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ABSTRACT

With the rapid development of large language models (LLMs) like ChatGPT,
conversational agents are becoming popular alternatives to traditional search engines.
However, the ability to distinguish between replies generated by conversational
agents and accurate information, along with user behavior in validating these replies,
remains unclear. This study examines users’ behavior and their ability to detect
incorrect responses from ChatGPT, both with and without Google search results for
validation, through a user study with 15 participants. Participants assessed ChatGPT’s
answers to questions about Alzheimer’s Disease, which had an accuracy rate of 93.33%
(28/30) and an error rate of 6.67% (2/30). Interestingly, when Google search results
were available, participants tended to view both correct and incorrect responses
favorably. These findings provide insights into the strategies users employ to validate
conversational agents’ responses, highlighting differences in behavior with and
without the assistance of search engines.
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INTRODUCTION

The rapid advancement of large language models (LLMs) such as OpenAI’s
ChatGPT and Google Bard has significantly reshaped the landscape of
information retrieval and human-computer interaction. These conversational
agents, generating human-like text responses, are increasingly integrated
across diverse domains, from customer service to healthcare, due to
their unparalleled ease of use (Xu et al., 2023). However, despite their
advanced capabilities, these AI systems remain susceptible to inaccuracies
and misleading information, known as AI hallucination, where models like
ChatGPT provide inconsistent responses (Ahmad et al., 2023). Given the
potential consequences of relying on inaccurate information, it is crucial
for users to validate AI-generated content against reliable sources. Although
some AI systems have begun integrating external sources such as search
engines to support user validation, limited research has examined how users
interact with these supplementary mechanisms and their strategies during
validation.
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This study aims to address this gap by focusing on user behavior in
evaluating conversational agent responses. Specifically, it investigates the
strategies users employ to detect inaccuracies in AI-generated content.

Through a user study with 15 participants, we explore how individuals
validate ChatGPT’s responses independently and with supplementary tools
like Google search results. By analyzing user interactions and decision-
making processes, we aim to uncover insights to inform conversational agent
design for critical evaluation tasks. Our results indicate that participants
correctly identified incorrect ChatGPT responses in approximately 70% of
cases. Notably, access to Google search results did not consistently enhance
accuracy but led participants to view responses more favorably overall,
highlighting how supplementary information can influence user attitudes
without necessarily improving critical evaluation skills.

The contributions of this research include:

• Providing empirical results on user validation proficiency and its
behavioral impact when interacting with conversational agents.

• Evaluating users’ abilities to validate information from conversational
agents using web search engines.

• Identifying behavioral patterns when using search engines to verify
AI-generated.

RELATED WORK

Trustworthiness of AI and Conversational Agents. In recent years, Large
Language Model (LLM)-powered conversational agents, such as ChatGPT,
have emerged as viable alternatives for information seeking. Studies highlight
that user trust in ChatGPT’s responses is often driven by fluency, directness,
and human-like conversational style (Jung et al., 2024). Trust is enhanced
when AI systems provide transparent explanations of their reasoning
processes, and including references or interpretability cues significantly
improves perceived reliability (Ehsan et al., 2021; Hassija et al., 2024). While
existing research primarily investigates characteristics like consistency and
transparency influencing user trust (Jang and Lukasiewicz, 2023; Wortham
and Theodorou, 2017), limited attention is given to systematic methods users
employ to validate AI-generated content when accuracy is uncertain.

Exploring Health Information Through Web Search. Search engines have
become essential tools for accessing health-related information online due
to convenience and speed, with trusted platforms like the NIH and Mayo
Clinic gaining prominence (Cline and Haynes, 2001; De Choudhury, Morris
and White, 2014; Kim, 2015). Trust in online health information is
primarily influenced by source credibility, with reputable institutions and
peer-reviewed publications viewed as more trustworthy (Abrar et al., 2023;
Liu, Zhang and Kim, 2023). Users often rely on search engine rankings,
assuming higher-ranked results are more reliable despite concerns about
misinformation and manipulation (Cook, Ecker and Lewandowsky, 2015;
Guo, 2022; Pan et al., 2007; Seckler et al., 2015; Haque, Khan and Fahim,
2023).
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User Study

This study was approved by IRB (#2024-028N) as no personal-level sensitive
data were used. During the study, 15 participants validated ChatGPT’s
answers to Alzheimer’s disease-related questions by comparing them with
their prior knowledge or Google search results. We developed a web-based
testbed that displayed ChatGPT’s responses and, in the second phase, 10
clickable Google search results alongside them.

Testbed. The testbed was designed to examine how access to Google
search results influences user behavior when validating AI-generated content.
Participants completed two phases: Phase 1, validating ChatGPT’s responses
alone; and Phase 2, validating ChatGPT’s responses with Google search
results displayed next to the AI’s answers. Users could click any links to open
the original sources in a new window. The two-phase interface as shown in
Figures 1 and 2, respectively.

Figure 1: Screenshot of the Phase 1 evaluation web application interface.

Figure 2: Screenshot of the Phase 2 evaluation web application interface.

Dataset. We used the Alzheimer’s Disease Knowledge Scale (ADKS) as the
source of 30 true/false questions, covering various aspects of Alzheimer’s
disease. We reformatted 30 ADKS statements into yes/no questions to ensure
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consistent input for ChatGPT and subsequent evaluation. Each question was
presented to ChatGPT three times to ensure answer consistency. Prior to the
study, we collected two sets of search results for each statement, one using
keywords extracted from the statement and the other using the full question
to support external validation.

Participants.We recruited 15 participants aged 22–27 from our institution,
with backgrounds in fields such as Computer Science, Software Engineering,
and Data Science. All participants had prior experience using conversational
AI systems like ChatGPT.

Procedure. The study consisted of an initial questionnaire capturing
demographics and AI usage habits, two validation phases, and a follow-up
questionnaire. In Phase 1, participants judged ChatGPT’s responses using
only their prior knowledge. In Phase 2, participants assessed the same
responses with access to 10 pre-collected Google search results. Participants
could choose “correct,” “incorrect,” or “I’m not sure” for each response.
Instructions clarified that if ChatGPT’s response included phrases like “it is
generally true” or “it is possible,” it should be treated as “True,” and if it
included “it is not entirely true,” it should be treated as “False.” Instructions
were visible throughout the task.

Measures and Data Analysis. We evaluated participant performance using
precision, recall, and F1-score, based on classifications into true positives
(TP), false positives (FP), true negatives (TN), and false negatives (FN). When
“I’m not sure” was selected, the response was treated as perceived incorrect.
Statistical analysis involved paired t-tests for normally distributed metrics
and Wilcoxon tests otherwise.

RESULT

The findings encompass several aspects: participants’ prior experience in
validating responses from conversational agents, as gathered from the initial
questionnaire; an analysis of their behavior and ability to validate responses
during the task; and their feedback on the task itself, obtained through the
follow-up questionnaire. These insights provide a comprehensive view of
how users approach response validation in conversational agents and their
performance throughout the study.

Participants’ Experience in Validating Responses from Conversational
Agents. Participants were surveyed on their use of conversational AI systems
and their validation practices. Among the 15 participants, six reported using
ChatGPT several times a day, eight several times a week, and one less than
once a month (Figure 3a). When asked about the frequency of validating
responses, six participants indicated they validated frequently, six sometimes,
two rarely, and one always (Figure 3b).

Regarding validation methods, all participants reported using Google
search to verify AI-generated answers. Additionally, six participants
mentioned consulting other AI tools, such as Claude and Gemini. For
example, P7 stated, “I use multiple AI-generated sites (Claude) along with
Google,” while P13 noted, “I often give different prompts and validate, and
sometimes I also check with other AI tools like Claude and Gemini.”
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Figure 3: (a) Reported frequency of ChatGPT usage, (b) Reported frequency of
validating AI responses.

Accuracy of Identifying Incorrect Responses. Participants’ ability to
recognize correct responses improved with access to Google search results.
Recall increased from 0.70 (SD = 0.10) in Phase 1 to 0.77 (SD = 0.14)
in Phase 2, a statistically significant improvement (t14 = –2.35, p = .034,
d = −0.60) (Figure 4). The F1 score also rose from 0.80 (SD = 0.07) to
0.84 (SD = 0.09), although this difference was not statistically significant.
Analysis of participants’ classification outcomes showed that true positives
(TP) increased from 19.60 (SD = 2.90) to 21.67 (SD = 3.87), while false
negatives (FN) decreased from 8.40 (SD = 2.90) to 6.33 (SD = 3.87)
(Figure 5).

Figure 4: Box plot of each phase metrics.

However, a trade-off emerged. False positives (FP) increased from 1
(SD= 0.73) in Phase 1 to 1.47 (SD= 0.62) in Phase 2, approaching statistical
significance (W = 10, p = .052, r = 2.58). True negatives (TN) decreased
from 1 (SD= 0.73) to 0.53 (SD= 0.62). These findings suggest that although
external search information improved participants’ ability to detect correct
answers, it also made them more likely to incorrectly trust false information.

Analysis of ChatGPT’s Incorrect Answers. To further understand
challenges in validation, we analyzed two intentionally incorrect answers
from ChatGPT: Question 8 and Question 19. For Question 8 (“Is it true that
in rare cases, people have recovered from Alzheimer’s disease?”), ChatGPT
incorrectly affirmed recovery was possible. In Phase 1, only three participants
correctly identified the response as incorrect. After introducing Google search
results, the number of participants incorrectly believing the answer was
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correct increased, suggesting that search results failed to clearly disprove the
misconception.

Figure 5: The number of true positives, false positives, true negatives, and false
negatives in phase 1 and 2.

For Question 19 (“Is it true that tremor or shaking is common in
Alzheimer’s disease?”), ChatGPT again incorrectly affirmed the statement.
In Phase 1, no participant judged the answer as incorrect. In Phase 2, only
three participants correctly rejected it. Although search results mentioned
Parkinson’s disease symptoms, they did not explicitly clarify the distinction,
leading to persistent misinterpretation. These examples highlight that even
with external resources, ambiguous or incomplete information can reinforce
misconceptions rather than correct them, emphasizing the need for clearer
evidence presentation in both AI outputs and search engines.

Time Spent and Performance. Participants’ average time per question
significantly increased between the two phases. In Phase 1 (ChatGPT-only),
the mean time was 38.71 seconds (SD = 14.37); in Phase 2 (with Google
search), it rose to 82.00 seconds (SD = 23.35) (Figure 6). This increase
reflects the additional cognitive effort required to cross-reference ChatGPT’s
responses with external sources. However, as seen in Questions 8 and
19, more time spent did not always lead to better validation accuracy. In
some cases, complex or ambiguous search results prolonged decision-making
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without effectively improving judgment. This underscores the importance of
balancing background information and clarity when designing AI systems to
assist users in critical evaluation tasks.

Figure 6: Average time box plot of each phase.

Correlation Between Validation Metrics and Information-Gathering
Behavior. Participants clicked an average of 20 links (SD = 12.92) during
the validation task. Correlation analyses revealed that fewer link clicks were
associated with more false positives (r = −0.63, p = .012), while more
clicks correlated with more true negatives (r = 0.63, p = .012) and higher
precision (r = 0.53, p = .041). These findings suggest that active exploration
of multiple information sources improves users’ ability to accurately reject
incorrect AI outputs. Encouraging broader information-gathering behavior
may enhance validation performance when interacting with conversational
agents.

Subjective Feedback. When validating ChatGPT’s responses without
search results, 10 participants relied on prior knowledge and experience,
while six used logical reasoning. With access to Google search results,
most participants (N = 10) compared ChatGPT responses with retrieved
information, and many evaluated source reliability. As P15 noted, “I checked
information from sources such as academic articles, official websites, and
trusted news outlets.”

As shown in Figure 7, participants preferred question-based search results
over keyword-based ones. Eight participants rated question-based searches
as very useful or extremely useful, citing greater relevance and reliability. In
contrast, keyword-based results were generally rated as moderately useful.
Participants prioritized links that closely matched the query (N = 8), came
from trusted and authoritative sources (N = 6), or were from familiar
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websites (N = 3). Trusted institutions such as WHO, NIH, CDC, and Mayo
Clinic were frequently mentioned as preferred sources.

These findings highlight that users’ validation strategies depend heavily
on source credibility, query formulation quality, and familiarity with trusted
organizations, factors crucial for the design of future conversational agents
and AI-generated information platforms.

Figure 7: Reported usefulness of search results.

DISCUSSION

In this section, we will discuss the key implications of the findings, focusing
on how the availability of external search results influenced participants’
performance in validating ChatGPT responses. Additionally, we will address
the limitations of the study, including potential factors that may have affected
the results and the generalizability of the findings.

Encouraging frequent and multi-source validation. Many participants
validated ChatGPT responses using Google and other AI tools. Future AI
systems should promote consistent cross-validation across multiple trusted
sources.

Balancing external support and critical evaluation. While access to search
results improved recall, it also increased false positives. AI systems should
integrate external information carefully to support recall without diminishing
users’ critical scrutiny.

Promoting deeper information-gathering behavior. Participants who
explored more links achieved better accuracy. AI interfaces should nudge
users to consult multiple sources, counteracting overconfidence from single
responses.

Improving search literacy through system design. Participants favored
question-style queries over keyword searches. AI tools should guide users
in crafting effective queries and teach basic search strategies to enhance
information retrieval.

Enhancing cognitive support in search activities. Prior research shows
search is a cognitive learning process (Vakkari, 2016). Future AI should assist
users with varying search abilities (Schultheiß and Lewandowski, 2023; Zhao
et al., 2023), fostering better judgment rather than reinforcing blind trust in
results.
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LIMITATIONS

Our study involved a small, relatively tech-savvy participant pool, focused on
the health domain, and used only ChatGPT-3.5 and Google search. Future
work should expand to broader populations, topics, and tools to validate the
generality of our findings. Nevertheless, the user behavior patterns observed
in this study offer valuable insights and demonstrate potential generalizability
across different domains and conversational AI systems.

CONCLUSION

This study explored how users validate responses from AI-generated systems
like ChatGPT, both independently and with the support of external resources
such as Google search results. Our findings reveal that while access to
search results enhances recall and helps participants identify more correct
responses, it also introduces a trade-off with a slight increase in false positives.
These results highlight the importance of designing systems that balance the
benefits of supplemental information with the need to maintain precision
in user evaluations. We also observed that participants’ ability to validate
responses is influenced by their engagement with external resources, with
more thorough information-gathering behaviors leading to better accuracy
and fewer errors. This emphasizes the need for future conversational agents
to integrate mechanisms that encourage users to critically evaluate AI-
generated content and explore diverse information sources. These findings
have broad implications for the design and deployment of conversational
agents. By integrating features that promote critical evaluation, encourage the
exploration of diverse resources, and support user-driven validation practices,
AI systems can better foster trust and reliability. Such improvements are
especially crucial in high-stakes domains, where the accuracy of AI-generated
responses has significant real-world consequences. This research contributes
to advancing our understanding of user behaviors and lays the groundwork
for future innovations in AI-driven interactions.
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