estimation yields f3;, whose exponentiation gives the incidence-rate ratio (IRR):

IRR = exp(,fﬂ)

This quantity reflects the multiplicative change in expected engagement volume when the content origin
shifts from human to Al.

Each NBR model reports model-based predicted means with 95% confidence intervals to aid
interpretation. Overdispersion is quantified using the model’s theta (6) parameter, and Wald z-tests are
used to evaluate the statistical significance of the origin coefficient. Model assumptions are validated
via residual diagnostics, which also help identify potential outliers, especially viral posts with high
leverage.

If structural zeros account for more than 20% of observations for any outcome, most plausibly in the
case of reshares, a zero-inflated negative binomial model is estimated as a robustness check (Agresti
2018).

This modeling approach provides a distributionally appropriate test of whether content origin predicts
variation in engagement volumes across distinct user behaviors. It complements the categorical
analyses in H1 and H2 by targeting continuous response patterns in user interaction data while
maintaining methodological alignment with prior sections.

4.11.4 Engagement Depth (H4)

To assess whether the distribution of engagement depth differs between Al- and human-generated art,
a Pearson x* test of independence is conducted on a 2 x 4 contingency table, crossing Content Origin
(Al vs. Human) with Engagement Depth, categorized into four qualitatively distinct levels (Superficial/
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Moderate/ Deep/ Very Deep). These categories represent distinct degrees of user interaction and are
treated as nominal.

The statistical procedure, including the formulation of the x? statistic, distributional assumptions, and
effect size reporting via Cramér's V, follows the definition introduced in 4.11.2 (Agresti 2018).
Specifically, the test evaluates whether engagement depth is independent of content origin and reports
a x?(3) statistic. Assumption checks ensure that at least 80% of expected cell counts exceed 5, in line
with standard recommendations (Field et al. 2012; McHugh 2012). Where this criterion is met,
significance is interpreted using the omnibus test and standardized Pearson residuals identify individual
depth levels that contribute most strongly to the observed association (Wickens 2014).

To complement the x* test and provide model-based effect sizes, a baseline-category multinomial logit
model is estimated with Engagement Depth as the outcome and Content Origin as the sole predictor.
This procedure, previously defined in Chapter 4.11.1 (Agresti 2018), treats the Superficial category as
the reference. The model estimates the log-odds of deeper engagement levels as a function of origin,
and odds ratios quantify the multiplicative change in likelihood when comparing Al- to human-generated
content. In combination, the chi-square and multinomial analyses provide a methodologically coherent
test of whether content origin shapes how deeply users engage across distinct categories of interaction.

4.11.5 User Exposure Pattern (H5)

This hypothesis tests whether the emotional effect of content origin is moderated by users’ exposure
pattern. Specifically, it evaluates whether users who engage with both Al and traditional artworks
(“Mixed”) respond differently than those exposed to only one content type (“Al-only” or “Traditional-
only”).

A baseline-category multinomial logit model is fit with L, regularization to account for sparse cells,
particularly in the Mixed group. Let Origin; € {0,1} (Human = 0, Al = 1), and define two exposure
indicators: D;; = I[Expo; = Al-only], and D;, = I[Expo; = Mixed]. For each non-neutral emotion c, the
log-odds are modeled as:

2
P(Y;=c ;o ;o
log( (¥ )/p(yl. = neutral)) = Boc + P1c X Origin; + Z[ﬁzak X Dixe + Bac,e X Origing X Dy]
k=1
To test moderation, we evaluate the joint null hypothesis Hy: 5., = 0 for all c # neutral via a
bootstrap-based Wald x? test. We draw 1,000 stratified resamples, re-fit the ridge-MNL, and compute
empirical p-values based on the resulting x? distribution.

For each exposure group g € {Al — only, Mixed}, interaction effect sizes are reported as odds ratios
ORgy. = exp(Psc4) With 95% bootstrap percentile confidence intervals. Holm-adjusted p-values account
for multiple comparisons.

To illustrate practical differences, APPs are calculated across all Origin x Exposure combinations.
Emotion categories with zero support in any exposure group are excluded, others are retained
regardless of frequency due to model regularization.

This specification extends the categorical modeling logic of H1 while ensuring valid inference under
sparsity via regularization and bootstrapping (Agresti 2018; Hilbe 2011; Recker 2021).
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4.11.6 Summary of Statistical Procedures

The table below summarizes the statistical tests and variables implemented to test hypotheses H1-H5,
providing a consolidated overview of the analytical design. All results are interpreted as average
marginal tendencies drawn from the deduplicated dataset.

Hypothesis  Variables (IV — DV) Primary Test/ Model Effect Size metric (primary)
H1 Content Origin — Emotion Baseline-category MNL  OR (per emotion)
H2 Content Origin — Sentiment Pearson x* (2 x 3) Cramér's V
Validation Sentiment < Emotion Valence Pearson x* Cohen’s k
H3 Content Origin — Likes / Comments NBR (three models) IRR
/ Reshares
H4 Content Origin — Engagement Pearson x* (2 x 4) Cramér’s V (supplementary
Depth ORs from MNL)
H5 Content Origin x Exposure Pattern  Ridge-penalized MNL Interaction ORs
— Emotion

Table 6: Statistical Procedures

4.11.7 Overview of Analytical Environment

All analyses in this study are implemented in a Python 3.12 environment configured for reproducibility,
scalability, and integration with both statistical and NLP pipelines. Package versions are pinned
throughout to ensure stable outputs across iterations of modeling, annotation, and evaluation.

The software architecture supports all core procedures outlined in preceding sections, including dual-
stage emotion classification, regularized MNL estimation, and bootstrapped statistical inference.
Annotation results are stored in intermediate parquet files and incrementally merged into a harmonized
analysis dataset. All modeling inputs, outputs, and diagnostics are stored to ensure transparency and
auditability.

Table 7 summarizes the libraries and frameworks used, organized by analytical function and aligned
with the methodological steps they support. The exact library versions used are documented in a
reproducibility-focused requirements.txt file, included in Appendix C.

Component Library Application
Data Handling & Numerics  pandas Structuring and transforming tabular data
numpy Numerical operations, matrix transformations
scipy Bootstrap routines and distributional inference
NLP Classification transformers Loading and applying BERT-based emotion classifier
huggingface-hub Retrieval and versioning of fine-tuned BERT model
torch Backend execution for transformer inference
openai GPT-40-mini API calls for zero-shot weak labeling
Statistical Modeling statsmodels Estimating MNL, negative binomial, and zero-inflated models
scikit-learn Ridge-penalized logit models, stratified bootstrapping

Table 7: Core Libraries and Packages

This configuration ensures coherence between statistical estimation and annotation logic, with model
outputs feeding directly into hypothesis testing. All code is executed with deterministic seeds, and
runtime metadata is archived to facilitate replication and future robustness checks.
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4.12 Methodological Limitations

This chapter outlines the primary methodological limitations of the study, reflecting constraints in data
collection, annotation quality, model assumptions, and interpretive scope. While the analyses offer
meaningful insight into how audiences engage with Al-generated versus traditional artwork, they do so
under conditions that reflect the present state of generative Al, platform-specific structures of Instagram,
and the available computational tools. The following limitations define the boundaries within which the
findings should be interpreted.

4.12.1 Data Collection and Sampling

The dataset is sourced exclusively from the Top tab of selected hashtags on Instagram, capturing highly
visible and algorithmically boosted content. As a result, the analysis generalizes to high-engagement art
posts but does not represent the platform’s long-tail of lower-visibility or niche content.

Data collection spans a fixed one-month window (8 March - 8 April 2025), introducing potential short-
term fluctuations or seasonal effects. In the evolving domain of generative Al, where adoption and
perception shift rapidly, the findings reflect a specific moment in time rather than a stable or enduring
pattern of interpretation.

Only the first page of comments per post is available for analysis, which limits access to deeper or more
contentious sub-thread discussions. This constraint yields a broad overview but not a complete picture
of user emotion in comment sections.

The classification of content origin relies on the presence of hashtags (e.g., #aiart). Posts without such
tags are excluded and mislabeling may occur in both directions. The analysis presumes that users notice
and interpret these tags as origin signals, but no observational or survey data confirm this assumption.
In practice, hashtags are positioned below content descriptions and often remain collapsed by default,
raising uncertainty about user exposure to the label.

The operationalization of User Exposure Pattern (Al-only, Traditional-only, Mixed) is restricted to
interactions within the collected dataset. User activity outside the one-month window or on other
platforms remains unobservable.

4.12.2 Measurement and Annotation

Emotion and sentiment labels are generated through a hybrid GPT-BERT classification pipeline. The
BERT model, trained on Reddit and evaluated on GoEmotions, achieves a macro-F1 score of
approximately 0.46, and may underperform on Instagram due to differences in language style, tone, and
platform norms. The GoEmotions corpus itself introduces known structural biases that constrain
generalizability. Its Reddit-based sample under-represents emotional phrasing common among female,
multilingual, and non-Western users, while profanity filtering reduces the model’s sensitivity to strong
negative affect. Annotation by native English speakers in India may further limit cross-cultural emotion
recognition, especially for dialects and pragmatic cues common on Instagram (Demszky et al. 2020).

The pipeline introduces label noise and systematic category misclassification. These inaccuracies may
bias category-specific effect estimates. The pipeline also enforces a single dominant emotion per
comment, which discards co-occurring emotions and potentially oversimplifies complex affective
expression.

Non-English comments are retained where GPT assigns a label, but cross-linguistic differences may
result in semantic misinterpretation. Emotion and sentiment classifications for these comments originate
from the same pipeline, which may inflate « statistics in validation tests due to shared error sources.
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Sarcasm detection is implemented through a simple GPT-based flag, which may miss subtle or culturally
embedded irony, leaving residual contamination in emotion estimates.

4.12.3 Model Assumptions and Statistical Inference

All models assume independence of observations, yet comments are nested within posts and users.
This nesting structure is unmodeled and intra-class correlations are not reported. Standard errors may
therefore understate true variance.

To address sparse category counts, emotion labels with fewer than 10 observations are collapsed or
removed. This rule is defined ex ante but executed data-dependently, which may affect type | error rates
and model sensitivity.

The study includes a high number of simultaneous statistical tests, 27 for H1 and 54 for H5. Although
Holm correction is applied, the risk of family-wise error inflation remains nontrivial.

In H3, the use of Negative Binomial Regression assumes a constant dispersion parameter (a). If over-
dispersion varies substantially across posts, content types, or hashtag clusters, the assumption may be
violated. For outcomes like Reshares, which may display structural zeros, zero-inflated models are
employed where necessary, but residual model misfit may persist.

Regarding H4, engagement depth is treated as nominal, avoiding the imposition of an ordinal structure.
While this conservatively respects the informality of social-media engagement, it also sacrifices
statistical power and precludes the use of ordered-logit models.

The three-way MNL model used in H5 introduces additional complexity and parameter expansion.
Infrequent combinations of exposure group and emotion category result in sparse cells, which may
destabilize estimation and limit interpretability.

4.12.4 External Validity and Interpretation

All findings are derived from data collected on Instagram, a platform that prioritizes visual engagement,
aesthetic signaling, and algorithmic curation. The results may not generalize to text-oriented or less
visually driven platforms.

The study adopts a cross-sectional design, offering a snapshot of behavior rather than insight into
longitudinal dynamics, habit formation, or causal change in user sentiment.

Behavioral metrics serve as observable proxies for user engagement, but they do not directly measure
internal attitudes. Private interactions, shares or prolonged viewing are not captured. While emotion
classification enhances interpretability, it cannot fully resolve this inferential gap.

Finally, the study lacks demographic metadata. User characteristics such as age, geography or artistic
expertise may moderate the effect of content origin, but they remain unobserved due to platform
limitations and data protection considerations.

4.12.5 Technical Constraints

The dataset is collected using a third-party scraping interface, which operates outside the official
Instagram API. Although effective at the time of collection, this method may become unavailable due to
platform updates or enforcement of Terms of Service, posing risks to replication and continuity.

Manual validation is conducted on a stratified audit sample, which supports initial pipeline assessment
but lacks sufficient scale to detect systematic labeling errors across emotion categories or languages.
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4.13 Ethical Considerations

This study involves large-scale computational analysis of user-generated content from Instagram. While
all comments are publicly accessible and collected without authentication, ethical considerations arise
concerning data protection, user expectations, affective inference, and algorithmic responsibility. The
research protocol adheres to the standards of computational social science, complies with the General
Data Protection Regulation.

Data collection proceeds under the lawful basis of legitimate interests (European Union 2016, Article
6(1)(f)). User identifiers are irreversibly hashed using a salted SHA-256 function, and no re-identification
key is retained. Raw comments are stored in pseudonymised form, separated from metadata on
encrypted, access-restricted infrastructure. Although fully anonymised data is not achieved under GDPR
definitions, identifiability is minimized through technical safeguards and strict access control. Raw
comment text is retained for a maximum of twelve months, solely for reproducibility and audit, after
which it will be securely deleted. While the automated collection of Instagram comments formally violates
the platform’s Terms of Use, current scholarship recognises such scraping as ethically permissible when
limited to public content, conducted without authentication, and rate-limited for academic research
(Junger 2023). In line with the principle of contextual integrity (Nissenbaum 2010), the reuse of publicly
visible comments is considered appropriate. The data is shared in a public forum, analysed exclusively
in aggregate, and never quoted verbatim. The dataset is limited to fields required for hypothesis testing.
No images, location data, biographies, or follow relationships are retained. All data handling complies
with GDPR on data minimisation (European Union 2016, Article 5(1)(c)), ensuring that only the minimum
necessary information is collected and processed for the research objectives.

Emotion and sentiment are inferred using a hybrid GPT-BERT pipeline. As discussed in Chapter 4.12.2,
these models are trained on data with known demographic and linguistic biases and may fail to capture
dialectal variation or culturally embedded affect. Profanity filtering in the GoEmotions training corpus
further limits sensitivity to strong negative emotions. Model outputs are therefore used for aggregate
pattern analysis only, and no individual-level inference is attempted.

Given that affective inference may involve sensitive psychological attributes such as emotional tone, the
study refrains from releasing any raw or pseudonymised comments. Instead, outputs are restricted to
statistical summaries and synthetic or masked exemplars.

Taken together, these measures aim to ensure that the study remains transparent, ethically sound, and
privacy-respecting, while enabling reproducible and socially beneficial research.

4.14 Methodological Reflections and Trade-offs

This chapter reflects on the methodological design decisions, considering the logic behind key trade-
offs and what they imply for the evidential scope of the study. Rather than reiterating individual
limitations, we clarify how competing priorities, scalability, interpretability, cultural fit and legal
compliance, are balanced in constructing the pipeline.

The pipeline’s primary strength lies in its scalability: affective and behavioral labels are extracted for
tens of thousands of comments at low cost. This throughput enables statistical modeling with rich
covariates but comes at the price of interpretability. Each label is model-dependent, and LLM decisions
are not fully auditable. We mitigate this opacity by storing model confidence scores, manually auditing
a subsample, and triangulating results between GPT and BERT, but a formal error-propagation model
remains a priority for future research.
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Breadth is achieved through multilingual, zero-shot annotation, which captures non-English and emoji-
rich expressions across Instagram’s global user base. However, the classification taxonomy is English-
centric and BERT only processes English text. This creates a mismatch between global language
diversity and the tools that are used to model affective response. A language-adaptive pipeline, trained
on region-specific corpora, could improve cultural fit in future replications.

The legal and ethical design prioritises GDPR compliance over analytical completeness. Hashing, data
minimisation, and a retention limit reduce identifiability risk but also eliminate contextual metadata such
as profile language or network size that might enrich interpretation.

The study is hypothesis-driven in structure but exploratory in execution. Operational constructs such as
user exposure and engagement depth are novel and platform specific. This hybridity enables
responsiveness to real-world data but limits construct validity, especially for engagement depth, which
lacks external validation. A priority for future work is to validate the ordinal assumptions behind the four-
level depth scheme, for instance by comparing it to user-rated scales.

Methodologically, the architecture is robust. Its modular structure allows for component-wise updates,
from scraper to classifier to statistical model, without redesigning the entire workflow. The ethics-by-
design framework based on GDPR principles, pseudonymisation, and transparent variable selection
scales effectively without introducing administrative or computational overhead.

In sum, the approach reflects a calculated balance: scalable affect mining and ecological realism
constrained by partial interpretability, cultural specificity, and causal certainty. This trade-off is justified
by the scope and intent of the study but also defines the boundaries of inference. Future refinements
should focus on cultural adaptation, human-in-the-loop validation, and statistical modeling that captures
the nesting and temporality of social media discourse. This chapter closes the methodological arc of the
thesis, situating the results that follow within a clearly bounded evidential frame.
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5 Results

This chapter presents the empirical results of the study, organized by the five research hypotheses (H1—
H5) introduced in Chapter 3 and operationalized in Chapter 4. Findings are structured by hypothesis
and supported by descriptive statistics, model estimates, and visual summaries where relevant. The
results are based on a harmonized dataset of 64,806 user comments, annotated for emotion, sentiment,
and engagement attributes through a dual-stage NLP pipeline. Statistical procedures match the data
structure for each hypothesis and include chi-square tests, count models, and multinomial logistic
regression.

5.1 Descriptive Summary of the Dataset

This section presents a descriptive summary of the dataset used for primary and comparative analyses.
It outlines the final sample size after filtering as well as the distribution of comments by content origin
and language.

The dataset used for hypothesis testing consists of user comments posted under the hashtags #aiart
and #traditionalart. Following removal of sarcastic or pinned comments, invalid GPT-classified emotion
categories, and duplicate entries, the final multilingual sample includes N = 64,806 comments.

Raw Data 65,843
Sarcasm & isPinned Filter 970
Invalid emotion classification 55
Deduplication 12
Final Dataset 64,806

Table 8: Dataset Overview

Of the multilingual sample, Ny = 14,293 comments are classified as English-language and serve as the
basis for BERT-based classification.

aiart traditionalart
Multilingual Dataset 43,541 (67.2%) 21,265 (32.8%)
English subset 7,142 (50.0%) 7,151 (50.0%)

Table 9: Content Origin Distribution

To support classifier evaluation, a stratified 2% audit sample was drawn from each origin group, yielding
143 comments from #aiart and 144 from #traditionalart.

The final multilingual dataset includes 64 identified languages, including emoji-only and emoji-dominant
classification. The most common languages within each origin category are summarized below, with
less common languages aggregated into “Other”.
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Figure 10: Language distribution by content origin

Emoji-based and multilingual comments are included in the main analyses and annotated using the
GPT-based classifier. Only English-language comments are passed through the secondary BERT
classifier.

5.2 Classifier Concordance and Validation

This chapter summarizes validation procedures conducted to assess the agreement between classifiers
and the internal consistency of their output. While not part of hypothesis testing, these steps enhance
the transparency and robustness of the emotion classification pipeline. Validation is conducted through
three complementary procedures: a manual audit of annotation plausibility, automated label comparison
between GPT and BERT classifiers, and polarity-level concordance checks based on mapped sentiment
categories.

5.2.1 Plausibility Audit of Classifier Outputs

To assess the face validity of the emotion labels assigned by each classifier, a 2% stratified audit sample
(n = 287) of English-language comments is manually reviewed. This audit evaluates the plausibility of
labels produced by the GPT- and BERT-based classifiers without assuming either as ground truth. Each
label is assessed relative to the comment content, and summary metrics are calculated to reflect
agreement with human judgment.

BERT yields an accuracy of 0.756, a macro-averaged F1-score of 0.548, and a Cohen’s k of 0.698.
These values indicate high correspondence with human-judged plausibility. In contrast, the GPT-based
model achieves lower performance on the same sample, with an accuracy of 0.557, macro-F1 of 0.360,
and k of 0.464. Performance metrics for both models, benchmarked against human plausibility, are
depicted in Table 10.

model accuracy macro_F1 kappa

GPT  0.557 0.36 0.464
BERT 0.756 0.548 0.698

Table 10: Human Audit: Agreement Metrics for GPT and BERT
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These audit results support the use of BERT as the preferred classifier for the English-language subset.
They also provide an empirical basis for the harmonization protocol, in which BERT labels override GPT
labels when available.

5.2.2 Agreement Between GPT and BERT Classifiers

This section reports on classifier agreement between the GPT- and BERT-based models across the full
English-language subset. The comparison is based on aligned dominant emotion labels assigned by
each classifier to the same input comment. GPT labels are used as a comparison baseline, without
implying ground truth.

BERT achieves an overall accuracy of 0.436 relative to GPT labels, with a macro-averaged F1-score of
0.254 and a Cohen’s k of 0.319. Performance varies across emotion categories, with particularly low
alignment among affectively adjacent labels such as admiration, approval, excitement, and joy.
Additionally, comments misclassified as English by the GPT-based language filter are typically labeled
as neutral by BERT. To visualize classifier divergence, a row-normalized confusion matrix is computed,
showing the distribution of BERT predictions for each GPT label.
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Figure 11: Confusion Matrix (GPT rows x BERT columns)

In addition to label-level agreement, classifier confidence is examined to assess model certainty. The
average BERT confidence score across the English subset is 0.808, with notable variation by emotion
label. GPT displays a slightly higher average confidence (0.848) but with tighter clustering across
classes. Summarized distributions of classifier confidence are included in Appendix D for reference.

These findings support the harmonization procedure, in which BERT predictions are retained for
English-language comments while GPT labels govern the remaining multilingual corpus.
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5.2.3 Consistency of Sentiment Polarity Derived from Emotion Labels

This section evaluates the internal consistency of the classification pipeline by comparing sentiment
polarity derived from GPT- and BERT-assigned emotion labels. Each emotion label is mapped to one
of three sentiment polarity categories: Positive, Ambiguous, or Negative based on the GoEmotions
taxonomy (Demszky et al. 2020). The goal of this procedure is to assess whether the two classifiers
yield convergent affective interpretations at the sentiment level, despite discrepancies observed at the
fine-grained emotion level.

The metrics indicate substantial polarity-level alignment between GPT and BERT emotion labels, with
an overall accuracy of 0.811, a macro-averaged F1-score of 0.702, and a Cohen’s k of 0.628.
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Figure 12: Confusion Matrix for Sentiment Polarity Agreement

These results substantiate the use of sentiment polarity as a complementary dimension to discrete
emotion classification and reinforce its value to evaluate consistency within the annotation pipeline.

5.3 Emotional Response (H1)

This section reports results from a multinomial logit (MNL) model testing the effect of content origin (Al-
generated vs. human-created) on the distribution of discrete emotional expressions in user comments.
The model treats the dominant emotion label as the dependent variable and uses content origin as the
sole predictor. The reference category is neutral, and effects are expressed as ORs relative to this
baseline. Bootstrapped APPs for each emotion are also reported. Results are presented separately for
the full multilingual dataset and the English-only subset.

5.3.1 Model Summary and Screening Procedure

Prior to modeling, rare emotion categories with fewer than 10 observations were removed
(Embarrassment, Nervousness, Relief). A total of 64,789 observations were retained in the final model
(English-only: 14,288). Both models converge and pass joint significance tests.

The pseudo-R? values indicate that the models explain a small portion of total variance, as is typical in
text-based multinomial classification settings. However, the Wald x? values confirm that the predictor
variable (content origin) contributes significantly to the model fit in both samples.
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Full Sample Model English-Only Model

N 64,789 14,288
Log-Likelihood (null) -119,403 -27,564
Log-Likelihood (full) -119,013 -27,222
McFadden pseudo-R*>  0.003 0.012

Wald 3, p 722.6, p <.001 655.0, p <.001

Table 11: Model Summary Statistics for Multinomial Logit Regression on Emotion Labels

5.3.2 Emotion-Specific Effects: Odds Ratios and Predicted Probabilities

This section presents the estimated effect of content origin on emotion labels in the full sample (N =
64,789), based on a multinomial logit model. The model uses the dominant predicted emotion as the
outcome variable and compares the likelihood of each emotion occurring under Al-generated versus
human-created content. The reference category is neutral.

Table 12 reports results for key emotion categories, displaying the odds ratio (OR) of each emotion
under Al versus human origin, along with the corresponding average predicted probability difference
(A(APP)). Emotions are ordered by OR, with values above 1 indicating an increased relative likelihood
under Al origin, and values below 1 indicating a decreased likelihood. While ORs capture the relative
shift in classification odds, A(APP) shows the absolute change in predicted expression rates. Full
estimates, including non-significant effects, are provided in Appendix E.

Emotion OR 95% CI (OR) p-value A(APP)
disapproval 3.22 [2.31-4.49] <.001 +0.0043
amusement 1.94 [1.72-2.20] <.001 +0.0173
joy 1.74 [1.55-1.94] <.001 +0.0170
caring 1.70 [1.48—1.94] <.001 +0.0101
annoyance 1.59 [1.11-2.29] .012 +0.0010
anger 1.38 [1.01-1.89] .038 +0.0010
sadness 1.34 [1.13-1.59] .001 +0.0031
confusion 1.28 [1.10-1.49] .001 +0.0033
love 1.12 [1.05-1.19] <.001 +0.0181
surprise 0.82 [0.69-0.98] .032 —-0.0010
admiration 0.90 [0.85-0.95] .001 —0.0490
curiosity 0.62 [0.55-0.70] <.001 —0.0090
excitement 0.51 [0.44-0.59] <.001 —0.0090
optimism 0.49 [0.31-0.78] .003 —0.0009

Table 12: Emotion-specific effects of Al origin relative to human content

Notable shifts in the full dataset include increased predicted rates of love (+1.8pp), amusement (+1.7pp),
and joy (+1.7pp), alongside a decrease in admiration (—4.9pp) and curiosity (—1.0pp) under Al origin.

5.3.3 Effects in the English Subset

This section re-estimates the multinomial logit model on the English-only subset (N = 14,288), using
BERT-based emotion labels to assess whether the effect of content origin (Al vs. human) on emotion
expression remains stable under high-confidence, monolingual conditions. Five rare categories with n
< 10 were removed prior to modeling due to insufficient support (embarrassment, nervousness, relief,
pride, grief).

Compared to the multilingual full dataset, the English-only model achieves a higher McFadden pseudo-
R? (0.012 vs. 0.003), indicating that origin explains a slightly greater share of variance when language
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is controlled. In both datasets, the omnibus Wald test rejects the null hypothesis of no content origin
effect (Wald x? = 655.0, df = 22, p <.001).

Table 13 reports odds ratios (ORs) and average predicted probability differences (A(APP)) for emotion
categories ordered by OR. Confidence intervals are shown for ORs. A(APP) values represent absolute
shifts in predicted probabilities under Al versus human origin. Non-significant effects (p > .05) are
indicated. Full estimates and A(APP) confidence intervals are provided in Appendix F.

Emotion OR 95% CI (OR) p-value A(APP)
disapproval 2.37 [1.46-3.83] <.001 +0.0090
annoyance 1.61 [1.04-2.49] .032 +0.0069
fear 1.23 [0.57-2.63] .584 +0.0015
anger 1.17 [0.75-1.82] 478 +0.0042
caring 0.88 [0.54—1.45] .638 +0.0019
amusement 0.81 [0.57-1.15] .246 +0.0031
confusion 0.77 [0.50-1.19] .249 +0.0017
joy 0.76 [0.54—-1.09] 141 +0.0025
sadness 0.75 [0.53-1.05] .096 +0.0025
approval 0.73 [0.58-0.92] .010 +0.0052
curiosity 0.59 [0.50-0.69] <.001 +0.0009
excitement 0.50 [0.40-0.63] <.001 —-0.0030
optimism 0.49 [0.30-0.82] .006 —-0.0006
love 0.40 [0.36-0.45] <.001 —-0.0554
admiration 0.38 [0.34-0.41] <.001 —-0.1341

Table 13: Emotion-Specific Effects of Al Origin in the English Subset

In the English subset, admiration (—13.4pp) and love (—5.5pp) show the largest decreases in predicted
probability under Al content. Disapproval (+0.9pp) and annoyance (+0.7pp) show the most pronounced
increases.

5.3.4 Visual Comparison: Full Sample vs. English Subset

To enable direct comparison of emotion-level effects across both models, Figure 13 visualizes the
average predicted probability differences (A(APP)) by emotion. Each bar represents the change in
predicted probability of an emotion being assigned to a comment under Al-generated versus human-
created content. Every emotion appears twice—once for the multilingual dataset and once for the
English-only subset.
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Figure 13: Predicted Probability Differences (A(APP)) by Emotion and Dataset

Figure 13 displays the predicted probability differences (A(APP)) for key emotions across the multilingual
and English-only datasets. Most emotions show similar directional trends, but effect sizes vary.

Disapproval increases under Al origin in both datasets, with a stronger shift in the English subset.
Amusement, joy, and caring show notable positive shifts in the full dataset, but these effects weaken in
the English subset. Love shifts from a positive A(APP) in the full model to a negative value in English.
Admiration shows a stronger decrease in the English subset than in the full dataset.

All A(APP) values shown are based on Table 12 and Table 13. Full estimates are reported in Appendix
E and F.

5.4 Sentiment Polarity (H2)

This section reports the results for Hypothesis 2, which examines whether the valence of user sentiment
differs depending on whether the content is Al-generated or human-created. Sentiment is classified
using a three-level polarity scheme, Negative, Neutral, and Positive, assigned through GPT-based zero-
shot annotation across the full multilingual dataset (N = 64,806). The analysis includes descriptive
patterns, a statistical test of association, and examination of residuals and pairwise contrasts.

5.4.1 Distribution of Positive, Neutral, and Negative Labels

A descriptive overview of the sentiment distribution across the two content origin groups is shown in
Table 14. While the absolute counts are higher for Al-generated content due to its larger share in the
dataset, proportionally distinct patterns are visible.
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Sentiment Al-Generated Traditional art

Negative 1,563 473
Neutral 5,619 2,401
Positive 36,359 18,391

Table 14: Frequency of sentiment categories by content origin (GPT-classified)

Visualizing these proportions, Figure 14 shows a stacked bar chart with row-normalized sentiment
shares per origin group. Compared to human-created posts, Al-generated content is associated with a
lower proportion of Positive sentiment, and higher proportions of Neutral and Negative sentiment.
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Figure 14: Sentiment distribution by content origin

5.4.2 Chi-Square Test and Effect Size

A chi-square test of independence is conducted to assess the relationship between content origin and
sentiment distribution. The test yields a highly significant result: x3(2) = 129.88, p < .001, indicating that
the distribution of Negative, Neutral, and Positive sentiment labels differs systematically depending on
whether the content is Al-generated or human-created.

The strength of this association, measured using Cramér’s V, is 0.045, with a 95% confidence interval
of [0.038, 0.053]. According to conventional benchmarks, this reflects a small but reliable effect size.
While sentiment polarity is clearly associated with content origin, the effect accounts for only a limited
portion of the total variation in responses.

5.4.3 Standardized Residuals and Pairwise Differences

To understand which sentiment categories contribute most strongly to the observed association,
standardized residuals are inspected. These residuals show the degree to which each observed value
deviates from the expected value under a model of independence. Table 15 summarizes the results.

Origin Negative Neutral Positive
Al-generated +5.27 +3.14 -2.22
Traditional art —7.55 -4.50 +3.18

Table 15: Standardized residuals from the contingency table

These values indicate that Al-generated content received more Negative and Neutral sentiment labels
than expected, while Positive labels were less frequent than expected. The opposite holds for human-
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created content, which received more Positive and fewer Negative or Neutral sentiment labels than
would be expected if origin and sentiment were unrelated.

The heatmap in Figure 15 visualizes these standardized residuals by cell, highlighting the strength and
direction of the deviation.
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Figure 15: Standardized residuals for Origin x Sentiment

To further dissect the sentiment pattern, pairwise chi-square tests are conducted between all three
sentiment categories. After applying Holm correction for multiple comparisons, all contrasts remain
highly significant, indicating that the two origin groups differ not only in the overall distribution but in each
pairwise combination of sentiment.

Contrast X2 p (Holm-corrected)
Negative vs. Neutral 35.44 2.6 x10™°
Negative vs. Positive 94.49 7.4 %1072
Neutral vs. Positive 41.98 1.8 x 107"

Table 16: Pairwise chi-square contrasts between sentiment categories

Together, these findings confirm that sentiment polarity is significantly associated with content origin,
with Al-generated content more likely to elicit Neutral and Negative sentiment, and human-created
content more likely to elicit Positive sentiment. While the overall effect is small in size, it is statistically
robust and consistent across comparisons.

5.5 Behavioral Engagement (H3)

This section evaluates whether content origin (Al-generated vs. human-created) predicts differences in
user engagement behavior on social media. Engagement is operationalized through three observable
metrics: likes, comments, and reshares. Each metric is modeled independently using regression
techniques appropriate to its distribution, with model-based predicted means and confidence intervals
reported alongside effect sizes.
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5.5.1 Like Count Analysis

Of 5,001 posts, the top 1% outliers (241,189 likes) were excluded, yielding a final sample of 4,951. Likes
remain non-zero for all posts. The median number of likes is 582, and the mean is 4,595 (SD = 125,748),
reflecting a long-tailed distribution influenced by highly visible content.

A Negative Binomial regression model is used to estimate the relationship between content origin and
like count. The model reveals substantial overdispersion (d' = 2.17), justifying the use of a count model
beyond the Poisson framework. The coefficient for content origin is statistically significant (8 = 0.153,
SE =0.043, z = 3.57, p < .001), with an incidence-rate ratio (IRR) of 1.165 (95% CI [1.071, 1.268]). This
result indicates that Al-generated posts receive approximately 16.5% more likes than human-created
posts, all else equal.

Origin Predicted Mean 95% CI
Traditional art 1,399 [1,310, 1,494]
Al-generated 1,630 [1,547,1,718]

Table 17: Predicted Mean Likes by Content Origin

5.5.2 Comment Count Analysis

All 5,001 posts are retained for the comment count analysis, as the distribution, while skewed, is not
dominated by outliers. The median number of comments is 14, with a mean of 54.8 (SD = 690.9).
Approximately 14.5% of posts have zero comments, which does not warrant the use of a zero-inflated
model.

The Negative Binomial regression model again shows substantial overdispersion (o' = 2.10). The origin
coefficient is large and statistically significant (B = 0.486, SE = 0.043, z = 11.41, p <.0001), yielding an
incidence-rate ratio (IRR) of 1.626 (95% CI [1.496, 1.768]). This implies that, on average, Al-generated
posts attract 62.6% more comments than human-created ones.

Origin Predicted Mean 95% CI
Traditional art 23.44 [21.95, 25.02]
Al-generated 38.12 [36.19, 40.15]

Table 18: Predicted Mean Comments by Content Origin

5.56.3 Reshare Count Analysis

Reshare counts are markedly zero-inflated, with 64.6% of posts receiving no reshares at all. The median
is zero, and the mean is 1,706 (SD = 54,101). The top 1% of posts (n = 50), each with 7,588 or more
reshares, are removed to reduce extreme skew, resulting in a modeling sample of 4,951 posts.

Given the large proportion of zeros, a Zero-Inflated Negative Binomial model is used. The model
converges successfully (LL = —13,893; LLR p = 2.28 x 107'?), and both the inflation and count
components are significant. The inflation term (inflate_const = 0.142, SE = 0.069, p = .040) suggests
that approximately 53.5% of posts belong to a structural-zero group. In the count model, content origin
is a significant predictor (8 = 0.739, SE = 0.101, z = 7.35, p < .001), with an incidence-rate ratio (IRR)
of 2.094 (95% CI [1.719, 2.550]). This corresponds to an expected increase of 109% in reshare count
for Al-generated posts.
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Origin Predicted Mean 95% CI

Traditional art  65.15 [61.05, 69.53]
Al-generated 149.70 [142.16, 157.64]

Table 19: Predicted Mean Reshares by Content Origin

5.5.4 Engagement Summary

To enable direct comparison across all engagement metrics, presents the incidence-rate ratios for likes,
comments, and reshares, along with their 95% confidence intervals. The strongest effect is observed
for reshares, followed by comments, then likes. In this context, the IRR expresses the relative change
in expected engagement volume for Al-generated posts compared to human-created posts.

Reshares | °
(IRR = 2.09)

Comments | ®
(IRR = 1.63)

Likes
- _._
(IRR = 1.17)

T T T
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Figure 16: Incidence-rate ratios (IRR) for likes, comments, and reshares

A second comparative view is provided in Figure 17, which shows model-based predicted engagement
volumes for likes, comments, and reshares, displayed separately for Al-generated and traditional art.
Error bars represent 95% confidence intervals.
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Figure 17: Model-based predicted engagement volumes by content origin

5.6 Depth of Engagement (H4)

This section presents results for Hypothesis 4, which examines whether the depth of user engagement
differs systematically between Al-generated and human-created art. Engagement depth is categorized
into four ordered levels, Superficial, Moderate, Deep, and Very Deep, based on qualitative indicators in
user comments. The analysis includes a contingency table, standardized residuals, post hoc
comparisons, and a multinomial logit model to quantify the association.
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5.6.1 Descriptive Distribution and Contingency Analysis

Table 20 presents the raw frequency of comments by engagement depth and content origin. A total of
N=64,806 comments were analyzed.

Engagement Depth Al-Generated Traditional Art
Superficial 37,301 14,949
Moderate 5,532 5,530

Deep 631 713

Very Deep 77 73

Table 20: Frequency of engagement depth levels by content origin

A chi-square test of independence reveals a highly significant association between content origin and
engagement depth: x*(3) = 2166.0, p < .001. The strength of this association, measured using Cramér’s
V, is 0.183 (95% CI [0.175, 0.191]), reflecting a small to moderate effect size.

Figure 18 visualizes the relative distribution of engagement depth levels, row-normalized within each
origin group. A pronounced concentration of Superficial responses is observed for Al-generated content,
whereas deeper levels are more evenly distributed under human-created posts.
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Figure 18: Engagement depth distribution by content origin

5.6.2 Standardized Residuals and Pairwise Comparison

To identify which categories contribute most to the overall association, standardized residuals are
examined (Table 21). These residuals indicate that Al-generated posts are significantly overrepresented
in the Superficial category and underrepresented in all deeper levels. Human-created content shows
the opposite pattern.

Origin Superficial Moderate Deep Very Deep
Al-generated +11.72 —22.04 -9.05 -2.37
Traditional art -16.77 +31.54 +12.95 +3.39

Table 21: Standardized residuals for engagement depth

Residuals confirm that Al content receives disproportionately more superficial comments, with residuals
exceeding +10. Holm-corrected pairwise chi-square tests confirm that Superficial engagement differs
significantly from each deeper level (all p < .001). No significant differences are observed between
Moderate, Deep, and Very Deep levels (see Appendix G).
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5.6.3 Multinomial Logit Model

To quantify the relationship between content origin and engagement depth in a model-based framework,
a multinomial logit model is estimated using Superficial engagement as the reference category. The
model includes a binary origin predictor (Al vs. Human) and converges successfully, yielding a pseudo
R? of 0.028 and a highly significant model fit (Log-Likelihood = —35,895; LL-Null = —-36,928; LLR p <
.001). All origin coefficients for the deeper engagement categories are statistically significant at p <.001.

Engagement Depth OR (Al vs. Human) 95% CI

Moderate 0.401 [0.384, 0.418]
Deep 0.355 [0.318, 0.395]
Very Deep 0.423 [0.307, 0.583]

Table 22: Odds ratios from multinomial logit model (reference = Superficial)

Odds ratios below 1 indicate lower odds of a given engagement level compared to Superficial, for Al
content relative to human content. The odds ratios indicate that Al-generated posts are substantially
less likely to elicit Moderate, Deep, or Very Deep engagement compared to human-created posts. The
strongest attenuation is observed for Deep engagement, followed closely by Moderate.

5.7 Moderating Role of Exposure Pattern (H5)

This chapter presents the results for Hypothesis 5, which evaluates whether the emotional effect of
content origin is moderated by users’ exposure pattern. Specifically, it tests whether users who interact
with both Al-generated and traditional artworks (“Mixed”) respond differently than those exposed to only
one content type (“Al-only” or “Traditional-only”). The analysis is implemented using a regularized
multinomial logit model with interaction terms, supplemented by predicted probabilities.

5.7.1 Interaction Effects by Exposure Group

Users are categorized into three exposure groups: 28,254 users are classified as Al-only, 17,618 as
Traditional-only, and 136 as Mixed exposure. To enable stable estimation, emotion categories absent
in any exposure—origin combination are excluded. The final model includes twelve emotions, with neutral
as the reference category.

A ridge-penalized multinomial logit model is estimated using content origin, exposure group, and their
interaction as predictors. An omnibus bootstrap-based Wald test for interaction yields x?(22) = 725.26,
p = .732, indicating no significant moderation by exposure group.

Despite the non-significant test, interaction terms are reported descriptively in Table 23. No odds ratio
differs significantly from baseline after Holm correction (all adjusted p > .05). While some directional
differences appear, for example Love in the Mixed group (OR = 1.69) and Admiration (OR = 1.36),
confidence intervals are wide and effects remain statistically inconclusive.

Emotion OR (Al-only) 95% ClI OR (Mixed) 95% CI

Admiration 0.85 [0.79, 0.91] 1.36 [1.13, 1.68]
Amusement 1.33 [1.24, 1.44] 0.77 [0.63, 0.92]
Anger 1.12 [1.02, 1.26] 0.92 [0.88, 0.93]
Joy 117 [1.04, 1.30] 1.01 [0.74, 1.42]
Love 0.85 [0.78, 0.91] 1.69 [1.37,2.21]

Table 23: Interaction effect sizes for Al-only and Mixed groups (ORs for Origin x Exposure)

55



5.7.2 Emotional Probabilities Across Exposure Groups

Average predicted probabilities (APPs) are computed across all six combinations of content origin and
user exposure. The resulting profiles do not display systematic or substantial divergence. While some
emotion categories show numeric differences, for example, slightly higher admiration under Al content
for Mixed users, these patterns fall within the margin of estimation error. Love and joy show elevated
values across groups, but again without interaction-level significance.

Taken together, the results suggest that users’ prior engagement with Al or human content does not
meaningfully moderate their emotional responses to a given post. Content origin remains the primary
driver, independent of exposure group.

5.8 Summary of Findings

Content origin consistently shapes user response across affective and behavioral dimensions. Emotion
classification reveals that Al-generated posts elicit more disapproval, while traditional art evokes greater
admiration, curiosity, and excitement. These differences remain stable across both multilingual and
English-only datasets.

Sentiment polarity follows a similar pattern. Al content is associated with higher rates of neutral and
negative sentiment, and lower rates of positive sentiment, relative to human-created art. Although the
effect size is modest, the direction is statistically robust.

Behavioral engagement is higher for Al-generated content across all three metrics. Posts tagged as Al
receive more likes, attract more comments, and are reshared more frequently, with the strongest
increase observed for reshares.

Engagement depth diverges notably by origin. Comments on Al-generated content cluster around
superficial engagement, while deeper responses are more frequent under traditional art. These origin
effects are statistically significant across all depth levels.

User exposure history does not moderate emotional responses. Interaction models show no systematic
difference between users engaging with both content types and those exposed to only one. The effect
of origin persists independently of prior interaction patterns.
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6 Discussion

This chapter addresses the thesis’ central research question - How do users’ emotional responses to
explicitly tagged Al-generated content compare with their responses to human-created content on social
media? - and situates the empirical findings within the wider scholarly discourse. The results indicate a
clear pattern: when Instagram posts are openly labeled as Al-generated, users exhibit more negative
evaluative emotions (most notably a decline in admiration and a rise in disapproval), engage in
significantly higher but markedly shallower interaction, and offer fewer deep, reflective comments than
they do for comparable human-created art.

The remainder of the chapter articulates the theoretical implications of these findings, derives practical
and policy lessons, acknowledges limitations, and outlines directions for future research.

6.1 Implications for Theory

6.1.1 Transparency Cues as Signals and Affective Triggers

Labeling Al-generated content on Instagram produces a dual emotional pattern. Admiration declines
significantly (—4.9 percentage points; OR = 0.90), while disapproval increases more than threefold (+0.4
pp; OR = 3.22). At the same time, small but consistent increases are observed in amusement, joy, and
caring (see Table 12).

This combination reflects a cognitive-affective tension. Drawing on Signaling Theory (Spence 1973), the
“#aiart” tag operates as a heuristic that foregrounds machine authorship. As a result, users appear to
discount the underlying effort and authenticity of the content, an interpretation consistent with the
observed decrease in admiration. The fact that this penalty emerges in a high-noise, real-world platform
setting reinforces earlier experimental findings (Bellaiche et al. 2023; Gabbiadini et al. 2024), while also
extending their external validity into dynamic social environments (Bauer et al. 2024).

In parallel, the novelty of algorithmic authorship evokes mild exploratory emotions. According to Arousal-
Curiosity Theory (Berlyne 1960), novel or unexpected stimuli tend to stimulate attentional and affective
responses such as amusement even in the absence of endorsement. This explains the modest
increases in light positive affect despite a broader cooling of evaluative responses. Applying this theory
further, the aversive tension displayed in the data may be partially explained by the very high novelty of
GenAl content.

The observed rise in disapproval further supports the symbolic-threat framing proposed by Gabbiadini
et al. (2024), where Al-generated content is interpreted as encroaching on domains traditionally
reserved for human creativity. Although direct threat-related emotions such as fear remain rare, possibly
due to the performative and curated nature of Instagram, disapproval may serve as a socially palatable
proxy. The response pattern is also consistent with the Uncanny Valley hypothesis (Mori et al. 2012),
which suggests that discomfort and disapproval increase when artifacts closely but imperfectly resemble
human attributes such as creativity, thus triggering aversive emotional reactions.

Viewed through the lens of algorithm aversion (Dietvorst et al. 2014), provenance cues also act as
cognitive shortcuts that highlight machine fallibility and the absence of human intentionality. This
affective signal, in turn, may serve as an early-stage precursor to deeper skepticism. While the present
data do not directly measure long-term trust trajectories, the emotional shift observed here, especially
the decline in admiration and rise in disapproval, echoes the initial conditions for downstream distrust
noted in longitudinal accounts of algorithmic trust formation (Lukyanenko et al. 2022).
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In sum, labeling practices shape more than just awareness. They operate as affective and cognitive
filters, initiating interpretive shifts that reframe the artistic status of the work and potentially anchor user
attitudes toward generative systems.

6.1.2 Volume Without Depth: An Engagement Paradox

Despite prompting more negative or ambivalent emotional responses, Al-generated content elicits
significantly higher levels of visible interaction: Likes increase by 16%, Comments by 63%, and
Reshares by 109% (IRRs > 1.15, p < .001). Yet this surface-level popularity does not translate into
deeper engagement. The odds of receiving a Deep or Very Deep comment are reduced by
approximately 60-65%, revealing a striking gap between attention and elaboration.

This asymmetry raises challenges for established engagement frameworks. Models such as the
Customer Engagement Model (Brodie et al. 2011) and the COBRA hierarchy (Schivinski et al. 2016)
treat contribution behaviors (likes, shares, comments) as indicative of active user involvement. However,
the findings here show that Al-generated art drives high-frequency participation without the sustained
reflection or emotional investment that these metrics may imply. In this sense, the results extend prior
models by exposing a structural disconnect between engagement volume and engagement quality in
algorithmically mediated creative contexts.

From the perspective of Uses and Gratifications Theory (Katz et al. 1973; O’'Day and Heimberg 2021),
this pattern reflects selective gratification. Al art appears well suited to satisfying low-effort psychological
needs, including entertainment and social signaling, due in part to its novelty and frictionless shareability.
However, it less frequently supports more cognitively or emotionally demanding gratifications such as
identity expression, aesthetic immersion, or epistemic curiosity, which are more typical of traditional art
engagement.

This differentiation aligns with Verduyn et al. (2017) observation that high-frequency, low-depth
interaction is often decoupled from psychosocial benefit. It also suggests that behavioral engagement
metrics, while convenient, may overstate the user’s psychological or emotional connection to content,
especially when algorithmic novelty inflates visibility but not value.

6.1.3 Cultural Appraisal and Emotional Amplification

In the English-only subset, the emotional asymmetry sharpens. Admiration declines by 13.4 percentage
points and love by 5.5 points, while disapproval and annoyance rise further. This pattern reflects a
combination of methodological and cultural dynamics.

Methodologically, BERT refinement removes emoji-dominant praise that was previously classified as
positive by GPT, exposing a more critically worded textual layer. Culturally, English-speaking users
operate within low-context, high-individualism cultures (Hofstede 2011) that favor explicit judgment and
direct emotional expression (Dewaele 2010). These cultural norms are further shaped by the elevated
prominence of Al ethics discourse in Anglophone media (Corréa et al. 2023), which primes audiences
to interpret Al-generated content in terms of authenticity risks and existential threat.

From the lens of Appraisal Theory (Smith and Lazarus 1993), these contextual frames lower the
activation threshold for symbolic-threat appraisals (Gabbiadini et al. 2024). When provenance is
disclosed, English-speaking users may be more likely to interpret the work as misaligned with their
expectations for effort, creativity, or authorship, thereby intensifying disapproval. In this light, cultural
positioning modulates not only emotional expression, but the underlying interpretive gate through which
Al-generated content is evaluated.
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This finding complicates the notion of universal algorithm aversion. Rather than assuming homogenous
emotional responses across audiences, it points to the need for future research to treat cultural context
as a moderator, especially in cross-lingual affective computing. Language is not merely a classification
artifact, but a proxy for differing appraisal schemas.

6.1.4 Familiarity Without Reappraisal

Hypothesis 5, which tests whether prior exposure to both content types moderates emotional response,
is not supported. Users who comment on both #aiart and #traditionalart posts (Mixed group, n = 136)
show no statistically distinct emotion profile (interaction x*(22) = 725, p = .73).

This absence of differentiation may partly stem from statistical underpowering. The small size of the
Mixed group suggests that traditional-art consumers may systematically avoid #aiart content, reducing
the likelihood of meaningful cross-exposure and limiting contact with its stylistic or conceptual cues.

Moreover, from the perspective of Conceptual Act Theory (Barrett 2006), once a category such as “Al
art” becomes emotionally associated with skepticism or symbolic threat, mere exposure may be
insufficient to revise that schema, particularly if deeper cultural or identity-related tensions remain
unresolved.

6.1.5 Summary: Affective Structures and Methodological Insights

The five hypotheses collectively reveal a consistent affective and behavioral pattern. Transparent
disclosure of Al authorship reframes creative content from a signal of artistic mastery to a technological
artifact. This shift increases surface-level interaction (H3) but dampens reflective engagement (H4) and
reduces positive evaluative emotions such as admiration (H1) and overall sentiment positivity (H2).

While light exploratory emotions such as amusement, joy, and caring increase modestly, more
cognitively engaging emotions like curiosity and excitement decline, indicating that user attention is
captured but not deeply activated. These shifts coincide with a rise in disapproval, reinforcing the
symbolic-threat interpretation.

The result is a dual-layered response: visible engagement without interpretive investment, emotional
reaction without depth. This pattern spans emotional valence, engagement type, and user exposure
history (H5). It suggests that provenance cues do not merely inform but actively shape users’ affective
and cognitive orientation toward content. In this way, transparency operates as a perceptual regulator
within algorithmically mediated social environments. Speculatively, this initial novelty-driven
engagement and amusement might attenuate over time, potentially shifting towards boredom or even
contempt, as repeated exposure reduces novelty and reinforces underlying negative appraisals, a
dynamic warranting longitudinal investigation.

6.2 Implications for Practice and Policy

The empirical findings presented in this study have substantial implications for practice and policy,
particularly regarding the management and disclosure of Al-generated content on digital platforms.
Central to these implications is the recognition that transparency mechanisms do more than fulfill
regulatory obligations. They actively shape user perception, emotional engagement, and interpretive
frameworks. The observed emotional responses, notably increased disapproval and diminished
admiration toward Al-labeled content, suggest that provenance cues significantly influence the
perceived authenticity and creative legitimacy of digital artifacts. Platforms thus have ethical and
practical responsibilities not only to disclose the origins of Al-generated content but also to thoughtfully
manage the nuanced effects these disclosures entail (Larsson and Heintz 2020; Lund et al. 2025).
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Practically, these results highlight the need for transparency strategies that are context-sensitive rather
than uniformly applied. Static disclosures, such as the simple “Al-generated” labels, risk reinforcing
negative emotional responses and amplifying algorithm aversion (Dietvorst et al. 2014; Park et al. 2024).
Instead, flexible and layered transparency mechanisms, such as embedded metadata standards
exemplified by the C2PA standard (C2PA 2024), may be used to better balance regulatory requirements
with user experience. These mechanisms could allow users to engage with provenance information in
ways proportionate to their interest or informational needs, thereby mitigating the potential negative
impacts associated with overt foregrounding of Al authorship.

Furthermore, the observed asymmetry between high-volume but low-depth engagement with Al-
generated content suggests that platforms and content creators should reconsider traditional
engagement metrics (Schivinski et al. 2016; Trunfio and Rossi 2021). High levels of superficial
engagement such as likes, comments, and reshares, may not accurately reflect deeper emotional or
cognitive investment. This aligns with findings from Verduyn et al. (2017), who caution against
interpreting high-frequency, low-depth interactions as indicative of meaningful psychological
connections. Therefore, practitioners should adopt a more nuanced understanding of engagement,
emphasizing qualitative dimensions such as emotional resonance, perceived authenticity, and user
trust.

These findings also carry implications for content creators, who may benefit from a more refined
understanding of audience responses to Al-generated versus traditionally created content. With current
transparency regulations shaping emotional reactions, creators can strategically decide when and how
to leverage generative tools, weighing novelty and productivity gains (Doshi and Hauser 2023; Zhou
and Lee 2024) against potential declines in perceived authenticity and deeper emotional engagement.
Likewise, brands and companies should consider how provenance disclosure affects their public
communication strategies, possibly favoring traditionally created media to cultivate longer-lasting
emotional relationships with customers and avoid triggering inherent biases or negative associations
(Gillath et al. 2021; Lukyanenko et al. 2022).

Moreover, the multilingual variations identified, particularly the amplified negative emotional responses
within English-speaking contexts highlight the importance of culturally sensitive policy frameworks.
Transparency measures designed under monolithic assumptions risk failing to accommodate diverse
interpretive frameworks and emotional appraisal mechanisms across cultures (Dewaele 2010; Hofstede
2011). Consequently, culturally nuanced approaches to Al-content disclosure, potentially including
differentiated or localized transparency guidelines, could better align policy standards with varying user
expectations and emotional norms.

In summary, effective ethical stewardship of Al-generated content extends beyond mere regulatory
compliance. Adopting disclosure practices that respect user autonomy, accommodate interpretive
flexibility, and remain responsive to evolving human-Al interactions will help ensure that transparency
enhances rather than undermines user trust, engagement depth, and perceived authenticity in digitally
mediated creative contexts.

6.3 Study Limitations and Boundary Conditions

The empirical findings presented in this thesis offer robust and externally valid evidence regarding the
influence of Content Origin (Al-generated vs. human-created) on user emotions and engagement
behaviors. However, these findings must be interpreted within several methodological, analytical, and
ethical limitations. Clearly articulating these boundaries not only prevents overgeneralization but also
directs future research towards addressing specific gaps and uncertainties.
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6.3.1 Sampling Frame and Platform Ecology

Data collection focused exclusively on Instagram’s algorithmically-curated "Top" posts for hashtags
#aiart and #traditionalart within a single month (8 Mar — 8 Apr 2025). As a result, findings reflect user
reactions to already highly visible content, potentially inflating baseline engagement metrics.
Generalizability to less prominent content, niche communities, or other platforms like text-centric spaces
or specialist art communities remains uncertain. Future research should explicitly compare across
platforms and engagement visibility levels to test these boundaries.

6.3.2 Cross-Sectional Snapshot

The analysis captures user responses during a period of high salience and novelty of GenAl art,
providing no insight into long-term changes in user sentiment or habituation effects. Transparency-
induced attitudes may intensify or attenuate over time as Al-generated content becomes more common
or perceptions shift. Therefore, these findings should be considered initial evidence of a potentially
dynamic phenomenon rather than a stable long-term trend. Future longitudinal or panel designs could
explicitly measure temporal shifts in user attitudes toward Al-generated content.

6.3.3 Hashtag-Based Origin Coding and Potential Misclassification

Content provenance was inferred solely from creator-supplied hashtags (#aiart or #traditionalart). Mis-
tagging or strategic hashtag use may have introduced false positives or negatives. Although the
robustness of observed effects suggests real provenance-driven differences, automated methods such
as future integration of C2PA detection standards could significantly improve attribution accuracy.

6.3.4 Emotion Labeling Accuracy and Taxonomic Limitations

The dual-stage GPT-BERT classification pipeline reaches moderate accuracy and thus includes
inherent labeling errors. The GoEmotions dataset is itself Reddit-derived and under-represents
multilingual, non-Western dialects, and emoji-heavy communication (Demszky et al. 2020), potentially
limiting the accuracy of emotional classifications for a global user base. The use of single dominant
emotions per comment further simplifies nuanced affective blends, likely biasing subtle emotional
responses toward neutrality.

6.3.5 Nested Data and Unmodelled Dependence

Comments analyzed are nested within posts and users, creating inherent statistical dependencies.
Treating comments as independent observations likely underestimates standard errors, inflating the
significance of findings. Future work employing hierarchical or multilevel models could more precisely
model and estimate intra-class correlations, improving inference accuracy.

6.3.6 Cultural and Linguistic Generalizability

Despite covering 62 languages, the refinement of emotion classification via BERT is limited exclusively
to English-language comments. This introduces differential classifier accuracy and neglects cultural
variability in emotional expression norms. Consequently, multilingual results represent directional
averages rather than culturally invariant parameters. Explicit cross-cultural moderation studies are
recommended to clarify cultural boundary conditions.

6.3.7 Ethical Constraints and Technical Risks

Ethically compliant pseudonymisation, including salted SHA-256 hashing and a twelve-month data
retention policy, protects user identity yet precludes the use of potentially insightful metadata.
Additionally, reliance on third-party scraping rather than official Instagram APIs poses a compliance and
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replicability risk, as platform policies and technical availability may change unexpectedly. Researchers
must navigate these ethical and technical trade-offs carefully in future studies.

6.3.8 Statistical Modeling Constraints

Several analytical decisions impose additional interpretive constraints. Collapsing or removing low-
frequency emotion categories due to data sparsity may bias results or obscure subtle emotional effects.
Multiple simultaneous statistical tests introduce the risk of inflated Type | errors, partially but not entirely
mitigated by Holm corrections. Distributional assumptions inherent in Negative Binomial Regression
(e.g., constant dispersion parameters) may not fully reflect highly variable engagement patterns,
particularly when posts experience viral spikes or structural zeroes.

6.3.9 External Validity and Platform-Specific Interpretive Scope

Given the Instagram-specific context of this study, caution is warranted in extending findings to platforms
with differing affordances, cultural norms, and user demographics. Behavioral metrics, while objective,
capture only publicly visible engagement, omitting private user interactions, viewing durations, and
platform-specific emotional norms.

6.3.10 Subjectivity in Human Audit

A methodological limitation lies in the human audit process used to validate emotion and engagement
classification outputs. In this study, audits were conducted by the researchers themselves, which may
introduce subjective bias and inadvertently reinforce prior assumptions. While domain familiarity aids
interpretive accuracy, it also increases the risk of confirmation bias. Employing external or blinded
auditors in future studies would enhance classification reliability, offer a more impartial validation layer,
and improve the generalizability of interpretive insights.

6.3.11 Authenticity of User Accounts

A final limitation concerns the assumption that all commenting entities represent genuine human users.
Due to the absence of demographic or behavioral metadata, it remains uncertain whether some of the
accounts interacting with either Al-generated or traditional content are automated agents, bots, or hybrid
algorithmic accounts. While the study treats each comment as a discrete, human-authored signal, this
assumption cannot be empirically verified within the current dataset. Future research should aim to
incorporate metadata or authentication heuristics to distinguish authentic user activity from automated
amplification and assess its influence on emotion and engagement metrics.

6.4 Future Research Directions

The empirical and methodological boundaries identified in this research open multiple avenues for
advancing knowledge on algorithmic authorship and user responses to Al-generated content. Building
upon these insights, several clear research priorities emerge, each designed to address specific gaps
or refine existing findings.

Firstly, adopting a longitudinal research design would significantly enhance understanding of the
temporal dynamics of user responses. While this study provides robust initial evidence, it cannot capture
changes in emotional or cognitive responses over time. Future research should employ panel studies
to assess whether negative initial reactions (e.g., diminished admiration or increased disapproval)
persist, intensify, or attenuate as users habituate to Al-generated content. Such longitudinal insights
would contribute valuable evidence on whether algorithm aversion is a transient novelty effect or a stable
psychological response.
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Secondly, cross-platform comparisons could significantly improve ecological validity. The current
findings are platform-specific, emerging from Instagram’s visually-centric and algorithmically curated
environment. Subsequent studies should replicate these analyses across different digital platforms,
including text-heavy environments like Reddit or Twitter, short-video platforms like TikTok, and
specialized art communities such as DeviantArt. Examining different media ecosystems will clarify how
platform affordances and community norms influence both the breadth and depth of engagement with
Al-generated content.

Thirdly, cultural and linguistic variability demands more rigorous and explicit exploration. The observed
amplification of negative reactions among English-speaking users suggests cultural moderation. To
isolate linguistic classification biases from genuine cultural differences in emotional appraisal, future
research should systematically sample diverse linguistic and regional populations. Moreover, culturally
sensitive classification pipelines, possibly fine-tuned on region-specific datasets, would ensure more
precise and reliable emotion labeling, improving theoretical clarity on symbolic-threat appraisals across
cultures.

Fourthly, the granularity and format of provenance disclosures should be explored experimentally.
Current binary disclosures (e.g., "Al-generated") may oversimplify provenance information,
unintentionally triggering algorithm aversion or skepticism. Future experimental research could test
more nuanced disclosure mechanisms, such as detailed process disclosures, percentage contributions
of human versus Al effort, or interactive metadata standards. Investigating user reactions to varying
disclosure formats will offer evidence-based guidelines to platforms and policymakers aiming to balance
transparency with user engagement and authenticity perceptions.

Fifthly, the transferability of emotional and engagement patterns observed in this study should be tested
across both alternative media formats and creative domains. While the current focus on Instagram art
posts allows for high ecological validity in a visual, social-media-based setting, it does not guarantee
that emotional responses generalize to other content categories, such as Al-generated writing, music,
or performance-based art. Similarly, responses to Al content in entertainment, journalism, education, or
political discourse may activate different emotional schemas, ethical appraisals, and trust dynamics.
Future studies should thus examine how content genre and media modality interact with provenance
disclosures to shape affective response.

Methodologically, enhancing the precision and inclusivity of affective classification remains crucial. The
current dual-stage GPT-BERT classification pipeline is effective but limited by accuracy, linguistic
biases, and emotional simplifications. Future studies should integrate human-in-the-loop adjudication or
weak-supervision frameworks to improve classification accuracy, enable multi-label emotion
annotations, and reduce linguistic and cultural biases inherited from existing corpora. Specifically, fine-
tuning the BERT classifier on an Instagram-specific corpus could further enhance classification
reliability. More refined emotional telemetry would substantially strengthen empirical estimates and
theoretical interpretations related to algorithm aversion and emotional engagement.

Furthermore, the engagement depth classification introduced in this study via LLM provides valuable
insight but requires further empirical testing and refinement. Future research should rigorously validate
and improve the reliability and robustness of this engagement depth measure. This could involve
qualitative validation with user interviews, experimental validation comparing classification results
against user self-reports, or exploring alternative computational methods for reliably capturing
engagement depth in user-generated content.

Additionally, demographic segmentation represents an unexplored but potentially influential moderator.
While privacy constraints limited demographic insights in the present study, future research should
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explicitly examine how user characteristics such as age, gender, cultural background, artistic expertise,
or familiarity with technology, moderate emotional and engagement responses to Al-generated versus
traditional content. Exploring these demographic nuances will enrich theoretical models and help
platforms implement targeted transparency measures and engagement strategies.

In sum, pursuing these research directions will extend the current snapshot insights into dynamic,
culturally nuanced, and methodologically robust understandings of user responses to algorithmic
creativity. Integrating temporal, ecological, methodological, and demographic dimensions will
significantly refine both theoretical frameworks and practical guidelines, shaping future policy, platform
design, and scholarly inquiry.
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7 Conclusion

Answering the primary research question, the results show that users respond to clearly labeled Al-
generated art with diminished admiration, increased disapproval, and higher but shallower interaction
compared to human-created art. The study addressed five central hypotheses, systematically testing
the impact of content origin on discrete emotions, sentiment valence, behavioral engagement, and
engagement depth, along with investigating whether users' prior exposure moderates these effects.

Empirically, the results demonstrate that clearly labeled Al-generated content elicits distinct emotional
patterns characterized by diminished admiration and increased disapproval, confirming the hypothesis
regarding discrete emotional responses (H1). Additionally, Al-generated content consistently receives
more negative sentiment evaluations compared to traditionally created content, thus supporting the
hypothesis on sentiment valence (H2). Despite these emotionally ambivalent or negative responses, Al-
generated content attracts substantially higher superficial engagement in terms of likes, comments, and
reshares, confirming the behavioral engagement hypothesis (H3). Moreover, the newly developed
measure of engagement depth revealed that Al-generated art elicits significantly fewer deep and very
deep comments, clearly distinguishing between superficial and meaningful user interactions and thus
validating the hypothesis on engagement depth (H4). However, the moderation hypothesis (H5),
examining the influence of users' prior exposure on their emotional responses, is not supported.

Theoretically, these findings contribute to ongoing discussions on algorithm aversion, signaling theory,
and user engagement frameworks. Transparency disclosures act as affective signals that significantly
reshape user perceptions, reframing the creative authenticity and legitimacy of digital artifacts. The dual
emotional and engagement responses observed underscore a critical gap within existing engagement
models, emphasizing the necessity of distinguishing between superficial and meaningful user
interactions. Moreover, cultural dimensions were found to amplify these effects, with English-speaking
users showing stronger negative emotional responses, suggesting that cultural factors and media
discourse critically moderate user appraisals of Al-generated content.

Practically, the study’s outcomes inform platform policy and content strategy, emphasizing the nuanced
effects of transparency disclosures. Rather than treating transparency merely as regulatory compliance,
platforms and content creators must recognize it as a powerful cognitive-affective framing mechanism,
strategically leveraging transparency to manage authenticity perceptions and emotional engagement.
The observed disparity between high engagement volumes and shallow interaction depths also calls for
revised metrics and engagement strategies, prioritizing qualitative indicators that capture emotional
resonance and trust.

Methodologically, while robust in scale and ecological validity, the study acknowledged several critical
limitations, notably regarding sampling biases from algorithmically curated content, the cross-sectional
nature of data collection, the linguistic and cultural specificity of emotion labeling pipelines, and ethical
constraints on demographic segmentation. Addressing these limitations through longitudinal studies,
cross-platform validations, culturally sensitive classification methods, including fine-tuning classifiers on
Instagram-specific corpora and demographic analyses represent important future research directions.
Additionally, the engagement depth classification method introduced here should be rigorously tested
and refined to establish its reliability and robustness as an analytical measure.

In personal reflection, the results highlight both the exciting potential and significant challenges
associated with algorithmic creativity. Al-generated art can clearly capture attention and provoke
curiosity yet simultaneously risks eroding deeper user engagement and perceived authenticity. The
observed emotional ambivalence and superficial engagement present fundamental questions about the
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evolving role of generative Al in creative domains. Beyond transparency, we must critically ask to what
extent the benefits of Al-generated content justify potential compromises in user experience and
emotional depth. As Al tools become increasingly embedded within cultural production, ensuring
responsible, context-aware, and culturally sensitive transparency practices will be essential to fostering
meaningful user experiences and maintaining trust in digital content ecosystems.

Ultimately, this thesis underscores the importance of critically evaluating how technological provenance
shapes emotional and behavioral responses in digital spaces. By illuminating both the opportunities and
pitfalls inherent to Al-generated content, it provides insights to guide future scholarship, policy, and
platform practices toward more thoughtful integration and management of generative Al technologies.
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Appendix A: Declaration on the use of GenAl tools

In the preparation of this paper, | have used following tools based on generative artificial intelligence
(GenAl):

1. ChatGPT
2. BERT

| further declare that

- | have labeled the content taken from the GenAl tools listed above with my details in the table
below,

- | have verified that the content generated by the above-mentioned GenAl tools and adapted by me
is factually correct,

- | am aware that, as the author of this work, | am responsible for the information and the
statements made in it, and

- | am aware that violating the disclosure of the use of generative Al in my work is a deception and
leads to an evaluation with an insufficient grade.

| have used the above-mentioned Al systems as indicated below.

Description of the manner of use
and compliance with good
scientific practice (if applicable,

Al tool(s) please indicate the section of
Areas of contribution used the thesis)
Development and conception of the research | 1 Initial review of various research
project approaches
Identification of literature
Synthesizing of literature 1 Analysis, summary, consolidation,

review of identified literature

Structuring the text 1 Initial bainstorming, review,
revision of structure

Formulation of text 1 Re-formulation of text and
passages based on context and
inputs. Stylistic rework and revision

Revision of text 1 General revision, stylistic revision,
readability, grammar and language

Creation of visualizations

Further contributions 1,2 Coding, Code review, Data
overview, Data Analysis, Data
Classification (see Pipeline)



Appendix B: Final LLM instruction prompt

You are an expert in analyzing social media comments. Your task is to analyze a
single Instagram comment and classify it into emotional and engagement-related
categories.

Please return your answer in this JSON format:
{
"sentiment": ...,
"emotion_go": ...,
"emotion_go_confidence": ...,
"engagement_depth": ...,
"sarcasm": ...,
"language":
}
Important instructions:

- Always return exactly ONE value for "emotion_go". Do NOT return a list or multiple
values.

- If multiple emotions seem relevant, choose the single most dominant one.

- All output must follow strict JSON formatting and match the expected data types.
Definitions:

- sentiment: ["Positive", "Neutral"”, "Negative"]

- emotion_go: [admiration, amusement, anger, annoyance, approval, caring, confusion,
curiosity, desire, disappointment, disapproval, disgust, embarrassment, excitement,
fear, gratitude, grief, joy, love, nervousness, optimism, pride, realization,

relief, remorse, sadness, surprise, neutral]
- emotion_go_confidence: A float between © and 1

- engagement_depth:

Superficial: short, emoji-only, or generic

Moderate: brief, specific compliment

Deep: thoughtful, critique, or question

Very Deep: personal story, emotional reflection
- sarcasm: ["Yes", "No", "Maybe"]
- language: ISO language code, or "Emoji-Only", "Emoji-Dominant"

Here are a few examples:



Examplel:

comment: "HHBHG"

{

"engagement_depth": "Superficial”
}
Example2:

Comment: "It looks great! I love the cools in the lightning"

{

"engagement_depth": "Moderate"
}
Example3:

Comment: "What white pen do you use. I've been looking for a good one for a long
time"

{
"engagement_depth": "Deep"

Example4:

Comment: "You are a huge inspiration. I am from right outside [..] but now live in
[..]. I'm tight with the guys at [..] and they said you came in a while back. I was
in high school when I purchased your paperback (with your cover). Yourself and many
others have influenced me since getting back into painting about six years ago. [..]
So funny how these things work out. Take care!”

{
"engagement_depth": "Very Deep"

}



Appendix C: Requirements

numpy==1.26.4
pandas==2.2.1
scipy==1.15.3
scikit-learn==1.6.1
statsmodels==0.14.4
matplotlib==3.8.4
seaborn==0.13.2
tqdm==4.67.1
torch==2.7.0
transformers==4.51.3
huggingface-hub==0.31.2
openai==1.68.2

tabulate==0.9.0



Appendix D: Summarized distributions of classifier
confidence

Average BERT confidence across English subset: 0.808

Confidence distribution per BERT-label:

emotion_bert | count | mean
-------------- J—
admiration | 4528 | ©0.88
neutral | 4371 | o.823
love | 2200 | ©.877
curiosity | 710 | o.622
excitement | 314 | 0.523
approval | 314 | o.553
surprise | 273 | o.648
gratitude | 223 | o.897
desire | 215 | o.654
sadness | 141 | o.682
amusement | 133 | 0.715
joy | 124 | e.701
disapproval | 105 | ©.615
annoyance | 104 | o.465
anger | 89 | o.627
confusion | 86 | ©.643
caring | 67 | o.687
disappointment| 59 | @.491
optimism | 59| e.661
disgust | 33| o.46
fear | 31 ] o.724
realization | 26 | ©.541
remorse | 21| o.692
embarrassment | 2 | 0.372
nervousness | 1| o.643
pride | 1| o0.462

std |

.115
.115
.15

.159
.158
.177
.155
.202
.214
.165
.146
.123
.149
.155
.162
.145
.24

.185
.197
.139
.116

.004

.201

.226

.13

.128

.248

.229

.173

.212

.124

.246

.263

.227

.291

.366

.256

.244

.092

.171

.251

.361

.418

.368

.643

.462

25% |

.841
.545
.426
.458
.526
.912
.561
.518

.575

.506
.37
.502
.521
.613
.37
.49
.328
.599
422
.646
.37
.643

.462

50% |

.923
.61

.52

.534
.709
.974
.696
.718
.792
.74

.615
.458
.648
.622
.719
.496

.746

.801
.536
.739
.372
.643

.462

75% |

.949
.692
.635
.659
.778
.987
774
.864
.886
.844
.735
.551
.763
.753
.803
.588
.859
.595
.864
.594
.775
.373
.643

.462

max |

.972
.917
.825
.926
.895
.994
.875
.93

.958
.924
.885
.719
.839
.931
.903
.818
.952
.834
.923
.864
.823
.375
.643

.462



Average GPT confidence across English subset: 0.848

Confidence distribution per GPT-label:

emotion_go |

admiration |
curiosity |
approval |
neutral |
confusion |
amusement |
joy I
disapproval |
love |
excitement |
desire |
caring |
sadness |
anger |
surprise |

gratitude |

count

6091

1568

1291

1044

860

567

559

366

306

296

237

189

182

159

126

126

disappointment| 100

annoyance |
fear |
disgust |
grief |
relief |
optimism |
realization |

pride |

47

43

18

15

12

11

mean

0.862

0.809

0.864

0.835

0.774

0.843

0.864

0.848

0.899

0.874

0.851

0.845

0.852

0.849

0.842

0.878

0.836

0.821

0.833

0.842

0.857

0.85

0.85

0.844

0.864

std

0.025

0.058

0.035

0.048

0.061

0.032

0.026

0.022

0.024

0.027

0.012

0.034

0.021

0.024

0.039

0.027

0.031

0.046

0.031

0.026

0.018

0.018

0.024

0.75 |

0.85 |
0.85 |

0.85 |

25% |

0.85 |
0.85 |

0.85 |

0.85 |
0.85 |
0.85 |
0.85 |

0.85 |

0.85 |

0.85 |

0.85 |
0.85 |
0.85 |

0.85 |

50%

0.85

0.85

0.85

0.85

0.85

0.85

0.85

0.85

0.85

0.85

0.85

0.85

0.85

0.85

0.85

0.85

0.85

0.85

0.85

0.85 |

0.85 |

0.85 |
0.85 |
0.85 |
0.85 |

0.85 |

0.85 |
0.85 |
0.85 |
0.85 |
0.85 |
0.85 |

0.85 |

0.875 |

0.85 |

0.95 |

0.95 |

0.95 |

0.95 |
0.85 |

0.85 |

.85 |

0.85 |



Appendix E: Full Emotion Effects

OR OR_CI_Llow OR_CI_high p_value  A(APP) A_CI_Low A_CI_high

admiration 0.90 0.85 0.95 0.001 -0.049 -0.0498 -0.0498
amusement 1.94 1.72 2.20 0.0 0.0173 0.0174 0.0174
anger 1.38 1.01 1.89 0.038 0.001 0.001 0.001
annoyance 1.59 1.11 2.29 0.012 0.0010 0.0011 0.0011
approval 1.00 0.92 1.08 0.991 -0.000 -0.0004 -0.0004
caring 1.706  1.48 1.94 0.0 0.0101 0.0102 0.0102
confusion 1.28 1.10 1.49 0.001 0.0033 0.0033 0.0033
curiosity 0.62 0.55 0.70 0.0 -0.009 -0.01 -0.01
desire 0.67 0.54 0.83 0.0 -0.002 -0.0024 -0.0024
disappointment ©.75 ©0.50 1.12 0.163 -0.000 -0.0005 -0.0005
disapproval 3.22 2.31 4.49 0.0 0.0043 0.0043 0.0043
disgust 1.11 o.70 1.76 0.636 0.0001 0.0001 0.0001
excitement 0.51 0.44 0.59 0.0 -0.009 -0.0096 -0.0096
fear 0.97 0.60 1.58 0.934 -9.999 -0.0 -0.0
gratitude 1.09 0.92 1.31 0.299 0.0009 0.0008 0.0008
grief 3.36 1.32 8.55 0.011 0.0006 0.0006 0.0006
joy 1.74 1.55 1.94 0.0 0.017 0.017 0.017
love 1.12 1.5 1.19 0.0 0.0181 0.0182 0.0182
optimism 0.49 0.31 0.78 0.003 -0.000 -0.0009 -0.0009
pride 0.09 0.01 0.52 0.006 -0.000 -0.0004 -0.0004
realization 0.46 0.23 0.94 0.035 -0.000 -0.0004 -0.0004
remorse 0.67 0.28 1.60 0.371 -0.000 -0.0001 -0.0001
sadness 1.34 1.13 1.59 0.001 0.0031 0.0032 0.0032

surprise 0.82 0.69 0.98 0.032 -0.001 -0.0019 -0.0019




Appendix F: English-Subset Emotion Effects

OR OR_CI_Llow OR_CI_high p_value  A(APP) A _CI_Llow A _CI_high

disapproval 2.37 1.46 3.83 0.0 0.009 0.009 0.009
annoyance 1.61 1.04 2.49 0.032 0.0069 0.0069 0.0069
fear 1.23 0.57 2.63 0.584 0.00149 0.0016 0.0016
anger 1.17 0.75 1.82 0.478 0.0042 0.0042 0.0042
caring 0.88 0.54 1.45 0.638 0.0019 0.002 0.002
amusement 0.81 0.57 1.15 0.246 0.0031 0.0031 0.0031
confusion 0.77 0.50 1.19 0.249 0.0017 0.0017 0.0017
joy 0.76 0.54 1.09 0.141 0.0025 0.0025 0.0025
remorse 0.76 0.32 1.82 0.551 0.00039 0.0004 0.0004
sadness 0.75 0.53 1.05 0.096 0.00249 0.0025 0.0025
approval 0.73 0.58 0.92 0.01 0.0052 0.0052 0.0052
disappointment ©.62 ©.37 1.03 0.066 0.00029 ©0.0003 0.0003
curiosity 0.59 0.50 0.69 0.0 0.00089 0.0009 0.0009
realization 0.58 0.27 1.23 0.16 0.0 0.0 0.0
desire 0.53 0.40 0.70 0.0 -0.0014 -0.0014 -0.0014
excitement 0.50 0.40 0.63 0.0 -0.0030 -0.0031 -0.0031
gratitude 0.50 0.38 0.66 0.0 -0.0021 -0.0022 -0.0022
optimism 0.49 0.30 0.82 0.006 -0.0006 -0.0007 -0.0007
disgust 0.48 0.24 0.96 0.04 -0.0004 -0.0004 -0.0004
surprise 0.48 0.37 0.61 0.0 -0.0036 -0.0036 -0.0036
love 0.40 0.36 0.45 0.0 -0.0554 -0.0554 -0.0554

admiration 0.38 0.34 0.41 0.0 -0.1341 -0.1342 -0.1342




Appendix G: Pairwise chi-square tests between
engagement depth levels

| Contrast | x? | p (Holm-corrected) |

| Superficial vs Moderate | 1906.03 | < .01 |

| Superficial vs Deep | 377.22 | < .e01 |
| Superficial vs Very Deep | 28.45 | < .eel |
| Moderate vs Deep | 4.37 | .110 |
| Moderate vs Very Deep | e.06 | .81 |

| Deep vs Very Deep | .87 | .701 |



