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irreversible growth trend in the information ecosystem. However, most
prior AIGC studies focus on technological adoption and static evaluation,
while little attention has been paid to the value emergence and value-added
processes of AIGC at the information resource level. This study employed
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utilized content analysis to examine the factors influencing users' perceived
value of AIGC, identify value-added processes, and explore the underlying
mechanisms. Based on these findings, we propose the AIGC-Value-Added
Framework, delineating four user-AIGC interaction phases: value exposure,
value forming, value anchoring, and value realization, which collectively
enhance the resource value of AIGC. This study introduces an integrative
framework for understanding how value emerges and is added to AIGC as
an information resource, thereby enriching the Library and Information
Science literature on information value-adding practices in the AIGC con-
text and offering stakeholders practical insights for optimizing AIGC

leverage.

1 | INTRODUCTION

With the rapid development of generative Al (GenAl)
models, content generated by GenAl, as known as Al-
generated content (AIGC) is increasingly permeating
everyday information environments, emerging as a sig-
nificant information resource that users need to under-
stand and engage with (Zhu et al., 2024). They are no

Abbreviations: Al artificial intelligence; FAE, framework of all-round
evaluation; GAI, generative AJ; IS, information systems & information
science; LIS, library and information science; STEM, science,
technology, engineering, and mathematics; TAM, technology
acceptance model.

We employed ChatGPT for the following purposes: (1) translating parts
of sections of the text into English, (2) proofreading and correcting
grammatical errors. We evaluated the output by cross-referencing the
translated and revised content with the original text to ensure accuracy,
consistency, and alignment with the intended meaning. Additionally,
we reviewed the final version to confirm that all technical terms and
concepts were appropriately conveyed. The authors assume all
responsibility for the content of this submission.

longer merely experimental technological products but
have become a key resource deeply integrated into scien-
tific (Callaway, 2024; Grossmann et al., 2023), artistic
(Our T2 Remake Team, 2024), and commercial processes
(Maerten & Soydaner, 2024; Poireault, 2024). Accord-
ingly, AIGC now plays an expanding role in the informa-
tion ecosystem (Khan et al., 2025; Sun et al., 2025), with
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the potential to contribute value-added functions during
information use and consumption. However, its high var-
iability across systems and modalities (Liu, 2025), strong
context dependence (Dorotic et al., 2024), and interactive
co-creativity (Moruzzi & Margarido, 2024) challenge the
traditional and static methods of evaluating information
value. These features call for new theoretical perspectives
to understand how the value of AIGC emerges and
evolves through human-AI interactions.

Although current research has begun to address AIGC
information evaluation to facilitate value realization, theo-
retical development remains scarce. First, existing discus-
sions on AIGC information quality often adopt classical
models from the information systems domain, like the
Information Systems Success Model (DelLone &
McLean, 1992), viewing AIGC as a by-product of human-
system interaction. Consequently, most studies have
focused on AIGC characteristics such as accuracy,
completeness, and relevance as indicators of system per-
formance (Choi et al., 2025), overlooking the resource-
specific attributes of AIGC as a novel form of information
resource. Second, current studies on users evaluation
strategies toward AIGC mostly remain at the level of static
evaluation criteria—relatively fixed and predefined quality
indicators—thereby positioning users as passive recipients
rather than value co-creators (Fu et al., 2024). However,
under the influence of AL information quality has evolved
beyond static system features (Shin, 2022), and the interac-
tion between users and Al systems is increasingly viewed
as a dynamic, co-creative process (Li et al., 2023). There-
fore, existing evaluation frameworks are inadequate for
capturing the participatory, dynamic, and contextually
embedded features of AIGC value formation, making it
difficult to systematically reveal the emergent mechanisms
through which AIGC generates value. These instrumental
paradigms, while capable of explaining users’ functional
adoption of GAI models, fall short of revealing the value
emergence process as they function as information
resource carriers. As information resource ecosystems
evolve, a user-centered integrative framework is urgently
needed to structure the knowledge of information use,
uses, and users (Taylor, 1982) in the AIGC context.

To address these gaps, this study investigates the
mechanisms through which AIGC's value as an informa-
tion resource emerges from a user-centered perspective.
Through in-depth, semi-structured interviews with
22 experienced AIGC users, we aimed to bridge the theo-
retical gap between static evaluation models and dynamic
value-co-creation processes. Specifically, this study seeks
to answer the following research questions:

+ RQ1: What factors influence users’ judgment of AIGC's
value as an information resource?

« RQ2: How do user perceptions of AIGC values relate
to their extent of transformation into tangible benefits
during information practice?

« RQ3: What are the critical phases that AIGC must
undergo in its transformation into an information
resource of leverageable value?

By integrating user perspectives with an information-
resource lens, this study developed the AIGC-
Value-Added Framework, which systematically explains
how AIGC's value is exposed, formed, anchored, and
realized. This framework not only extends classical theo-
ries into a novel context but also highlights AIGC's dis-
tinctive role as a dynamic information resource, offering
a coherent framework for understanding and guiding its
construction, organization, and leveraging.

2 | LITERATURE REVIEW

2.1 | Dimensions of value evaluation
Evaluating the value of information has long been a core
concern in LIS, approached through multiple theoreti-
cally grounded dimensions. Classical frameworks for
information quality, such as Wang and Strong's (1996)
model, identify four principal dimensions—intrinsic,
contextual, representational, and accessibility—each
operationalized via specific indicators to capture object-
level properties. The fit-for-use perspective further
emphasizes that value is contingent on the user context
and purpose (Eppler & Wittig, 2000), highlighting the
need for flexible evaluation frameworks across informa-
tion types and user groups (Lee et al., 2002).

Because AIGC can be understood as a continuation of
user-generated content (UGC) in the Al era, essentially a
new modality of content creation enabled by intelligent
tools (Zhu et al., 2025), research on UGC provides a
direct theoretical bridge for analyzing how users evaluate
AIGC. Prior studies of UGC have illustrated how content
attributes, domain relevance, and social cues shape value
evaluations. For instance, detail, readability, and objectiv-
ity influence judgments, while creator prominence and
domain  specificity affect perceived usefulness
and engagement (Liang et al., 2020; Zhang et al., 2021;
Zhuang et al., 2023). User-centered evaluation frame-
works have also incorporated usability, authority, credi-
bility, and comprehensibility, linking information
characteristics to user behavior (Chuenchom, 2011; Tao
et al., 2017). Recent studies evaluating GenAl-generated
information reported that the opaque nature of GenAl
algorithms and the absence of traditional cues signifying
information quality complicate assessing AIGC's value
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(Shin et al., 2025). Collectively, these findings underscore
that value evaluation is multi-dimensional and compli-
cated, encompassing content-centric, technology-
influential, and context-dependent factors.

However, most existing studies have approached
AIGC evaluation from the perspective of information sys-
tems that produce or deliver content (Yan et al., 2024), or
integrated the assessment of content value with system
value (Choi et al., 2025). In the current era, when users
employ GenAl to create content, the trend toward sepa-
rating the system from the content (Raban, 2007) has
become more pronounced. Although the system and con-
tent may be complementary, it is theoretically meaning-
ful to isolate the content-level value evaluation of AIGC
from system-level assessments. Such a distinction allows
for a more precise investigation of how users' information
experiences shape the emergence of AIGC's value.

2.2 | Process of value perception
Information value is predominantly user-determined
rather than inherent in the content, making value per-
ception a subjective process shaped by personal and
social influences (Raban, 2007; Rusho & Raban, 2020).
Understanding how users perceive the value of AIGC
requires reviewing both the cognitive mechanisms of
value perception and the dynamic evolution of these per-
ceptions through repeated interactions. Recent studies
have examined users' perceptions of AI systems across
diverse contexts including work practice (Wang
et al.,, 2023), team collaboration (Dennis et al., 2023),
e-commerce (Cheng et al., 2022; Jia et al., 2026), and
healthcare (Jussupow et al., 2021) to investigate trust
(Saffarizadeh et al., 2024; Wang et al., 2023), adoption
(Ju et al., 2025; Yuniawan et al.,, 2025), satisfaction
(Zhao, Li, et al., 2025), and continuous usage intention
(Sikhondze et al., 2025; Zhou & Ma, 2025). While these
technology-oriented investigations provide foundational
insights, they focus on system acceptance rather than
content evaluation, leaving open questions regarding
how users perceive AIGC's value.

Regarding cognitive mechanisms, early studies dem-
onstrated that users are boundedly rational (Simon, 1955)
and tend to make intuitive decisions based on heuristics,
such as representativeness, availability, and anchoring,
especially under high uncertainty (Kahneman &
Lovallo, 1993; Tversky & Kahneman, 1974). AIGC inten-
sifies the reliance on heuristics. Unlike traditional
sources, AIGC is generated using probabilistic models
(Choi et al., 2025) without identifiable authorship, verifi-
able timestamps, or traceable provenance, while produc-
ing massive volumes of content that may contain
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fabrications (van Dis et al., 2023). These characteristics
render systematic assessments unsustainable and trans-
form heuristic evaluations from convenience to necessity
(Shin et al., 2025).

Moreover, value perception is not a static judgment
but a dynamic process that evolves over time and across
repeated experiences (Raban, 2007; Rusho &
Raban, 2020). Raban (2007) distinguished subjective
value from experience value, demonstrating that experi-
ence value recursively feeds back into users’ mindsets
(or bias-sets), shaping future subjective values. Further-
more, experience increases value perception, particularly
when users actively participate in production (Rusho &
Raban, 2020). AIGC amplifies these dynamics in two
ways. First, real-time generation accelerates the percep-
tion cycle, creating rapid iterations between expectations,
feedback, and revised judgments, whereas output vari-
ance forces continuous recalibration. Second, AIGC blurs
the distinction between consumers and producers. The
value of AIGC emerges through co-constructive engage-
ment, where users contribute contextual knowledge via
prompts, exercise creative agency through iterative
refinement, and integrate output into cognitive and prac-
tical workflows. Users can neither separate Al contribu-
tions from their intellectual inputs nor distinguish
content values from process values. This transformation
challenges frameworks conceptualizing users as “stand-
by evaluators,” suggesting the need for new perspectives
on how AIGC's value emerges as a new type of informa-
tion resource.

Taken together, existing studies provide a valuable
foundation for understanding how users perceive infor-
mation value. However, three critical limitations remain:
(1) value is often treated as a set of static content attri-
butes rather than an evolving construct; (2) assessments
are predominantly system-oriented, overlooking AIGC's
distinct informational dynamics; and (3) the temporal
progression through which value emerges via user-Al
interactions remains theoretically underexplored. To
address these gaps, this study developed the AIGC-
Value-Added Framework, a process-oriented model that
delineates how informational, experiential, and social
factors co-evolve through iterative user engagement. By
tracing the sequential construction and addition of value,
it moves beyond system-oriented and outcome-based
evaluations toward a dynamic understanding of AIGC as
a novel information resource.

3 | THEORETICAL BACKGROUND

Understanding users' information use, uses, and the
mechanisms of value addition associated with AIGC
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requires engagement with established theoretical frame-
works. Various models have been developed to explain
how individuals comprehend, evaluate, and utilize infor-
mation in complex environments. We adopted Zhu's
(2024) conceptualization of AIGC as “a carrier of mean-
ingful and usable multimedia information collections
generated by generative Al based on pretrained data.”
This definition highlights AIGC's essential attributes—its
potential as an information resource with latent value—
and conceptualizes it as a value-bearing and value-
developing medium, not a mere technological output.
Such a perspective provides a foundation for interpreting
users' information-leveraging behaviors and situating our
findings within broader discourses on human-AIGC
interaction.

To further understand how users evaluate AIGC, this
study draws upon dual-processing theories of information
processing, including the Heuristic-Systematic Model
(Chaiken, 1980) and Elaboration Likelihood Model (Cacioppo
et al,, 1986). Both posit that users' evaluations can follow two
parallel routes: a heuristic route based on surface cues and a
systematic route grounded in critical elaboration. These theo-
ries suggest that judgments of AIGC's information value are
shaped not only by cognitive capacity and motivation but also
by contextual cues such as interface design, source credibility,
and perceived effort. Extending these models to the online
information environment, Metzger's (2007) dual-processing
model of credibility assessment emphasizes that users' evalua-
tions depend on their motivation and ability to engage in criti-
cal assessments. When users perceive that inaccurate
information may lead to meaningful consequences, they are
motivated to engage in systematic evaluation. Conversely,
when motivation or cognitive resources are limited, users
tend to rely on heuristic cues. This dual-mode perspective
provides a nuanced understanding of how context, motiva-
tion, and cognitive capacity jointly shape users’ dynamic eval-
uations of AIGC's informational value.

Complementing these cognitive models, Ye's (2010)
framework of all-round evaluation (FAE) provides an
integrative analytical foundation. FAE conceptualizes
evaluation as an act of value judgment consisting of three
interrelated dimensions—form, content, and utility—
through which users ascribe worth to an object. This tri-
partite framework underscores that evaluation is a
meaning-making process that integrates representational
characteristics, informational content, and pragmatic
usefulness. Applying this lens to AIGC enables the sys-
tematic exploration of how users move from recognizing
AIGC's attributes to assessing its instrumental or experi-
ential utility, forming a structured pathway of value reali-
zation. Together, these theoretical foundations enable a
comprehensive understanding of how users engage with
AIGC cognitively and evaluatively, while offering a

multi-level and process-oriented lens for analyzing the
emergent processes of value addition and realization.

4 | METHODS

41 | Research design
Given that current research on the factors influencing
user evaluation and utilization of AIGC, as well as the
mechanisms underlying its value-added emergence,
remains exploratory, we employed semi-structured inter-
views to collect perception-based descriptions from users
with extensive AIGC experience. Through an in-depth,
cross-modal, multi-case qualitative analysis (Miles
et al., 2019), this study identifies the factors that shape
users' value perceptions of AIGC and the mechanisms
through which these factors exert their influence. The
rationale for a cross-modal case study design lies in
the observation that most existing studies draw conclu-
sions from text-based samples (Ju & Stewart, 2024),
whereas AIGC spans multiple modalities, including text,
images, video, audio, and 3D models (Cao et al., 2023).
Therefore, a multi-modal case approach is necessary to
enable cross-validation among the different AIGC modal-
ities. This method helps reduce potential biases arising
from the characteristics of a single modality or the sub-
jective interpretations of the researcher, which might oth-
erwise influence the research outcomes. This also
facilitates the discovery of deeper relationships obscured
by complex phenomena, thereby enhancing the theoreti-
cal saturation and credibility of the findings. The inter-
view protocol was designed with reference to the FAE.
Questions are regarding participants’ general AIGC usage
background, value evaluation with the formal, content,
and utility dimensions of AIGC, and forward looking for
AIGC. Based on the usage background, participants were
then guided to discuss their most frequent or impactful
experiences with specific AIGC modalities. For partici-
pants with experiences across multiple modalities, we
made efforts to encourage them to share insights on all
the modalities they had interacted with, to gain a more
comprehensive, multi-modal perspective.

To ensure the scientific rigor of the protocol, three
participants were invited to a pilot interview and revi-
sions were made based on their feedback.

4.2 | Participants

Following the principle of purposive sampling (Miles
et al., 2019), all participants were required to be early
adopters of GenAl technologies, ensuring they possessed
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substantive, hands-on experience with AIGC, ensuring
their ability to represent typical cases of the studied phe-
nomenon. Recruitment was conducted via the
researchers’ professional and personal networks and
the Chinese social media platform RedNote, and
extended via snowball sampling. To reduce systematic
bias, snowball recruitment was used to balance AIGC use
cases and demographic characteristics. We sought hetero-
geneity in age, education, domain expertise, and primary
AIGC use cases, and we cross-validated emergent themes
across participants with varied profiles. While part of the
sample consisted of technology enthusiasts or individuals
with formal training in computer science or related fields,
we deliberately ensured the inclusion of participants
without STEM backgrounds, thereby capturing a wider
range of perspectives and balancing technical with non-
technical viewpoints. The sampling strategy aimed to
maximize demographic diversity and deliberately seek
individuals with specific experiences or expertise, which
helped mitigate potential confounding factors from
homogeneity in user characteristics, thereby enhancing
the reliability of the findings (McIntosh & Morse, 2015).
The sample size was determined based on theoretical sat-
uration, a process in which recruitment and data analysis
occur iteratively to identify when additional interviews
no longer yield new themes or insights (Creswell &
Creswell, 2017).

4.3 | Data collection

As reported in Table 1, we recruited 22 participants (data
collection: December 2024 to April 2025). The process
involved an initial set of 19 interviews, after which theo-
retical saturation was reached. To further validate this
saturation, three additional interviews were conducted
that produced no new themes, confirming that theoreti-
cal saturation had been achieved (Creswell &
Creswell, 2017). Participants reported substantial AIGC
experience (mean duration = 24.9 months) and a broad
coverage of tools (see Table 1). Participants ranged in age
from 15 to 45years (mean = 27.5; male=15;
female = 7) and represented a spectrum of educational
backgrounds and disciplinary affiliations. Furthermore,
the participants reported active usage of a broad range of
mainstream GAI tools, covering a variety of AIGC modal-
ities, including text (n =22, 42.3%), image (n = 10,
19.2%), code (n = 10, 19.2%), audio (n = 5, 9.6%), video
(n =4, 7.7%), and 3D models (n =1, 1.9%). Interviews
lasted 30-45 min on average. Before each interview, par-
ticipants were informed of the research objectives and
provided explicit consent to participate and to use their
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interview data for analysis. This study adhered to the
principles of institutional ethical standards and received
ethical approval from the Management Department of
the School of Information Management at Nanjing
University.

Except for one participant interviewed face-to-face, all
other interviews were conducted via Tencent Meeting, an
online videoconferencing platform that helped alleviate
the pressure imposed by in-person interviews (Zhao,
Wu, & Song, 2025). Notably, two participants contacted
us voluntarily for a second round of interviews, during
which they provided additional insights. All interview
recordings were transcribed, manually reviewed, and cor-
rected, resulting in a standardized qualitative dataset of
over 250,000 Chinese characters, forming a solid empiri-
cal foundation for subsequent stages.

4.4 | Data analysis

The interview data were analyzed using a qualitative con-
tent analysis approach, supported by MAXQDA 2022
software. As the interview protocol was developed under
the guidance of the FAE, it already had a certain struc-
tural orientation. To minimize the potential influence of
this theoretical perspective on the exploratory coding pro-
cess, we adopted an emergent data-driven coding strategy
(Hsieh & Shannon, 2005). Rather than applying a prede-
fined coding scheme, the coding categories were gradu-
ally constructed through an iterative process involving
two researchers (Wei & Zhou, 2023). Using a card-sorting
technique (Albert & Tullis, 2013), thematically similar
codes were grouped and abstracted into higher-level cate-
gories, allowing the coding framework to take shape
incrementally.

Triangular validation of the sample analysis process
was employed to ensure the depth and credibility of the
qualitative research. Data analysis involved three per-
spectives: users, developers, and relevant researchers.
Additionally, AIGC experiences were cross-validated
across multiple modalities, products, and use cases,
enabling us to capture a broad range of viewpoints. This
validation ensured our theoretical saturation process was
comprehensive and rigorous, thus enhancing the credi-
bility of our findings. Regular meetings were held to dis-
cuss emerging concepts and clarify coding rules, leading
to continuous refinement of the coding scheme. In the
final phase, intensive team meetings were conducted to
resolve ambiguous codes. These meetings involved com-
paring tentative codes with existing categories, addres-
sing discrepancies, and updating codebooks accordingly
before the final version was consolidated.
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TABLE 1 Participant characteristics.
Duration

ID Age (month) Gender Education Occupation Major Content type

ID_01 20 20 Male Bachelor Student Information Systems Text, code

ID_02 28 23 Male Master University Art Studies Text, image
Administrator

ID_03 21 20 Male Bachelor Student Clinical Medicine Text, code, 3D model

ID 04 24 24 Male Master Student Sociology Text

ID_05 30 25 Female  Master Al Product Computer Science Text
Development

ID_06 31 25 Male Bachelor Al Product Finance Text, code, video,
Development image

ID_07 25 24 Female  Master Student Information Sciences Text, video, audio,

image

ID_08 32 25 Male PhD Al Researcher Library Science Text, code, image

ID_09 21 14 Male Bachelor Student Internet and New Media Text, image

ID_10 45 30 Male PhD AI Product Automation Text
Development

ID_11 35 18 Female  Bachelor Al Technology Computer Science Text, image, audio
Development

ID_12 29 24 Female PhD Al Researcher Information Sciences Text, code, image

ID_13 15 36 Female Junior High Student Science Student Text, image

School
ID_14 27 24 Female  Master Al Researcher Management Science and  Text, code
Engineering

ID_15 31 25 Male Master Foreign Trade and Public Policy Text, image, video,
Social Media audio, code

ID_16 26 14 Male Bachelor Internet Operations Computer Science Text, video

ID_17 25 24 Male Master Student Information Sciences Text, code

ID_18 16 40 Male High School  Student Science Student Text

ID_19 17 26 Male High School  Student Science Student Text

ID_20 34 36 Male Bachelor AI Technology Artificial Intelligence Text, code
Development

ID 21 36 26 Male Master AI Product Digital Marketing Text, code, video,
Development audio, image

ID_22 37 24 Female  Master Al Product Journalism and Text
Development Communication

Note: Usage duration was self-reported by respondents and measured up to the time of the interview.

5 | FINDINGS
5.1 | Driving factors

The driving factors represent the initial phase that shapes
users' value perceptions of AIGC. Comprising three
dimensions—task category, social influence, and individ-
ual feature—these factors collectively establish users' ini-
tial expectations regarding AIGC's performance and

continue to exert influence throughout subsequent pro-
cesses of engagement.

51.1 | Task category

The task category reflects the users' purpose-driven varia-
tions in generating AIGC across different contexts, serv-
ing as a core external driver that triggers users to seek
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value. Different task types guide users to focus on distinct
attributes of information quality and shape divergent
pathways of value perception.

« Task complexity: This refers to the clarity of the prob-
lem structure and determinacy of solutions. In low-
complexity tasks, users tend to view AIGC as a direct
content resource for problem solving, with evaluations
focusing on accuracy and completeness. For example,
ID_02 stated, “Since I work in university administration
and (need) documents like notifications, it [AIGC
<Text>] can help me handle this completely fine.” In
contrast, for high-complexity tasks, users place greater
emphasis on AIGC's ability to inspire problem-solving
ideas and act as a reference tool offering multi-
perspective, process-oriented guidance.

 Task personalization: This influences how users evalu-
ate the degree of alignment between AIGC and their
specific task requirements, emphasizing that the AIGC
should faithfully adapt to personal needs and the task
contexts. In highly personalized tasks, users expect the
generated content to accurately reflect their intentions
and contextual backgrounds. For instance, ID_16 noted,
“We once needed a video of an American college student
walking on campus, but we couldn't find anything suit-
able online. So, we used Al to generate a video of that spe-
cific scene (to meet our specific requirements) ...”

« Task importance: This shapes users' tolerance for risks
and the strictness of evaluation criteria. For low-
importance tasks, users often adopt a delegation mode
(Baird & Maruping, 2021), aiming to minimize human
input. They will have high satisfaction as long as AIGC
meets basic expectations and saves time. For example,
ID_20 commented, “During finals, using it [AIGC
<Text>] for writing papers in some less important and
demanding courses is extremely useful” By contrast,
high-importance tasks lead users to expect AIGC to
produce content that matches or exceeds standards
they can achieve themselves.

In addition to these three dimensions, task-related
attributes such as procedurality, certainty, urgency,
repeatability, subjectivity, and concreteness also influ-
ence how users evaluate AIGC and form their expecta-
tions of its value.

5.1.2 | Social influence

Social influence drives user engagement with AIGC
through cognitive framing and behavioral modeling. It
serves as a major external impetus in that users’ initial
motivations and actions are shaped by their surrounding
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environment. During the early stages of AIGC adoption,
social influence provides potential users with behavioral
references that reduce their psychological barriers to use,
thereby encouraging more individuals to experiment with
AIGC. This influence operates through the following two
aspects:

« Media outreach: Media outreach shapes the public's
early engagement with AIGC by influencing their cog-
nitive framework and formation of expectations.
Reports on AI breakthroughs and trending applica-
tions raised public awareness, stimulating curiosity. As
ID_01 remarked, “My first exposure to AIGC <Text>
probably came from the news. At the time, ChatGPT
was introduced as a chatbot and featured in media
reports. A lot of people were talking about it... then
everyone started sharing (their chat records with
ChatGPT). So at that time, I felt it magical to generate
such content.”

« Community influence: This facilitates the diffusion of
AIGC adoption through strong-tie social networks.
Observing the behavior of important referents plays a
critical role in individuals' adoption decisions
(Venkatesh & Davis, 2000). Several interviewees men-
tioned their decision to use Al tools for content genera-
tion was prompted by peer recommendations.
Compared with general media promotion, behavior
modeling within trusted social circles has proven more
persuasive.

5.1.3 | Individual feature

In addition to external driving factors, individual features
remain the intrinsic determinants of users' willingness to
engage in active generation. This dimension refers
to wusers' inherent and relatively stable personal
characteristics.

« Ability: This refers to the users' level of competence in
using AIGC to solve problems, which is primarily
shaped by domain expertise and information literacy.
Domain expertise reflects the depth and breadth of
users’ understanding in a given field, which influences
their judgment of AIGC attributes like accuracy. For
example, ID_02 noted, “I use it [AI] to generate some
code, and while the output is usable, I can't really tell if
it's good or not—I just don't have the professional knowl-
edge to evaluate it.” Information literacy refers to users'
ability to access, evaluate, organize, and effectively uti-
lize information. In AIGC contexts, users with higher
levels of AI competence and information conscious-
ness tend to exhibit stronger sensitivity to
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technological development and were more likely to
engage with AIGC early. As ID_08 commented: “I first
started using them [ AIGC <Text and Image>] mainly
because I do research in information management. I'm
quite sensitive to the changes in content.”

« Personality: This dimension refers to relatively stable
psychological traits, particularly those associated with
technology acceptance such as openness to experience
and risk. Users with higher openness are more recep-
tive to technological innovation and demonstrate
greater interest in exploring AIGC's creative uses. For
instance, ID_06 stated, “I tried them [AIGC <Text,
Code, Video and Image>] basically out of curiosity. I
saw this new technology (that could generate content),
and I think I should keep up with it.”

5.2 | Attribute evaluation

Once activated by both internal and external driving fac-
tors, users often engage with AIGC and conduct multi-
dimensional evaluations of the generated content. These
evaluation practices can be categorized into horizontal
evaluation and longitudinal evaluation. The former
focuses on comparative assessments across multiple
instances of AIGC, while the latter emphasizes the intrin-
sic quality of a single instance of generated information
resource.

5.2.1 | Horizontal evaluation

Unlike UGC, a key characteristic of AIGC is users' ability
to generate multiple outputs on the same topic quickly
and to compare versions by switching across AI models.
Therefore, AIGC is not treated as the single best answer
but as part of an iterative process where users actively
adjust and refine content. In this process, users typically
rely on several key dimensions:

« Diversity: Users expect significant variations in logic,
style, tone, and perspectives across AIGC. For instance,
ID_11 remarked: “When I use it [AIGC <Image>], 1
find it suffers from excessive homogeneity. My colleague
and I gave it similar prompts, and the generated content
showed barely any differences.” Users often attribute
such homogeneity to repetitive structural and rhetori-
cal patterns. As ID_04 noted: “When I asked it
[AI] about a personal dilemma, I could almost predict
what it was going to say next—it [AIGC <Text>] would
always begin with an objective analysis and end with
something like ‘Cheer up!””

« Adaptability: Users place increasing demands on
AIGC's ability to adapt to specific task contexts. For
example, ID_16 stated: “I expect it [AIGC <Text>] to
mimic the tone and formatting styles of different social
media platforms, as well as their platform-specific lan-
guage usage.”

« Exclusivity: In commercial settings, concerns regarding
content exclusivity, legal compliance, and copyright
infringement are critical to user evaluation. ID_16 fur-
ther commented: “I work in online marketing and need
to use AIGC <Image and Video> for video platform
promotions ... so I have to double-check the Al-generated
characters and props to ensure there's no infringement
risk that could get my content taken down.”

5.2.2 | Longitudinal evaluation

Similar to traditional information quality frameworks
(Wang & Strong, 1996), users conduct comprehensive
longitudinal evaluations of AIGC content. However, the
evaluation of AIGC exhibits several emerging
characteristics:

« Refinement: This captures user expectations of concise
and well-crafted responses. Users often prefer AIGC
which is compact, has high informational density, and
is free of redundancy. For example, ID_22 commented:
“A lot of the examples or vocabulary used by AIGC
<Text> feel like they're just piled on top, many of them
are actually meaningless. Sometimes it uses overly
ornate words to appear elegant, but it doesn't make sense
(to me).”

« Indexability: Compared to reference lists and index
sections which were attached to the traditional infor-
mation resources like academic books, users have
broader requirements for AIGC's indexability, which
emphasizes not only backward traceability but also the
heuristic expansion of knowledge boundaries. This
enhances transparency and helps users locate and ver-
ify supporting facts.

« Tone: A notable characteristic of AIGC is its use of
emotionally expressive statements and stylistic lan-
guage, which can influence user experience. On the
one hand, some users find emotionally charged lan-
guage valuable. For instance, ID_13 stated: “Its [AIGC
<Text>] emotional tone can really lift you from a state
of low mood to a positive emotional state.” However,
others may prefer instrumental tones. As ID_21
remarked: “I don't really care about the emotional value
it [AIGC <Text>] offers ... As long as it provides me with
rational or functional assistance, that's enough.”
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+ Timeliness: Users are concerned about whether AIGC
reflects up-to-date world knowledge, particularly in
time-sensitive domains such as news, academic
research, and product reviews.

» Scope: This refers to AIGC's breadth and depth of
knowledge, as well as its ability to adapt to contextual
and local linguistic nuances. Users expect AIGC to
cover not only explicit, domain-specific knowledge but
also tacit knowledge (Howard & Okan, 2025; Misyak
et al., 2014), such as social norms. ID_05 observed: “I
hope it [AIGC <Text>] can cover more specialized
domains. Much of that information is not publicly acces-
sible. There are also certain social norms and unspoken
rules that I wish it could understand.” In addition, users
highlighted the need for localized language adaptation.
For example, ID_07 noted: “Its [AIGC <Text>]
(Chinese) expression has a mechanical feel as if trans-
lated directly from English.”

In addition to these dimensions, users evaluate AIGC
based on its explicitness, accuracy, correctness, and
depth. They expected AIGC to avoid being overly formu-
laic, verbose, or fabricated, and instead be structured,
meaningful, and trustworthy.

5.3 | Value perception

After completing a comprehensive quality evaluation of
AIGC, users develop a value perception that often mani-
fests as a state of flow experience. Critically, this percep-
tion differs from technology acceptance -constructs
(Davis, 1989) in that it evaluates AIGC as an independent
information resource rather than as intrinsic system con-
tent representing GenAl's performance, and it captures
post-generation assessment of specific outputs rather
than anticipatory attitudes. In this phase, users become
aware of the security, usability, and usefulness of AIGC,
which directly influences their subsequent decisions on
whether and how to further leverage the content.

5.3.1 | Security

Security refers to the users' holistic judgment of AIGC's
credibility, compliance, and privacy as an information
resource. This concerns the inherent risk of the content
itself, instead of traditional IS security research focusing
on system reliability.

« Credibility: This serves as a key criterion in user judg-
ment of AIGC value (Wu et al., 2024). Users generally
express concerns about whether AIGC is grounded in
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authoritative data sources, and whether there is a risk
of false information (Choi et al., 2025). They are also
concerned with the consistency of the content, particu-
larly when the same query yields different or even con-
tradictory results. For instance, ID_04 remarked:
“Maybe it's just my bias, but I always feel like it [AIGC
<Text>] pulls bits and pieces from random places online
like a secondhand dealer patching together a response.”

« Compliance: Whether AIGC complies with social
norms, industry standards (Brundage et al., 2024), and
Al regulatory frameworks, as well as whether the
user's use is restricted by the platform's policies. For
example, ID_19 expressed frustration: “There are just
too many banned words. I really hate the forbidden
word list!”

« Privacy: Given that GenAl providers frequently update
their service terms and their models are in fierce com-
petition, users are particularly sensitive to how their
personal data are handled (Shin & Park, 2019). They
express whether their inputs or registered personal
information may be inadvertently revealed or regurgi-
tated to other users through the generated content. As
ID_21 emphasized: “It [AIGC <Text>] must provide
strong guarantees around my privacy and personal
information. It shouldn't violate my privacy.”

5.3.2 | Usefulness

This refers to the extent to which AIGC serves as an
effective knowledge-production factor. This diverges con-
ceptually from TAM's perceived usefulness (Davis, 1993),
which captures users' beliefs that using a system will
improve job performance. Critically, AIGC usefulness is
output-contingent rather than system-level, as the same
GenAlI system may produce outputs that users perceive
as vastly different in usefulness. Two key aspects are
involved.

« Human augmentation: This refers to AIGC's role in
guiding and inspiring users, particularly in unfamiliar
or cognitively demanding contexts. As ID_05 stated:
“At work, when dealing with areas that are cutting-edge
or outside of my expertise, it [AIGC <Text>] walks me
through them, it tells me which (information) is correct
and which is not.”

« Production factor substitution: This aspect highlights
AIGC's ability to substitute traditional inputs, such as
human labor, time, and financial cost. Users recognize
that AIGC enhances productivity through personaliza-
tion and creative capability, and in many cases,
reduces reliance on traditional information resources.
For instance, ID_03 remarked, “If we actually do
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experiments to capture an image of a protein structure,
it's still quite expensive. But if we use AlphaFold
[AI] (by inputting the protein’s amino acid sequence to
get a 3D protein model in advance), the cost can be sig-
nificantly reduced. It [AIGC <3D Model>] can serve as
a screening tool.”

53.3 | Usability
Usability refers to user perceptions of the ease with
which AIGC can be accessed, comprehended, and itera-
tively modified. This differs from TAM's perceived ease of
use (Davis, 1989), which captures users’ perceptions
of effort required to operate a system. While TAM focuses
on the system interface, AIGC usability concerns whether
users can efficiently and conveniently engage with the
generated outputs. For instance, an easy-to-use system
may produce outputs that users find difficult to use
because of a poor structure.

+ Accessibility: Users expect few barriers to accessing
AIGC, including minimal geographic or policy-based
restrictions, short waiting times, low cognitive effort,
and limited financial cost (Mosha, 2025).

» Modifiability: This denotes the extent to which the
content can be precisely edited and iteratively refined
to align with user needs. Unlike traditional informa-
tion resources, which generally permit only passive
consumption or manual adaptation, AIGC fosters the
expectation that output can be dynamically modified
through interactions. As ID_07 noted: “... Compared to
Suno, Tianyin gives me a lot more control to tweak the
(Al-generated) music [AIGC <Audio>]. I can precisely
edit things like the melody and lyrics ... This solved the
problem of not being able to fine-tune the output
precisely.”

« Comprehensibility: Although AIGC can handle
highly complex information, users expect its external
structure and internal logic to be clear and cognitively
aligned with their understanding. Here, comprehensi-
bility refers not to algorithmic transparency or
explainability, but to the extent to which AIGC can
be easily understood, absorbed, and internalized by
users in ways that enhance their ability to further uti-
lize the content. Evaluation includes factors such as
hierarchical structure, degree of structural organiza-
tion, avoidance of redundancy or incoherence, and
the appropriateness of terminology for the target
audience. As ID_21 remarked: “It [AIGC <Text>]
doesn't necessarily have to use bullet points or num-
bered lists, but overall it must be clear and the logic
must make sense.”

54 | Expectation confirmation

54.1 | Fixed expectation confirmation

Fixed expectation confirmation refers to scenarios where
users maintain initial expectations and do not adjust their
evaluative thresholds. These users typically evaluate AIGC
based on prior experience or pre-established standards,
treating it as a tool that conforms to predefined criteria.
They tend to apply static evaluation standards used for tra-
ditional information resources, expecting AIGC to meet
these benchmarks without deviation. The degree of expec-
tation confirmation aligns strictly with original expecta-
tions. For instance, ID_22 noted: “I feel particularly
satisfied to retrieve fixed information ... maybe because (the
results) [from AIGC <Text>] are pretty accurate. But I get
really dissatisfied when I search for something and AIGC
<Text> is different from what I have had in mind.”

54.2 | Adaptive expectation confirmation
Adaptive expectation confirmation refers to the flexible
adjustment of user expectations through iterative interac-
tions with AIGC. Users with an adaptive conformation
continually recalibrate their initial expectations during
multiple rounds of content generation, forming a cyclical
loop of expectation confirmation, standard adjustment,
and re-confirmation. They dynamically perceive AIGC's
capabilities and revise their expectations to align with its
actual performance, resulting in a spiral, multi-level pat-
tern of expectation confirmation. As ID_01 explained: “...
But honestly, I wasn't expecting much (from AIGC
<Code>) at first, so when it doesn't do that well, I don't
really think it's incompetent or anything.”

These two types of expectation confirmation were not
mutually exclusive and may coexist within the same user
depending on the task scenario. The three driving
factors—task category, social influence, and individual
features—jointly shape the confirmation mode a user is
more likely to adopt. For instance, high-importance tasks
are more likely to trigger fixed expectation confirmation,
whereas highly personalized tasks tend to activate adap-
tive expectation confirmation.

5.5 | Resource leveraging

Resource leveraging refers to the stage in which users
actively utilize, refine, and transform AIGC into value-
added outcomes. This phase represents the practical
implementation of users' prior evaluations and percep-
tions, marking a transition from value perception to
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resource-leveraging processes, which form the direct
foundation for value realization. Resource leveraging
includes two distinct modes: immediate leveraging and
sustained leveraging. These modes reflect different strate-
gies users adopt when developing AIGC content into
actionable or sustainable information assets.

5.5.1 | Immediate leveraging

Immediate leveraging refers to the process by which
users rapidly refine and extract values from AIGC within
a short period. This mode of leveraging primarily mani-
fests in the following five behaviors:

+ AIGC rejection: It refers to the active elimination of con-
tent that fails to meet individual standards. Rejection is
not only a denial of the current content but also a start-
ing point for regenerating AIGC. This behavior reflects
the iterative nature of AIGC, whereby users do not pas-
sively accept content as they would with static informa-
tion but actively participate in content re-production.

+ AIGC verification: It involves parallel use of technical
and human verification strategies. This compound
validation approach demonstrates users' cautious atti-
tudes toward AIGC credibility and functions as a self-
protective mechanism against potential hallucinations.

+ AIGC modification: It suggests that users treat AIGC as a
malleable resource rather than a definitive one. The
modification behavior reveals the processual nature of
AIGC as an information resource and reflects users' dual
roles as content co-creators and gatekeepers, emphasiz-
ing the central position of humans in content generation.

« AIGC adoption: It represents users' value judgment
and serves as the final expression for expectation con-
firmation. Direct adoption indicates high alignment
between AIGC and users' information needs, whereas
selective adoption reflects users' capabilities to extract
valuable content segments.

+ AIGC sharing: It constitutes an external expression of
individual evaluation and value perception, establishing
a public discourse space for AIGC assessment and facili-
tating shared evaluative norms. Users may share AIGC
for various reasons, including showcasing its usefulness
(when outcomes are positive) or drawing attention to its
flaws (when outcomes are problematic).

5.5.2 | Sustained leveraging

Sustained leveraging reflects the long-term realization of
value from AIGC and is characterized by three deeper
forms of engagement:

| JASIST RUIREm

« AIGC hoarding: This indicates the users' recognition of
the latent value of AIGC. Users may store content that
appears useless without editing it, viewing it as a
potentially valuable resource for future use. As ID_10
noted, “I usually keep it [AIGC <Text>] stored there
([in Recent Chats)], but it's hard to say when I'll actually
use it later. Anyway, I'm just not in the habit of deleting
it or clearing it out.”

« AIGC instrumentalization: Refers to the transforma-
tion of one-time generated content into sustainable
productivity resources. By constructing knowledge
bases, users can integrate scattered AIGC into struc-
tured resources, making it a critical instrument for
long-term learning and work support. For example,
ID_03 stated, “I saved the Al-generated deep learning
model code in a folder. When I need it later, I just go into
that folder, find it, tweak it a bit, and use it in my new
code ... In deep learning models, a lot of functions-like
the test function-basically stay the same, so I might just
copy and paste them directly.”

« AIGC internalization: Represents the transformation
of AIGC from external information to internal cogni-
tive structures. This knowledge assimilation mecha-
nism enables AIGC to transcend its role as a mere tool
and become part of users' cognitive expansion, ulti-
mately influencing their mental schemas and knowl-
edge systems. It signifies the deepest level of impact,
where AIGC reshapes how individuals learn, think,
and express. As ID_05 stated, “For the IELTS Task
1 essay, there are basically just a few set writing patterns.
After generating expressions using Al multiple times, I
compiled them [AIGC <Text> ] together, and they [AIGC
<Text>] gradually became my own (writing
expressions).”

5.6 | Value transformation

The value of AIGC is realized through its transformative
impact on how users understand and transform the
world.

5.6.1 | Understanding the world

When AIGC is embedded in users' daily work and inter-
personal communication, it becomes a new form of
informing knowledge that shapes how users understand
the world. In this context, users are not simply exploiting
AIGC but are engaged in dialogue with it, learning from
interaction and dynamically adjusting their cognitive
schemas (Shea & Wulf, 2005). As ID_04 noted: “After
using (contents generated by) GPT more frequently, I feel
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like T've been assimilated by it [AIGC <Text>]. For
instance, in terms of language style and thinking patterns.”
This reflects deep, implicit cognitive interventions, simi-
lar to how books influence a reader's worldview
(Chapman & Tunmer, 1997). AIGC also triggers emo-
tional responses through its expressive use of language.
When its content is natural and uplifting, users often
experience surprise and delight. Conversely, when the
content is vague, rigid, or overly polite, it may elicit feel-
ings of aversion. For example, ID_01 remarked: “You
[AIGC <Text>] know me so well that even gives me that
flattered feeling, like it's complimenting me.” Moreover, as
a conduit for information and proto-knowledge (Zhu
et al., 2024), AIGC enables users to access unfamiliar or
abstract domains, expanding their cognitive boundaries.
As ID_04 observed: “What's great is that (AIGC <Text>)
can disrupt ([expand)] the scope of your knowledge.” How-
ever, while AIGC can enhance user capabilities, it may
also foster information dependency and diminish users'
original creativity, critical thinking, and independent rea-
soning. As ID_05 warned: “(After reading too much AIGC
<Text>) I feel like my writing and thinking skills have seri-
ously declined!”

5.6.2 | Transforming the world

The value transformation of AIGC is further reflected in
how users develop and apply it in concrete practice, ulti-
mately serving the broader purpose of transforming the
world.

« Problem solving: AIGC, such as outlines, images, or
summaries, is rapidly integrated into user tasks involv-
ing writing, presentation, and communication. This
content is immediately converted into resources for
action. As ID_07 shared: “I directly compare the
answers [AIGC <Text>] to the literature (especially for-
eign language sources). It [AIGC <Text>] really boosts
my reading efficiency.” In this sense, AIGC functions as
an immediate value resource, participating in the value
chain within a short time span and fulfilling practical
functions.

+ Action change: AIGC also operates as a kind of pro-
ductive knowledge repository, the influence of which
may extend beyond the user. It is often retained for
long-term use and redistributed through indexing,
sharing or citation. For example, ID_08 noted: “This
[AIGC <Code>] is something I'll use long term,” and “I
can convert some of the Al-generated interview guides
into PDFs and share them with my collaborators so they
can also review (and implement them).” Once such con-
tent enters the networked archive ecosystem, it may

persist as a form of durable content asset, shaping not
only individual actions but also broader collective
practices.

6 | DISCUSSION

6.1 | AIGC-value-added framework

The explosive growth of big data (Kitchin, 2014) and the
democratization of information production by GenAl
necessitate a re-evaluation of how AIGC should be
assessed as an information resource, as well as a deeper
understanding of its value-added (Benkler, 2007) realiza-
tion pathways. Drawing from our qualitative findings
and integrating insights from the dual-processing model
(Metzger, 2007), value-added processes theory
(Taylor, 1982; Taylor & Voigt, 1986), and information
lifecycle theory (Marchand & Horton, 1986), we propose
an AIGC-Value-Added Framework (Figure 1). Based on
our cross-sectional interview data, the proposed frame-
work identifies key phases of AIGC value emergence as
experienced by users. While we present these phases in a
structured manner, we acknowledge they may occur iter-
atively, simultaneously, or in varying sequences depend-
ing on specific user contexts.

Figure 1 shows the direct phases of user interaction
and AIGC leveraging, comprising four distinct phases:
value exposure, value formation, value anchoring, and
value realization. These phases, presented sequentially
for analytical clarity, should be understood as intercon-
nected dimensions that emerged from participants’ retro-
spective accounts. Each phase incorporates elements
from traditional information lifecycle processes but
reconceptualizes them within the context of user-driven
value emergence.

Traditional information life cycle models have a well-
defined information ecology consisting of information
producers, transmitters, and consumers (Marchand &
Horton, 1986). However, the anthropomorphic ease of
use of GenAl chatbots has collapsed these traditionally
separate roles into a fused structure. This fusion is associ-
ated with a state of information egalitarianism, in which
users act simultaneously as initial producers, transmit-
ters, and ultimate consumers of AIGC. Thus, they collec-
tively constitute the generative and embedded structures
of the information ecosystem.

Specifically, the value-exposure phase begins when
users perceive a task-related context with a sense of inef-
ficacy in achieving desired outcomes, associated with
their intention to create, acquire, and use AIGC. This
phase adds a pre-creation stage to the traditional infor-
mation lifecycle (which usually starts at creation) where
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FIGURE 1 Al-generated content-Value-Added Framework. This framework represents theoretical relationships derived from

qualitative analysis, rather than empirically validated causal paths.

users identify information needs and recognize potential
solutions. In this sense, AIGC has emerged as an infor-
mation resource designed to empower users to transform
their understanding of the world or the world itself.

In the value-forming phase, users engage in attribute
evaluation to assess the generated content. This phase
integrates traditional information lifecycle processes of
content creation and initial acquisition as users generate
and simultaneously collect AIGC. The transformation
from attribute evaluation to value perception involves a
cognitive aggregation process whereby users synthesize
multiple attribute-level assessments, weighting them by
driving factors and context, personal priorities, and con-
textual factors, to form holistic judgments about the
AIGC's adequacy. More specifically, at this phase users
assess how well the current form of AIGC satisfies their
own needs by drawing on its horizontal and longitudinal
attributes—such as  diversity, adaptability, and
refinement—thereby perceiving the immediate value of
AIGC in terms of security, usefulness, and usability.

The value-anchoring phase builds upon the initial
value formation as users evaluate the information quality
and perceived value of the AIGC they generate
(Levitan, 1982). Whereas value-formation centers on
evaluative cognition (users' immediate sense-making of
generated outputs), value anchoring involves stabilizing
cognition (integration into users' knowledge schemas).
This phase incorporates elements of traditional informa-
tion organization and storage as users mentally contextu-
alize AIGC within their knowledge frameworks. This
process involves a comparison between AIGC and users'
fixed or adaptive expectations, which contributes to the
confirmation and stabilization of value. This process is
iterative and contextually mediated; emergent value per-
ceptions may shape subsequent attention to specific attri-
butes, creating a reciprocal feedback loop. Value
anchoring is not influenced solely by AIGC's properties
but is substantially shaped by the driving factors present
during the value exposure phase (Taylor & Voigt, 1986).
Moreover, because of the interactive nature of GenAl

85U8017 SUOWIWIOD BA 11810 3ol dde 8y Aq pauenob ae sapile O ‘8sN JO Sa|n 10} AT aUIIUO AB[IMW UO (SUONIPUCD-pUe-SWBIALI0O" A 1M ATl [Bul[UO//SANL) SUORIPUOD PUe swie | 8y} 88s *[9z202/70/c0] Uo Areiqiauluo /1M * Aisieaiun BuilueN - nyz n A Aq T900L S2/200T 0T/I0p/u0o" A Im A eIq1jBuI O’ [PISISe//SANL WO1j papeo|uMod ' ‘9202 ‘SrITOEES



ZHU ET AL.

R A JASIST

tools, we emphasize that AIGC's value is not fixed but
emerges through the user's continuous information expe-
rience (Rusho & Raban, 2020). Through this mechanism,
users move from attribute assessments to coherent
context-oriented value perceptions, bridging the gap
between specific content characteristics and holistic
informational value realization. As such, attribute evalua-
tion and value perception may be mutually influential
and bidirectional.

Last, in the value realization phase, which corre-
sponds to the utilization stage in traditional models, we
observe that AIGC's value encompasses both use value
and exchange value. While use value is dominant
(e.g., when AIGC serves directly in users' problem-
solving or productivity tasks), exchange value becomes
evident in sharing behaviors, where AIGC is distributed
to third parties. These two types of values enable embed-
ded co-creation between humans and Al (Vargo &
Lusch, 2016), which we term embedded generative value
(Foster & Clough, 2018). This value is endogenous to the
iterative cycles of generative expectation (re)confirmation
experienced by users (Rusho & Raban, 2020). However,
the AIGC value ultimately depends on the usage context.
Although some users may share their AIGC online or
repurpose them as source material, our observations sug-
gest that, unlike traditional web-based information
resources, the co-creative experiences and values gener-
ated through AIGC do not appear prominently in social
media spaces (Prahalad & Ramaswamy, 2004). Instead,
they tend to be implicitly embedded in users' daily lives
or absorbed into traditional information resources.

6.2 | Theoretical contributions

This study employs a bottom-up concept coding approach to
construct the AIGC-Value-Added Framework, which inte-
grates TAM (Davis, 1989), Expectation Confirmation Theory
(ECT) (Oliver, 1980), and value-added processes
(Taylor, 1982). The framework systematically delineates how
AIGC engages with users through four phases: value expo-
sure, formation, anchoring, and realization, thereby explicat-
ing the complete process of AIGC emergence. This
framework reaffirms the applicability of existing theories and
extends their explanatory power. First, drawing on TAM2
(Venkatesh & Davis, 2000), it retains the notion that social
influence shapes perceived usefulness yet transcends TAM's
static decision focus by extending it to a fine-grained,
dynamic information perception framework. Second, it
advances ECT by adapting it to the multistage, continuous
nature of AIGC generation, unifying pre- and post-adoption
expectations (Bhattacherjee, 2001), and emphasizing how
users continually adjust their evaluations through ongoing

interaction. Third, it broadens the applicability of value-
added processes in human-machine collaboration by
explaining how AIGC users incrementally enrich their initial
AIGC and ultimately achieve both understanding and trans-
formation of the world through continuous engagement
(Taylor, 1982). This highlights the active role of users as pro-
ducers in the AIGC value transformation process and reveals
the central position of humans in AIGC value addition.
More importantly, we recognized the fundamental
distinction between AIGC and traditional human-
authored content. AIGC carries knowledge and satisfies
users' information needs, conforming to the classical defi-
nition of information resources in LIS (Ray, 2025). How-
ever, unlike traditional resources, AIGC acquires
dynamic technological properties due to its co-creation
characteristics. AIGC content is generated in real time, is
instantly responsive, and exhibits the features of a living
information resource. This dynamism shifts the locus of
value from being embedded in static content to emerging
through ongoing interactions between users and the
GenAl system. By integrating perspectives from informa-
tion resource theory, technology acceptance, and value
realization, our framework constructs a systematic
knowledge structure that offers a comprehensive expla-
nation of AIGC's value exposure, formation, anchoring,
and realization. This significantly enriches our under-
standing of AIGC-related information practices in the
fields of Information Science and Information System.

6.3 | Practical implications
AIGC is reshaping the mechanisms of information
resource generation and utilization patterns, comparable
to or even surpassing the rapid and profound transforma-
tion brought by web-based information resources in the
1980s and 1990s. As a discipline concerned with
the development, organization, and utilization of infor-
mation resources, LIS must respond to this paradigm
shift. It is imperative to understand the value-added
mechanisms of AIGC from the perspective of the emerg-
ing information resource lifecycle. The AIGC-
Value-Added Framework we propose not only reveals
how value emerges through user engagement but also
provides a theoretical foundation and practical
framework for future organization, retrieval, and use of
AIGC-based resources. This perspective emphasizes that
information systems should not focus solely on the tech-
nological question of how AIGC is generated, but also
consider how it is used and value-added after generation.
Our findings offer the following practical insights for
libraries, data centers, and other information service
institutions.
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» AIGC should be incorporated into a broader informa-
tion resource system and managed accordingly. This
calls for a paradigm shift in information resource
management—from a traditional model of “static
collection—structured organization-passive utilization”
to a model characterized by “semantic reconstruction-
dynamic generation-collaborative value creation.”

+ GenAl system design should integrate mechanisms
that support the verifiability, indexability, and reus-
ability of generative content to promote the sharing of
high-quality AIGC and facilitate cumulative knowl-
edge construction.

« Information literacy education should incorporate
training in the recognition, evaluation, and responsible
use of generative information resources, fostering
users' capabilities to evaluate the quality and value
of AIGC.

« In this era of normalized AIGC usage, institutions
should proactively address governance issues related to
content boundaries, accountability, data security, and
privacy by formulating industry standards and ethical
frameworks.

Looking ahead, computer science will continue to
explore how to generate better results, and behavioral sci-
ences will examine how to use it more effectively. How-
ever, the task of LIS is to answer a different yet critical
question: “What has been generated, and how can this
content meaningfully enrich our knowledge and trans-
form the real world?” This study offers an inclusive path-
way for the effective development of AIGC as a novel
information resource and provides practical cognitive
frameworks and strategic guidelines for stakeholders nav-
igating the evolving information environment.

6.4 | Limitations and future work

This study has some limitations. First, although this
framework provides a comprehensive conceptual struc-
ture for understanding AIGC value emergence based on
our qualitative findings, we acknowledge that the tempo-
ral and causal relationships suggested here represent the-
oretical propositions rather than empirically validated
sequences. Future longitudinal studies, experimental
designs, and diary methods can further test and refine
the dynamic aspects of these value phases, potentially
revealing additional nuances in how users experience
and realize value from AIGC across different temporal
contexts and usage scenarios. Second, the proposed
framework is primarily based on self-reported qualitative
data from semi-structured interviews, which may be sub-
ject to recall bias or subjective interpretations. Although
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rigorous content analysis procedures were employed, cog-
nitive discrepancies may still exist. Third, the analysis of
AIGC as an information resource inevitably intersects
with its technical foundations. During interviews, partici-
pants often conflated the performance of GenAl tools
with the value of the content they produced. This obser-
vation highlights the need for the academic community
to clearly distinguish the analytical boundaries between
tools and resources when conducting in-depth discus-
sions on AIGC's information resource value.

In the future, a critical research agenda would be to
construct a generalizable and operationalizable evalua-
tion framework for AIGC quality. Such a framework
would not only facilitate the selection and leveraging of
high-quality generative content but also support the man-
agement and service design of AIGC within broader
information systems. Moreover, while this study offers an
initial discussion of the confirmation mechanism in
AIGC value realization, the underlying user cognitive
models, expectation adjustment pathways, and resulting
validation strategies require further theoretical and
empirical investigation.

ACKNOWLEDGMENTS

Authors gratefully acknowledge the grant from the major
project of the National Social Science Foundation of
China (no. 24&ZD323) and the Postgraduate Research &
Practice Innovation Program of Jiangsu Province
(no. KYCX25_0130).

DATA AVAILABILITY STATEMENT
The data are not publicly available due to privacy and
ethical restrictions.

ORCID
Yu Zhu
Chenyu Li
Jiyuan Ye

https://orcid.org/0000-0002-2548-828X
https://orcid.org/0000-0003-3209-1130
https://orcid.org/0000-0002-4232-8923

REFERENCES

Albert, B., & Tullis, T. (2013). Measuring the user experience: Collect-
ing, analyzing, and presenting usability metrics (2nd ed.). Mor-
gan Kaufmann.

Baird, A., & Maruping, L. (2021). The next generation of research
on IS use: A theoretical framework of delegation to and from
agentic IS artifacts. MIS Quarterly, 45(1), 315-341.

Benkler, Y. (2007). The wealth of networks: How social production
transforms markets and freedom. Yale University Press.

Bhattacherjee, A. (2001). Understanding information systems con-
tinuance: An expectation-confirmation model. MIS Quarterly,
25(3), 351-370. https://doi.org/10.2307/3250921

Brundage, M., Avin, S. Clark, J., Toner, H., Eckersley, P.,
Garfinkel, B., Dafoe, A., Scharre, P., Zeitzoff, T., Filar, B.,
Anderson, H., Roff, H., Allen, G. C., Steinhardt, J., Flynn, C.,

85U8017 SUOWIWIOD BA 11810 3ol dde 8y Aq pauenob ae sapile O ‘8sN JO Sa|n 10} AT aUIIUO AB[IMW UO (SUONIPUCD-pUe-SWBIALI0O" A 1M ATl [Bul[UO//SANL) SUORIPUOD PUe swie | 8y} 88s *[9z202/70/c0] Uo Areiqiauluo /1M * Aisieaiun BuilueN - nyz n A Aq T900L S2/200T 0T/I0p/u0o" A Im A eIq1jBuI O’ [PISISe//SANL WO1j papeo|uMod ' ‘9202 ‘SrITOEES


https://orcid.org/0000-0002-2548-828X
https://orcid.org/0000-0002-2548-828X
https://orcid.org/0000-0003-3209-1130
https://orcid.org/0000-0003-3209-1130
https://orcid.org/0000-0002-4232-8923
https://orcid.org/0000-0002-4232-8923
https://doi.org/10.2307/3250921

A JASIST

ZHU ET AL.

hEigeartaigh, S. 0., Beard, S. J., Belfield, H., Farquhar, S., &
Amodei, D. (2024). The malicious use of artificial intelligence:
Forecasting, prevention, and mitigation. arXiv:1802.07228.
https://doi.org/10.48550/arXiv.1802.07228

Cacioppo, J. T., Petty, R. E., Kao, C. F., & Rodriguez, R. (1986). Cen-
tral and peripheral routes to persuasion: An individual differ-
ence perspective. Journal of Personality and Social Psychology,
51(5), 1032-1043. https://doi.org/10.1037/0022-3514.51.5.1032

Callaway, E. (2024). Al protein-prediction tool AlphaFold3 is now
more open. Nature, 635(8039), 531-532. https://doi.org/10.
1038/d41586-024-03708-4

Cao, Y., Li, S., Liu, Y., Yan, Z.,, Dai, Y., Yu, P. S., & Sun, L. (2023). A
comprehensive survey of Al-generated content (AIGC): A history
of generative AI from GAN to ChatGPT. arXiv:2303.04226.
https://doi.org/10.48550/arXiv.2303.04226

Chaiken, S. (1980). Heuristic versus systematic information proces-
sing and the use of source versus message cues in persuasion.
Journal of Personality and Social Psychology, 39(5), 752-766.
https://doi.org/10.1037/0022-3514.39.5.752

Chapman, J. W., & Tunmer, W. E. (1997). A longitudinal study of
beginning reading achievement and reading self-concept. Brit-
ish Journal of Educational Psychology, 67(3), 279-291. https://
doi.org/10.1111/j.2044-8279.1997.tb01244.x

Cheng, X., Zhang, X., Cohen, J., & Mou, J. (2022). Human vs. Al:
Understanding the impact of anthropomorphism on consumer
response to chatbots from the perspective of trust and relation-
ship norms. Information Processing & Management, 59(3),
102940. https://doi.org/10.1016/j.ipm.2022.102940

Choi, W., Bak, H., An, J., Zhang, Y., & Stvilia, B. (2025). College
students’ credibility assessments of GenAl-generated informa-
tion for academic tasks: An interview study. Journal of the Asso-
ciation for Information Science and Technology, 76(6), 867-883.
https://doi.org/10.1002/asi.24978

Chuenchom, S. (2011). User-centered evaluation of the quality of
blogs. In ProQuest LLC. University of North Texas.

Creswell, J. W., & Creswell, J. D. (2017). Research design: Qualita-
tive, quantitative, and mixed methods approaches. SAGE
Publications.

Davis, F. D. (1989). Perceived usefulness, perceived ease of use, and
user acceptance of information technology. MIS Quarterly,
13(3), 319-340. https://doi.org/10.2307/249008

Davis, F. D. (1993). User acceptance of information technology: Sys-
tem characteristics, user perceptions and behavioral impacts.
International Journal of Man-Machine Studies, 38(3), 475-487.
https://doi.org/10.1006/imms.1993.1022

DeLone, W. H., & McLean, E. R. (1992). Information systems
success: The quest for the dependent variable. Information
Systems Research, 3(1), 60-95. https://doi.org/10.1287/isre.
3.1.60

Dennis, A. R., Lakhiwal, A., & Sachdeva, A. (2023). Al agents as
team members: Effects on satisfaction, conflict, trustworthi-
ness, and willingness to work with. Journal of Management
Information Systems, 40(2), 307-337.

Dorotic, M., Stagno, E., & Warlop, L. (2024). AI on the street:
Context-dependent responses to artificial intelligence. Interna-
tional Journal of Research in Marketing, 41(1), 113-137. https://
doi.org/10.1016/j.ijresmar.2023.08.010

Eppler, M., & Wittig, D. (2000). Conceptualizing information qual-
ity: A review of information quality frameworks from the last

ten years. Proceedings of the 2000 Conference on Information
Quality.

Foster, J., & Clough, P. (2018). Embedded, added, cocreated: Revi-
siting the value of information in an age of data. Journal of the
Association for Information Science and Technology, 69(5), 744
748. https://doi.org/10.1002/asi.23987

Fu, C.J., Silalahi, A. D. K., Shih, L-T., Phuong, D. T. T,
Eunike, I. J., & Jargalsaikhan, S. (2024). Assessing ChatGPT's
information quality through the lens of user information satis-
faction and information quality theory in higher education: A
theoretical framework. Human Behavior and Emerging Tech-
nologies, 2024(1), 8114315. https://doi.org/10.1155/2024/
8114315

Grossmann, I., Feinberg, M., Parker, D. C., Christakis, N. A,
Tetlock, P. E., & Cunningham, W. A. (2023). Al and the trans-
formation of social science research. Science, 380(6650), 1108-
1109. https://doi.org/10.1126/science.adil778

Howard, K., & Okan, C. (2025). Tacit and explicit knowledge. In D.
Baker & L. Ellis (Eds.), Encyclopedia of libraries, librarianship,
and information science (1st ed., pp. 171-178). Academic Press.
https://doi.org/10.1016/B978-0-323-95689-5.00271-6

Hsieh, H.-F., & Shannon, S. E. (2005). Three approaches to qualita-
tive content analysis. Qualitative Health Research, 15(9), 1277-
1288. https://doi.org/10.1177/1049732305276687

Jia, M., Zhao, Y., & Zhang, X. (2026). Navigating the perceived cred-
ibility and adoption of Al-generated review summaries in
online shopping: An affordance perspective. Information Pro-
cessing & Management, 63(2), 104404. https://doi.org/10.1016/j.
ipm.2025.104404

Ju, B, & Stewart, J. B. (2024). Empowering users with ChatGPT
and similar large language models (LLMs): Everyday informa-
tion needs, uses, and gratification. Proceedings of the Associa-
tion for Information Science and Technology, 61(1), 172-182.
https://doi.org/10.1002/pra2.1018

Ju, B., Stewart, J. B., Park, S., & Walker, J. J. (2025). Artificial intel-
ligence (AI) powered chatbots: Factors in uptake among early
adopters. Aslib Journal of Information Management. https://doi.
org/10.1108/AJIM-12-2024-0994

Jussupow, E., Spohrer, K., Heinzl, A., & Gawlitza, J. (2021). Aug-
menting medical diagnosis decisions? An investigation into
physicians’ decision-making process with artificial intelligence.
Information Systems Research, 32(3), 713-735. https://doi.org/
10.1287/isre.2020.0980

Kahneman, D., & Lovallo, D. (1993). Timid choices and bold fore-
casts: A cognitive perspective on risk taking. Management Sci-
ence, 39(1), 17-31. https://doi.org/10.1287/mnsc.39.1.17

Khan, H. U., Naz, A., Alarfaj, F. K., & Almusallam, N. (2025). Iden-
tifying artificial intelligence-generated content using the Distil-
BERT transformer and NLP techniques. Scientific Reports,
15(1), 20366. https://doi.org/10.1038/s41598-025-08208-7

Kitchin, R. (2014). The data revolution: Big data, open data, data
infrastructures and their consequences. SAGE Publications Ltd.
https://doi.org/10.4135/9781473909472

Lee, Y. W, Strong, D. M., Kahn, B. K., & Wang, R. Y. (2002). AIMQ:
A methodology for information quality assessment. Informa-
tion & Management, 40(2), 133-146. https://doi.org/10.1016/
S0378-7206(02)00043-5

Levitan, K. B. (1982). Information resources as “goods” in the life
cycle of information production. Journal of the American

85U8017 SUOWIWIOD BA 11810 3ol dde 8y Aq pauenob ae sapile O ‘8sN JO Sa|n 10} AT aUIIUO AB[IMW UO (SUONIPUCD-pUe-SWBIALI0O" A 1M ATl [Bul[UO//SANL) SUORIPUOD PUe swie | 8y} 88s *[9z202/70/c0] Uo Areiqiauluo /1M * Aisieaiun BuilueN - nyz n A Aq T900L S2/200T 0T/I0p/u0o" A Im A eIq1jBuI O’ [PISISe//SANL WO1j papeo|uMod ' ‘9202 ‘SrITOEES


https://doi.org/10.48550/arXiv.1802.07228
https://doi.org/10.1037/0022-3514.51.5.1032
https://doi.org/10.1038/d41586-024-03708-4
https://doi.org/10.1038/d41586-024-03708-4
https://doi.org/10.48550/arXiv.2303.04226
https://doi.org/10.1037/0022-3514.39.5.752
https://doi.org/10.1111/j.2044-8279.1997.tb01244.x
https://doi.org/10.1111/j.2044-8279.1997.tb01244.x
https://doi.org/10.1016/j.ipm.2022.102940
https://doi.org/10.1002/asi.24978
https://doi.org/10.2307/249008
https://doi.org/10.1006/imms.1993.1022
https://doi.org/10.1287/isre.3.1.60
https://doi.org/10.1287/isre.3.1.60
https://doi.org/10.1016/j.ijresmar.2023.08.010
https://doi.org/10.1016/j.ijresmar.2023.08.010
https://doi.org/10.1002/asi.23987
https://doi.org/10.1155/2024/8114315
https://doi.org/10.1155/2024/8114315
https://doi.org/10.1126/science.adi1778
https://doi.org/10.1016/B978-0-323-95689-5.00271-6
https://doi.org/10.1177/1049732305276687
https://doi.org/10.1016/j.ipm.2025.104404
https://doi.org/10.1016/j.ipm.2025.104404
https://doi.org/10.1002/pra2.1018
https://doi.org/10.1108/AJIM-12-2024-0994
https://doi.org/10.1108/AJIM-12-2024-0994
https://doi.org/10.1287/isre.2020.0980
https://doi.org/10.1287/isre.2020.0980
https://doi.org/10.1287/mnsc.39.1.17
https://doi.org/10.1038/s41598-025-08208-7
https://doi.org/10.4135/9781473909472
https://doi.org/10.1016/S0378-7206(02)00043-5
https://doi.org/10.1016/S0378-7206(02)00043-5

ZHU ET AL.

| JASIST BUIRER

Society for Information Science, 33(1), 44-54. https://doi.org/10.
1002/asi.4630330108

Li, H., Zhang, L., & Hsu, C. H. C. (2023). Research on user-
generated photos in tourism and hospitality: A systematic
review and way forward. Tourism Management, 96, 104714.
https://doi.org/10.1016/j.tourman.2022.104714

Liang, S., Schuckert, M., Law, R., & Chen, C.-C. (2020). The impor-
tance of marketer-generated content to peer-to-peer property
rental platforms: Evidence from Airbnb. International Journal
of Hospitality Management, 84, 102329. https://doi.org/10.1016/
j-1jhm.2019.102329

Liu, H. (2025). “‘Worldview’ of the AIGC systems: Stability, ten-
dency and polarization. AI and Society, 40(4), 2493-2506.
https://doi.org/10.1007/s00146-024-01966-4

Maerten, A.-S., & Soydaner, D. (2024). From paintbrush to pixel: A
review of deep neural networks in Al-generated art. arXiv:
2302.10913. https://doi.org/10.48550/arXiv.2302.10913

Marchand, D. A., & Horton, F. W. (1986). Infotrends: Profiting from
your information resources. John Wiley & Sons, Inc.

MclIntosh, M. J., & Morse, J. M. (2015). Situating and constructing
diversity in semi-structured interviews. Global Qualitative Nurs-
ing Research, 2, 2333393615597674. https://doi.org/10.1177/
2333393615597674

Metzger, M. J. (2007). Making sense of credibility on the web:
Models for evaluating online information and recommenda-
tions for future research. Journal of the American Society for
Information Science and Technology, 58(13), 2078-2091. https://
doi.org/10.1002/asi.20672

Miles, M. B., Huberman, A. M., & Saldafia, J. (2019). Qualitative
data analysis: A methods sourcebook (4th ed.). SAGE Publica-
tions, Inc.

Misyak, J. B., Melkonyan, T., Zeitoun, H., & Chater, N. (2014).
Unwritten rules: Virtual bargaining underpins social interac-
tion, culture, and society. Trends in Cognitive Sciences, 18(10),
512-519. https://doi.org/10.1016/j.tics.2014.05.010

Moruzzi, C., & Margarido, S. (2024). A user-centered framework for
human-AI co-creativity. In Extended Abstracts of the CHI Con-
ference on Human Factors in Computing Systems (pp. 1-9).
ACM. https://doi.org/10.1145/3613905.3650929

Mosha, N. F. (2025). The role of artificial intelligence tools in
enhancing accessibility and usability of electronic resources
in academic libraries. Library Management, 46, 132-157.
https://doi.org/10.1108/LM-08-2024-0088

Oliver, R. L. (1980). A cognitive model of the antecedents and con-
sequences of satisfaction decisions. Journal of Marketing
Research, 17(4), 460-469. https://doi.org/10.2307/3150499

Our T2 Remake Team. (2024, June 27). “our T2 remake” a feature-
length parody made entirely in A.L https://www.t2remake.com/

Poireault, K. (2024, September 9). Man charged in Al-generated
music fraud on spotify and apple music. Infosecurity Magazine.
https://www.infosecurity-magazine.com/news/man-charged-ai-
fake-music-scheme/

Prahalad, C. K., & Ramaswamy, V. (2004). Co-creation experiences:
The next practice in value creation. Journal of Interactive Mar-
keting, 18(3), 5-14. https://doi.org/10.1002/dir.20015

Raban, D. R. (2007). User-centered evaluation of information: A
research challenge. Internet Research, 17(3), 306-322. https://
doi.org/10.1108/10662240710758948

Ray, E. (2025). E-resources Management. In D. Baker & L. Ellis
(Eds.), Encyclopedia of libraries, librarianship, and information
science (1st ed., pp. 647-656). Academic Press. https://doi.org/
10.1016/B978-0-323-95689-5.00159-0

Rusho, Y., & Raban, D. R. (2020). Hands on: Information experi-
ences as sources of value. Journal of the Association for Informa-
tion Science and Technology, 71(6), 671-684. https://doi.org/10.
1002/asi.24288

Saffarizadeh, K., Keil, M., & Maruping, L. (2024). Relationship
between trust in the AI creator and trust in AI systems: The
crucial role of AI alignment and steerability. Journal of Man-
agement Information Systems, 41(3), 645-681.

Shea, C. H., & Wulf, G. (2005). Schema theory: A critical appraisal
and reevaluation. Journal of Motor Behavior, 37, 85-101.
https://doi.org/10.3200/TMBR.37.2.85-102

Shin, D. (2022). The actualization of meta affordances: Conceptual-
izing affordance actualization in the metaverse games. Com-
puters in Human Behavior, 133, 107292. https://doi.org/10.
1016/j.chb.2022.107292

Shin, D., Koerber, A., & Lim, J. S. (2025). Impact of misinformation
from generative AI on user information processing: How peo-
ple understand misinformation from generative AI. New
Media & Society, 27(7), 4017-4047. https://doi.org/10.1177/
14614448241234040

Shin, D., & Park, Y. J. (2019). Role of fairness, accountability, and
transparency in algorithmic affordance. Computers in Human
Behavior, 98, 277-284. https://doi.org/10.1016/j.chb.2019.04.019

Sikhondze, B., Ye, H. J., Wang, W., Zhan, X., & Santhanam, R.
(2025). Are you willing to pay for generative artificial intelli-
gence (GenAl) products? Disentangling the disclosure effects
and the mediating role of psychological value. Journal of Man-
agement Information Systems, 42(2), 431-456.

Simon, H. A. (1955). A behavioral model of rational choice. The
Quarterly Journal of Economics, 69(1), 99-118. https://doi.org/
10.2307/1884852

Sun, Z., Zhang, Z., Shen, X., Zhang, Z., Liu, Y., Backes, M.,
Zhang, Y., & He, X. (2025). Are we in the Al-generated text world
already? Quantifying and monitoring AIGT on social media.
arXiv. https://doi.org/10.48550/arXiv.2412.18148

Tao, D., LeRouge, C., Smith, K. J., & Leo, G. D. (2017). Defining
information quality into health websites: A conceptual frame-
work of health website information quality for educated young
adults. JMIR Human Factors, 4(4), e6455. https://doi.org/10.
2196/humanfactors.6455

Taylor, R. S. (1982). Value-added processes in the information life
cycle. Journal of the American Society for Information Science,
33(5), 341-346. https://doi.org/10.1002/asi.4630330517

Taylor, R. S., & Voigt, M. J. (1986). Value added processes in infor-
mation systems. Greenwood Publishing Group Inc.

Tversky, A., & Kahneman, D. (1974). Judgment under uncertainty:
Heuristics and biases. Science, 185(4157), 1124-1131. https://
doi.org/10.1126/science.185.4157.1124

van Dis, E. A. M., Bollen, J., Zuidema, W., van Rooijj, R., &
Bockting, C. L. (2023). ChatGPT: Five priorities for research.
Nature, 614(7947), 224-226. https://doi.org/10.1038/d41586-
023-00288-7

Vargo, S. L., & Lusch, R. F. (2016). Institutions and axioms: An
extension and update of service-dominant logic. Journal of the

85U8017 SUOWIWIOD BA 11810 3ol dde 8y Aq pauenob ae sapile O ‘8sN JO Sa|n 10} AT aUIIUO AB[IMW UO (SUONIPUCD-pUe-SWBIALI0O" A 1M ATl [Bul[UO//SANL) SUORIPUOD PUe swie | 8y} 88s *[9z202/70/c0] Uo Areiqiauluo /1M * Aisieaiun BuilueN - nyz n A Aq T900L S2/200T 0T/I0p/u0o" A Im A eIq1jBuI O’ [PISISe//SANL WO1j papeo|uMod ' ‘9202 ‘SrITOEES


https://doi.org/10.1002/asi.4630330108
https://doi.org/10.1002/asi.4630330108
https://doi.org/10.1016/j.tourman.2022.104714
https://doi.org/10.1016/j.ijhm.2019.102329
https://doi.org/10.1016/j.ijhm.2019.102329
https://doi.org/10.1007/s00146-024-01966-4
https://doi.org/10.48550/arXiv.2302.10913
https://doi.org/10.1177/2333393615597674
https://doi.org/10.1177/2333393615597674
https://doi.org/10.1002/asi.20672
https://doi.org/10.1002/asi.20672
https://doi.org/10.1016/j.tics.2014.05.010
https://doi.org/10.1145/3613905.3650929
https://doi.org/10.1108/LM-08-2024-0088
https://doi.org/10.2307/3150499
https://www.t2remake.com/
https://www.infosecurity-magazine.com/news/man-charged-ai-fake-music-scheme/
https://www.infosecurity-magazine.com/news/man-charged-ai-fake-music-scheme/
https://doi.org/10.1002/dir.20015
https://doi.org/10.1108/10662240710758948
https://doi.org/10.1108/10662240710758948
https://doi.org/10.1016/B978-0-323-95689-5.00159-0
https://doi.org/10.1016/B978-0-323-95689-5.00159-0
https://doi.org/10.1002/asi.24288
https://doi.org/10.1002/asi.24288
https://doi.org/10.3200/JMBR.37.2.85-102
https://doi.org/10.1016/j.chb.2022.107292
https://doi.org/10.1016/j.chb.2022.107292
https://doi.org/10.1177/14614448241234040
https://doi.org/10.1177/14614448241234040
https://doi.org/10.1016/j.chb.2019.04.019
https://doi.org/10.2307/1884852
https://doi.org/10.2307/1884852
https://doi.org/10.48550/arXiv.2412.18148
https://doi.org/10.2196/humanfactors.6455
https://doi.org/10.2196/humanfactors.6455
https://doi.org/10.1002/asi.4630330517
https://doi.org/10.1126/science.185.4157.1124
https://doi.org/10.1126/science.185.4157.1124
https://doi.org/10.1038/d41586-023-00288-7
https://doi.org/10.1038/d41586-023-00288-7

A JASIST

ZHU ET AL.

Academy of Marketing Science, 44(1), 5-23. https://doi.org/10.
1007/s11747-015-0456-3

Venkatesh, V., & Davis, F. D. (2000). A theoretical extension of the
technology acceptance model: Four longitudinal field studies.
Management Science, 46(2), 186-204. https://doi.org/10.1287/
mnsc.46.2.186.11926

Wang, R. Y., & Strong, D. M. (1996). Beyond accuracy: What data
quality means to data consumers. Journal of Management Infor-
mation Systems, 12, 5-33. https://doi.org/10.1080/07421222.
1996.11518099

Wang, X., Lin, X., & Shao, B. (2023). Artificial intelligence changes
the way we work: A close look at innovating with chatbots.
Journal of the Association for Information Science and Technol-
ogy, 74(3), 339-353. https://doi.org/10.1002/asi.24621

Wei, M., & Zhou, Z. (2023). Al ethics issues in real world: Evidence
from AI incident database. Proceedings of the Annual Hawaii
International Conference on System Sciences. https://doi.org/10.
24251/hicss.2023.602

Wu, C., Wang, X., Carroll, J., & Rajtmajer, S. (2024). Reacting to
generative Al: Insights from student and faculty discussions on
reddit. In Proceedings of the 16th ACM Web Science Conference
(pp. 103-113). Association for Computing Machinery. https://
doi.org/10.1145/3614419.3644014

Yan, W., Hu, B,, Liu, Y., Li, C., & Song, C. (2024). Does usage sce-
nario matter? Investigating user perceptions, attitude and sup-
port for policies towards ChatGPT. Information Processing &
Management, 61(6), 103867. https://doi.org/10.1016/j.ipm.2024.
103867

Ye, J. (2010). Approaching evaluation system in humanities and
social sciences. Journal of Nanjing University (Philosophy,
Humanities and Social Sciences), 47(1), 97-110.

Yuniawan, A., Hersugondo, H., Mas'ud, F., Latan, H., Ali, M., &
Godinho Filho, M. (2025). Beyond the hype: Understanding
barriers to AI adoption through lens of protection motivation
theory. Aslib Journal of Information Management. https://doi.
0rg/10.1108/ AJIM-08-2024-0619

Zhang, Y., Gao, J., Cole, S., & Ricci, P. (2021). How the spread of
user-generated contents (UGC) shapes international tourism
distribution: Using agent-based modeling to inform strategic

UGC marketing. Journal of Travel Research, 60(7), 1469-1491.
https://doi.org/10.1177/0047287520951639

Zhao, Y., Li, Y., Chen, Y., & Sun, Y. (2025). Social support, social
perceptions, and user satisfaction with intelligent voice assis-
tants: Unravelling the differential mechanisms based on the
social response theory. Aslib Journal of Information Manage-
ment. https://doi.org/10.1108/ AJIM-06-2024-0469

Zhao, Y. C., Wu, D., & Song, S. (2025). Meaning-making during
mental health struggles: Transitional information practices
among individuals with obsessive-compulsive disorder. Journal
of the Association for Information Science and Technology, 77,
347-366. https://doi.org/10.1002/asi.25003

Zhou, T., & Ma, X. (2025). Examining generative AI user
continuance intention based on the SOR model. Aslib Journal
of Information Management. https://doi.org/10.1108/AJIM-08-
2024-0620

Zhu, Y., Chen, G., & Ye, J. (2024). The inherent attributes of artifi-
cial intelligence generated content (AIGC) and its impact on
the discipline of information resources management. Journal of
Information Resources Management, 14(6), 60-72. https://doi.
0rg/10.13365/j.jirm.2024.06.060

Zhu, Y., Ye, J., & Jia, Y. (2025). Artificial intelligence generated
content(AIGC) in library science: Conceptual framework and
research approach. Library Tribune, 45(2), 62-71.

Zhuang, W., Zeng, Q., Zhang, Y., Liu, C., & Fan, W. (2023). What
makes user-generated content more helpful on social media
platforms? Insights from creator interactivity perspective. Infor-
mation Processing & Management, 60(2), 103201. https://doi.
0rg/10.1016/j.ipm.2022.103201

How to cite this article: Zhu, Y., Li, C., & Ye, J.
(2026). How does information resource value of
Al-generated content emerge? An exploratory
study from the user evaluation perspective. Journal
of the Association for Information Science and
Technology, 77(5), 747-764. https://doi.org/10.
1002/asi.70061

85U8017 SUOWIWIOD BA 11810 3ol dde 8y Aq pauenob ae sapile O ‘8sN JO Sa|n 10} AT aUIIUO AB[IMW UO (SUONIPUCD-pUe-SWBIALI0O" A 1M ATl [Bul[UO//SANL) SUORIPUOD PUe swie | 8y} 88s *[9z202/70/c0] Uo Areiqiauluo /1M * Aisieaiun BuilueN - nyz n A Aq T900L S2/200T 0T/I0p/u0o" A Im A eIq1jBuI O’ [PISISe//SANL WO1j papeo|uMod ' ‘9202 ‘SrITOEES


https://doi.org/10.1007/s11747-015-0456-3
https://doi.org/10.1007/s11747-015-0456-3
https://doi.org/10.1287/mnsc.46.2.186.11926
https://doi.org/10.1287/mnsc.46.2.186.11926
https://doi.org/10.1080/07421222.1996.11518099
https://doi.org/10.1080/07421222.1996.11518099
https://doi.org/10.1002/asi.24621
https://doi.org/10.24251/hicss.2023.602
https://doi.org/10.24251/hicss.2023.602
https://doi.org/10.1145/3614419.3644014
https://doi.org/10.1145/3614419.3644014
https://doi.org/10.1016/j.ipm.2024.103867
https://doi.org/10.1016/j.ipm.2024.103867
https://doi.org/10.1108/AJIM-08-2024-0619
https://doi.org/10.1108/AJIM-08-2024-0619
https://doi.org/10.1177/0047287520951639
https://doi.org/10.1108/AJIM-06-2024-0469
https://doi.org/10.1002/asi.25003
https://doi.org/10.1108/AJIM-08-2024-0620
https://doi.org/10.1108/AJIM-08-2024-0620
https://doi.org/10.13365/j.jirm.2024.06.060
https://doi.org/10.13365/j.jirm.2024.06.060
https://doi.org/10.1016/j.ipm.2022.103201
https://doi.org/10.1016/j.ipm.2022.103201
https://doi.org/10.1002/asi.70061
https://doi.org/10.1002/asi.70061

	How does information resource value of AI‐generated content emerge? An exploratory study from the user evaluation perspective
	Abstract
	1  |  INTRODUCTION
	2  |  LITERATURE REVIEW
	2.1  |  Dimensions of value evaluation
	2.2  |  Process of value perception

	3  |  THEORETICAL BACKGROUND
	4  |  METHODS
	4.1  |  Research design
	4.2  |  Participants
	4.3  |  Data collection
	4.4  |  Data analysis

	5  |  FINDINGS
	5.1  |  Driving factors
	5.1.1  |  Task category
	5.1.2  |  Social influence
	5.1.3  |  Individual feature

	5.2  |  Attribute evaluation
	5.2.1  |  Horizontal evaluation
	5.2.2  |  Longitudinal evaluation

	5.3  |  Value perception
	5.3.1  |  Security
	5.3.2  |  Usefulness
	5.3.3  |  Usability

	5.4  |  Expectation confirmation
	5.4.1  |  Fixed expectation confirmation
	5.4.2  |  Adaptive expectation confirmation

	5.5  |  Resource leveraging
	5.5.1  |  Immediate leveraging
	5.5.2  |  Sustained leveraging

	5.6  |  Value transformation
	5.6.1  |  Understanding the world
	5.6.2  |  Transforming the world


	6  |  DISCUSSION
	6.1  |  AIGC‐value‐added framework
	6.2  |  Theoretical contributions
	6.3  |  Practical implications
	6.4  |  Limitations and future work

	ACKNOWLEDGMENTS
	DATA AVAILABILITY STATEMENT
	ORCID
	REFERENCES


