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Abstract. Rapid deployment of Artificial Intelligence (AI) technology in formal 

and informal sectors of the economy in the last five years or so has made it im-

portant to understand how professionals in various sectors perceive this technol-

ogy and what determines their perception. This paper purported to examine the 

factors causing the deification of AI among professionals in China who are con-

siderably familiar with AI and adept at using it, from a Uses and Gratification 

Theory and Utility Theory perspective. Using focus group discussions to collect 

primary qualitative data and thematic analysis, it is found that knowledge of AI 

limitations does not deter its adoption. Users have taken a mitigation or early-

adopter mindset to manually curtail drawbacks, while considering the flaws of 

AI as pains of using a technology in its early days, and having faith in its pro-

spects as well as its accuracy and efficiency. 

Keywords: AI, hallucination, uses and gratifications, utility theory, LLM, con-

fidence in AI. 

1 Introduction 

1.1 Background 
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Over a very short time, in less than five years between when AI first became a cause 
for global uproar and now, the rapid deployment of this technology across all sectors 
has boosted the necessity for understanding how professionals perceive its advantages 
and its limitations. The concern for this paper is that, for some professionals, in partic-
ular contexts, in perception, mostly favorable to AI, raises to the level of ‘deification,’ 
which is the phenomenon that elevates an entity to a god-like status, characterized by 
undue trust or faith and deliberate ignorance of its shortcomings. As per Gillespie et al. 
(2025), 58% of people considered AI systems to be trustworthy, with 65% having faith 
in their accuracy or reliability, while 52% showed some concern over ethics or safety 
questions. Conversely, the faith in the value of AI or its prospects does not go down 
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despite admission of its flaws. Finland, being a good example of this, shows that people 
consider AI helpful, despite not having high trust in it (Gillespie et al., 2025). In the 
same vein, attitudes towards AI seem to vary across national boundaries. Power (2025) 
reports that in China, 70% people believe AI can resolve serious socioeconomic prob-
lems, with the number being very high among 18 to 34-year-olds compared to Western 
nations. Notably, Chong et al. (2023) showed that in the context of human designers, 
confidence in AI declines with exposure to poor performance of this technology but 
does not get any expected boost from subsequent good performance of AI tools. These 
findings are contrary to the findings of Chong et al. (2022), which showed, using the 
example of chess puzzles, that confidence in AI and in oneself both are proportional to 
the quality of performance. This shows that the patterns of AI adoption and confidence 
in this technology are not uniform across sectors, and people in different professional 
fields value AI differently. 

It is important to note here that trust and optimism regarding AI exists despite the 
drawbacks and limitations being public knowledge, qualifying this confidence as a form 
of deification, characterized by selective blindness towards particular information. 
Hoffman (2025) reports that AI hallucination, whereby even advanced Large Language 
Models (LLMs) fabricate information confidently, and a lack of “truly novel” ideas are 
the key limitations of AI at present. Hallucinations are a critical issue, as they can have 
severe consequences unless the AI-generated results are thoroughly scrutinized. Exam-
ples include Med-Gemini of Google hallucinating a non-existent part of the brain and 
ChatGPT of OpenAI falsely accusing a man of murder (Hoffman, 2025). Conversely, 
since AI depends on being trained by the existing corpus of human knowledge, its ideas, 
some degree of error and misinformation should be expected. Rather, it seems, the ob-
ligation to re-view the AI-generated responses can be a major inconvenience and a point 
of inefficiency. Neuberger (2025) also claims that AI results are mere autocompletion 
as LLMs predict, based on known patterns, how a conversation progresses and how to 
respond to certain questions. This implies that AI does not have any critical thinking 
skills, which makes AI responses, particularly on complex and nuanced matters, unre-
liable. Jeung and Huang (2023) reveal that in their study, the participants showed a 
mismatch between expected reactions to mistakes made by AI and actual reactions, 
which were curiosity rather than frustration or annoyance. Specifically, when the AI 
gives a mistaken response, users become interested in understanding why the AI gave 
that response, instead of criticizing the LLMs. However, some participants did express 
some degree of disappointment due to AI mistakes (Jeung & Huang, 2023). This paper 
explores why this deification of AI persists despite cases of AI making mistakes or 
LLMs behind the AI having fatal flaws, which are widely reported. It examines how 
the perception of AI is formed across key sectors, using Uses and Gratification Theory 
and Utility Theory. 

1.2 Research Aim 

The aim of this study is to understand the role of user gratification in the deification of 
AI and assess how this tendency affects the perception of AI limitations. 
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2 Theoretical Framework 

2.1 Uses and Gratification Theory (UGT) 

According to UGT, media consumption is driven by purpose despite appearing other-
wise. In this theory, consumers are not manipulated by media; they are aware of its 
uses, implying that they make a conscious decision to choose one media outlet over 
another (Ungvarsky, 2020). As such, media houses compete for greater viewership 
among themselves, and one of the ways they do this is by curating content to cater to 
consumer interests. Falgoust et al. (2022) argue, quoting Shao, that users engage with 
media in three ways: consuming, participating, and producing, and also assert that dif-
ferent uses of media are driven by different needs. According to UGT, there are five 
key consumer needs, namely cognitive, integrative, affective, social integrative and ten-
sion-release, while four bases to gratify consumers include modality, agency, interac-
tivity, and navigability (Vinney, 2025). This paper examines what role gratification 
plays in driving positive interpretation of the capabilities of AI. 

2.2 Utility Theory (UT) 

As per UT, the choice of consumable materials is freely made by consumers so long as 
there is no external constraint on doing so. Using 20th-century theorists like Neumann 
and Morgenstern, this theory proposes that economic actions of humans are determined 
by what utility they ascribe to an object (Hou, 2025). While it was previously believed 
that these choices are strictly mathematical, modern understanding dictates that humans 
only organize their choices by order of preference. This theory is applied here to assess 
how the perceived utility of certain AI tools and services influences the perception of 
AI among professionals. 

2.3 Literature Review 

While the pattern of AI adoption and its degree vary from one sector to another, the 
confidence in AI among professionals in that field showcases some commonalities. 
Painter et al. (2023) argue, in the context of healthcare, that trustworthiness, seamless 
“interoperability with existing systems” are determiners of confidence in AI. Evidence 
shows that human professionals accept AI decisions when they are confident in them-
selves and reject suggestions when they are not (Chong et al., 2022). As such, when 
human self-confidence is impacted by AI performance, better AI performance should 
result in greater confidence in technology, while poor performance should shatter con-
fidence, with the self-confidence of the users playing a mediatory role in this human-
machine engagement. Chong et al. (2023) also identify the minimal impact of AI-
suggested actions as a factor in losing confidence in it. Hence, the question of why LLM 
power-users continue to use AI, showing a high degree of confidence and trust, despite 
exposure to AI mistakes, becomes pertinent. On a slightly different note, Übellacker 
(2025) identifies that professionals are bound to refine “their interpretations of how AI 



 

420             Y. Liu and X. Jiang

fits into their work” upon encountering the various limitations of AI, including AI hal-
lucinations, biases, token-length constraints, and so on. Consequently, this paper is ex-
pected to show the qualitative drivers of confidence in AI in the context of Chinese 
LLM users. 

3 Methodology 

3.1 Sampling and Data Collection 

This study follows a primary qualitative research design, where data were collected 
using focus group discussions of 16 participants, divided into 4 groups as per sectors of 
their professions. Discussed is semi-structured as the moderator is present and initiates 
the conversation, but does not intervene unless it is to redirect the conversation back to 
the topic at hand. It used a snowball sampling method, which is to say, each participant 
was to recruit more participants to the study. This method is useful when the people 
conducting the study do not have ready access to the target group (Johnson, 2014). The 
final participants were selected according to the selection criteria. This means the par-
ticipants must be 21 years or older, employed in the private sector, have experience 
using AI tools or LLMs, live and work in China, and consider themselves “tech-savvy” 
and among the “power-users.” Finally, the four sectors are Information Technology 
(IT), healthcare, education or academia, and software development. 

3.2 Data Analysis 

To analyze qualitative data, a thematic data analysis method was used in this paper. As 
per Clarke and Braun (2017), thematic data analysis means identifying patterns in the 
data and codifying the common elements to derive themes. Codes include semantic and 
latent codes, which respectively mean literal and underlying or implied meaning. 
Themes assessed and discussed in light of theories and established knowledge to de-
velop a complete understanding. 

4 Findings 

4.1 Summary of Coding 

Table 1. Small Coding Table for Thematic Analysis. 

Theme Representative  
Excerpt Semantic Code Latent Code 

Mitigation 
strategies 

"...compulsively verify 
AI outputs..." Manual review of output Awareness of flaws creates 

new "molded" workflows. 
Perceived 

Superiority 
"...it is quicker than any 

human..." 
Efficiency in manual  

labor 
Ignoring limitations in favor

of speed. 
Market  
Pressure 

"AI is the future, isn't 
it?" Influence of slogans 

Fear of missing out;  
following trends without 

foresight. 
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Gratification "...extra time to reduce 
workload and stress..." Relief of task loads Satiating "tension-release" 

needs via UGT. 
Rationaliza-

tion 
"Those cases [hallucina-

tions] are outliers." Dismissal of errors Selective blindness to main-
tain the "deification". 

External In-
fluence “AI is the future, isn't it?” A catchy slogan to get the 

point across 
Influence of popular
narratives 

Doubt “...very early stages of 
adopting AI…” 

Much work to be done to 
complete AI integration 

Cautious and careful
approach to AI adoption. 

Note. This table is a shortened but representative version of the complete details of extracted data and its 
codification. 

4.2 Summary of Findings and Discussion 

A key finding of the study is that awareness of flaws of AI does not correlate with 
willingness to adopt it, which is to say, knowledge of how AI can and has made mis-
takes does not imply that the participants are reluctant to adopt it. A representative case 
is a participant recalling that they faced trouble due to mistakes by AI and chose to 
verify AI responses thereafter (Table 1). Thus, a workaround or mitigation mentality 
prevails, whereby professionals are willing to adopt AI, and when faced with chal-
lenges, they will add a new step to their workflow, like manual oversight of AI, instead 
of foregoing AI completely. Notably, most participants seem to downplay the flaws of 
AI as outliers and not enough to deter them from using this technology. As Sundar and 
Kim (2019) pointed out, the performance of a machine is often associated with “preci-
sion and low error rates.” This confirmation bias works in favor of AI, as professionals, 
despite encountering troubles with this technology, are likely to conceive of them as 
‘one-off’ incidents and not a systemic issue. Hangl et al. (2023) also identify that de-
spite the difficulty in integrating with existing workflows and processes being a major 
barrier in AI adoption, improved decision-making, and efficiency, as well as increased 
accuracy and productivity, remain among the major drivers of the same. Moreover, the 
belief that AI is more accurate and faster than human workers is almost universal. Some 
participants showcase an “early adopter" mindset that enduring some setbacks in the 
early days of a technology will hasten future improvement. Among the gratification and 
utility drivers behind these attitudes, the convenience of quickly accessing information 
in a succinct way seems highly relevant. Gillespie et al. (2023) found that market trends 
pressurize individual professionals as well as organizations to adopt AI-based technol-
ogy, and management staff are increasingly proficient with it. As such, using AI is 
quickly becoming the default in different sectors, and companies are also pushing AI 
aggressively on employees to keep up with the market demand. 

Awareness of AI flaws translates not into actions to improve the AI models but 
molding the human part of the workflow to better suit the necessity of using AI
“properly” (Table 1). This generally means redundant processes to quality check AI 
outputs, even when the AI response is accurate. This is the reason why in the data, 
admissions of flaws in AI are often tacit or implied but not clearly asserted. Notably, 
even the few participants who argued to point out AI limitations are also willing to 
accept AI (Table 1). However, since the sample for this study has been limited by geo-
graphical region, these results may not be replicated in regions with distinct society and 
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culture. This geo-graphical variation is supported by research, as Li et al. (2025) find 
through their study of cross-country assessment of levels of trust in AI that countries 
like France and Australia demonstrate a degree of skepticism towards AI, while nations 
such as China and India showcase the most trust. Burke and Akhtar (2023) report that 
data bias is a major limitation and point of concern regarding AI adoption, as present 
LLMs depend heavily on already available information to trace pat-terns and build 
models, which can be hindered due to the data itself being biased or not being impar-
tially fed to the LLM. As such, data usage-related questions or doubts about AI also 
include the security risk of possessing data, accessibility, and ethical dilemmas about 
data ownership. In a technology-driven market, showcasing adeptness in using AI
maintains the status and credibility of professionals, while the quickness of AI re-
sponses relieves some work pressure. Peer expectations are also a determinant of be-
havior, as in healthcare, where margin for error is almost zero, AI adoption is mostly in 
assistive roles, while in education, it is often rejected for task completion due to the 
high value of self-learning and skill development. 

5 Conclusion 

The overall findings indicate that the deification of AI is not a result of a lack of
knowledge of its shortcomings, but rather the very highly perceived utility of this new 
technology, so that occasional setbacks are not enough to deter people from it. While 
encountering a challenge with AI, professionals are more likely to think about worka-
rounds rather than discarding it altogether. They are willing to reshape their workflows 
to accommodate AI, while managing its flaws manually, rather than forswearing its 
benefits. It is evident here that manual supervision of AI outputs is necessary, and not 
optional, to avoid the pitfalls of AI adoption. Another major aspect is that users perceive 
AI as a superior technology compared to existing tools at the disposal of the average 
person. AI is thought to be faster, easier to use, and more accurate compared to humans, 
hence more reliable. Notably, even when the users acknowledge the drawbacks of AI, 
they showcase great optimism that those issues will be fixed soon. This also highlights 
the need for critical knowledge of how present models of LLMs and AI work. AI adop-
tion for professionals can be a purely pragmatic commercial decision, with market 
trends, demand, and popular narratives pushing for this technology aggressively, and 
competitor companies adopting it rapidly. However, these findings have some key lim-
itations: Since qualitative data was collected using self-reporting (participants express-
ing their own opinions, assuming they are speaking truthfully), the scope for generaliz-
ing the results was limited. Conversely, since the data and findings are qualitative, the 
study lacks empirical evidence in the findings dimension, and future research will ben-
efit from a mixed-method approach or a quantitative study. Future studies may also 
broaden the focus from China to other countries to improve the scope for results being 
generalized. 
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