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Abstract— Generative artificial intelligence is increasingly used in tourism planning, yet little is known about how tourists interpret highly

affirmative, preference-consistent AI responses in consequential sports-tourism decisions. This study explores tourists’ reported experiences of

perceived AI sycophancy and how such interactions are associated with judgments of destination fit, personal capability, risk evidence, information

verification, and companion negotiation. Using an exploratory qualitative design, 40 adults who had used generative AI when planning mountain

or outdoor sports tourism in Chongqing, China, were interviewed. A grounded-theory-informed coding procedure was used to develop 22

open codes and four interconnected categories: preference precedence and sycophantic confirmation, algorithm-reinforced destination fit, risk

evidence reordering, and algorithmic self-echo. Participants described how preference-consistent responses could make prior wishes appear

externally validated, strengthen perceived person–destination fit, reduce the salience of restrictive risk evidence, and provide apparently neutral

support during companion disagreement. These patterns were less evident in accounts involving substantial sports experience, active multi-source

verification, professional guidance, or multi-party cross-questioning. As this study is based on the participants’ retrospective reports and not

independent audits of AI conversation logs, the results are limited to perceived sycophantic behaviour and reported decision processes rather

than verified model behaviour or causal effects. This paper provides a relational model of AI-assisted tourism decision-making and suggests that

for high-stakes travel planning, epistemic independence, explicit uncertainty communication, and external verification need to be ensured.

Index Terms— Perceived AI sycophancy, Sports tourism, Destination fit, Risk judgment, Generative artificial intelligence, Qualitative re-

search
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Introduction

Although major sporting events and sport-led development have been employed to support urban transformation, city branding and host-

community development in China, their effects are context-dependent and not automatic (Abbas Marhoon et al., 2026; Yao & Schwarz, 2018;

Zhang & Zhao, 2009). Participatory sports tourism and adventure tourism include a range of land- and water-based activities, such as hiking, trail

running, cycling, rock climbing, and water sports (Weber, 2001). Safe participation requires tourists to assess the connection among their own

resources, the difficulty of the activity, environmental uncertainty, equipment, accessibility, and companion capacity (Tsaur et al., 2013). When

risk does not match capacity, there is an increased likelihood of deviating from the plan, having negative experiences, and encountering safety
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issues (J. Wang et al., 2019). Thus, it has not been practically feasible to provide independent, accurate, and corrective decision-making support

for tourists in the governance of sports tourism destinations.

Chongqing, China has mountains and rivers, canyons and forests, karst landforms, and a large-scale urban area; all are suitable for various

outdoor activities. Given the above conditions, the level of difficulty, environmental uncertainty, equipment availability, individual resources, and

the ability of companions all determine the challenges participants face (Ahmad, 2025; Tsaur et al., 2013). Chongqing can therefore be regarded

as a combined sports-tourism area rather than a single-industry tourist area. Given the multiple activities in this context, visitors’ choices will be

influenced by whether their tourist abilities meet the requirements of the activities (Williams & Baláž, 2013).

As the number of destinations and activities has increased, travellers’ choices now need to consider reasons for travel, attributes of

destinations, constraints, emotional responses, and available alternatives simultaneously (Stylos, 2022). First-time visitors are not familiar with

Chongqing’s rough terrain, the difficulty of the path, and bad weather, etc. Before the wide application of generative AI, people usually gathered

travel information from multiple sources, such as search engines, tourism websites, government offices, local knowledge, and word-of-mouth

(Wong et al., 2023). AI-based travel recommendation systems now integrate distributed information into evaluation options (Gao et al., 2023).

Personalized features can make users more trusting and willing to be recommended by others (Shi et al., 2020; Yang et al., 2024).

Generative AI does not always function as an independent source of corrective advice. AI sycophancy refers to excessive agreement or praise

that aligns a response with the user’s stated position while failing to provide warranted challenge or correction (Cheng et al., 2026). It differs

from ordinary personalisation, politeness, or empathy because the central concern is epistemic: A system may preserve alignment with the

user’s desired conclusion even when a more independent response would question the premises, request missing information, or foreground

counterevidence.

Recently, some studies have shown that sycophantic AI may reduce users’ self-confidence, trust and a sense of socialisation. Cheng et al.

(2026) found that sycophantic responses can increase a user’s self-confidence in the face of interpersonal conflict, decrease the need to mend the

rift, and thus build trust and extend the life of the AI. Li et al. (2026) also found that agreement from large language models supports the first

choices in opinion- and preference-based decision-making tasks. Lee et al. (2026) further divided emotional support and informational support,

and determined that emotional mimicry did not reduce the informational cost of excessive fawning responses. Together, these studies have

shown that the problem is not only about a factual error but also about how AI agreement affects the interpretation and weight given to evidence.

Sports tourism is a particular case; many tourists have already formed an idea of a place or activity based on AI. A preference-consistent

response is then perceived as an autonomous judgment of fitness for use, even if it is partially influenced by the user’s own framing. AI does not

need to be completely false in such cases to be consequential. The order, tone, emphasis, and conditional framing of information can make users

view weather, terrain, equipment requirements, and capability limitations as necessary conditions for rejection or as manageable advantages of a

preferred plan.

Friends plan their trips together and use their mobile phones to find travel information, or they talk about what they see online as a group

(D. Wang et al., 2024). Given the different experiences, abilities, and risk tolerances of the parties involved, negotiations in sports tourism are

relatively high-risk (Tsaur et al., 2013; Williams & Baláž, 2013). Alternative interpretations provided by companions can reopen information search

and plan revision. On the other hand, if a tourist only speaks to the AI from one side, a sycophantic answer may make the initiator more convinced

and less willing to change their mind (Cheng et al., 2026).

Against this background, this study examines 40 tourists’ reported experiences of using generative AI in the context of mountain and

outdoor sports tourism in Chongqing. The study does not independently classify AI outputs as objectively sycophantic; rather, it investigates

how participants perceived and interpreted excessively affirmative or preference-consistent responses and how they described the role of

those responses in destination evaluation, capability assessment, risk interpretation, information verification, plan persistence, and companion

negotiation. The study addresses the following research questions:

(1) RQ1. How do sports tourists perceive and interpret excessively affirmative or preference-consistent AI responses?

(2) RQ2. How are these perceived AI responses associated with tourists’ judgments of destination fit, personal capability, and risk controllabil-

ity?

(3) RQ3. How do tourists describe the role of perceived AI sycophancy in information verification, plan adjustment, and companion

disagreement?

Literature Review

China’s sports tourism development and destination decision complexity

A system of sports tourism can be viewed as a destination system that includes activities, facilities, transport, accommodation, information,

services, and governance. Research on adventure tourism shows that the experience of participants is influenced by the relationship among

activity challenge, personal resources, companions, equipment, and environmental uncertainty (Tsaur et al., 2013; Weber, 2001). Tourism choices

also involve the interaction of rational and emotional paths, rather than a single linear evaluation (Stylos, 2022). Therefore, the development of
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sports tourism needs to be based on the conditions of natural or sporting resources and should be transformed into accessible, safe, experiential,

and manageable products.

Sport-led destination development is spatially and socially contingent, not uniform. Based on the evidence from the Chinese host cities,

these large-scale sports events have achieved their goals of brand promotion and community construction; however, the actual effect will still be

influenced by the residents’ level of awareness and the region’s own capabilities (Yao & Schwarz, 2018). Research on the Olympic branding of

Beijing also shows that event-driven image transformation does not happen automatically and may differ from the actual experience of residents

and visitors (Kafi & Ghadamyari, 2026; Zhang & Zhao, 2009). Therefore, the sports tourism market for tourists has various degrees of destination

maturity, service capacity, infrastructure, and risk management.

The Chongqing setting is rich in various activities and environments. Due to factors such as the difficulty of the activity, participants’ resources,

equipment, and environment, uncertainty in the surroundings and ability of partners, the same destination can present different challenges for

different visitors (Iram et al., 2026; Tsaur et al., 2013). Tourism risk tolerance and ability also differ among tourists; they have varying degrees of

real and perceived risk management capabilities (Williams & Baláž, 2013). Therefore, capability assessment serves to inform the selection of a

destination and activity.

Digital information nowdirectly influences the choice of destination and activity. All kinds of functional attributes, preferences and geographical

information are used to offer users a seemingly reasonable selection via an AI-based travel recommendation tool (Gao et al., 2023). Personalized

tourist recommendations can also affect trust in technology and the attitude towards recommended content and other parts of the e-tourism

experience (Yang et al., 2024). Therefore, the digital system will present the information differently to change the tourists’ perceptions and

selections among the options.

Existing research includes explanations for the development and branding of sport-event destinations Yao and Schwarz (2018), adventure-

tourism risk and safety behaviour J. Wang et al. (2019), and tourists’ adoption of generative AI for planning (Seyfi et al., 2025; Wong et al., 2023).

These streams show where the activities take place, how the risks are perceived, and why tourists use AI. They do not provide details on how

preference-consistent AI responses change destination suitability judgments, capability assessments and companion negotiations in consequential

sports-tourism scenarios.

Chongqing’s sports-tourism diversity also worsens the problem. Hiking, trail running, cycling, rock climbing, water activities, and camping

all have different combinations of challenge, environmental uncertainty, equipment, competence, and partner capacity (Tsaur et al., 2013).

Adventure-tourism safety behaviour is also affected by risk perception, self-efficacy, emotion, and other individual differences (J. Wang et al.,

2019). Therefore, Chongqing serves as a typical case to study the intersection of various demands for activities, differences in tourist abilities,

digital decision-making, and risk governance.

Generative AI sycophancy and its decision-making impacts

Most research on tourism AI at present focuses on technology acceptance, perceived usefulness, trust, personalisation, information quality and

usage barriers. Wong et al. (2023) have shown that generative AI can help tourists make choices for their own trips before, during and after the

trip. Seyfi et al. (2025) have also found that the tourists’ willingness to use generative AI for travel planning is affected by perceived risk, usage

barriers, and other individual factors. These studies show that tourists are using AI, but they do not explain how interactions with AI affect tourists’

pre-existing beliefs.

AI sycophancy provides a reasonable explanation for a particular deficiency in AI-assisted planning. It can be regarded as preference-consistent

alignment that is still reasonable in the proximity of a user’s stated position, rather than as general false information. Although the effusive praise

increase user’s self-esteem and confidence, there is also a risk of dependence and inhibition of corrective socialisation (Cheng et al., 2026). In

the future, research in tourism will probably move from verifying the correctness of generated content to investigating how well a system can

maintain epistemic independence when interpreting incomplete self-descriptions and subsequent travel decisions.

The above empirical studies show three typical patterns. First, AI agreement can reinforce the user’s initial choice in opinion- and preference-

based tasks (Li et al., 2026). Second, although one trusts and relies on the praise, it may reduce one’s will to mend the broken relationship (Cheng

et al., 2026). Thirdly, emotional affirmation and informational quality should be separated; feeling understood does not necessarily mean that

the supporting information is adequate in terms of correction or well-foundedness (Lee et al., 2026). Based on the above, we will focus on how

tourists perceive preference-consistent AI responses in environments with physical limitations and uncertainty.

The central issue is therefore not only factual correctness but also evidence interpretation. Users may experience AI agreement as if it were

new, external information even when the response is partly conditioned by the wording of their own prompt and self-description. In sports

tourism, such a process is potentially important because enthusiasm, routine exercise, or a self-image of being adventurous can be rhetorically

connected to activity suitability without providing sufficient evidence of route-specific competence, technical skill, or emergency preparedness.

Route length, terrain, weather, and equipment requirements are activity-level constraints, and their relative weights vary depending on the

participants’ abilities and resources (Tsaur et al., 2013; Williams & Baláž, 2013). AI can still interpret tourist interest as ability, daily exercise as

specialised training, and destination appeal as personal fit. Preference-consistent AI agreement has been shown to enhance the user’s initial
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selection (Li et al., 2026). A general mechanism has been identified in this study to date when enthusiasm or regular exercise are transformed into

unsupported evidence of specialist ability. Therefore, in this paper, algorithm-reinforced destination fit is used as a proxy to explore how multiple

affirmations by AI can turn initial interest into a sense of alignment with one’s needs for identity, ability, and destination.

AI-mediated sports tourism risk judgment

Sports tourism risk is judged by the interplay of perceived threat, affect, efficacy beliefs, previous experience, motivation and intended behaviour

(Liu-Lastres et al., 2024). Research on the safety of adventure tourism has also shown that a person’s attitude towards risk and emotions affect

their protective behaviour (J. Wang et al., 2019). Therefore, tourists will have different difficulty assessments of the same activity due to variations

in competencies, partner abilities, equipment, and environmental uncertainty among different participants and situations (Tsaur et al., 2013;

Williams & Baláž, 2013). Risk judgment is thus a relational result of destination conditions, one’s own abilities, information sources, and social

interactions.

The old way of online planning required tourists to collect information frommultiple places; now, generative AI can gather all this diverse data

and provide a seemingly unified recommendation (Wong et al., 2023). The Accessibility and Perceived Diagnosticity of Generated Content Affect

Tourists’ Judgments (Stergiou & Nella, 2024). Risk information will still be shown, but it will receive a lighter weight given to the interpretation by

encouraging or preference-consistent content. Studies have found that sycophantic agreement can reinforce the initial choice and reduce the

impact of disconfirming information (Li et al., 2026). General danger can then be accepted, and personal vulnerability may be ignored when

perceived efficacy is relatively high compared with the threat (Liu-Lastres et al., 2024). This may separate the general risk from the individual’s

vulnerability when AI-assisted decisions are made in sports tourism.

Sports Tourism also has a specific group character. Travel decisions aremade by discussing themwith others, and digitally available information

can serve as a common reference basis for these talks (D. Wang et al., 2024). When a conflict is presented to the AI from one side’s perspective, a

supporting response can enhance that party’s self-confidence in their own view and reduce openness to interpersonal repair (Cheng et al., 2026).

Then, if the answer is presented to the group as an individual’s analysis, it will be accepted as algorithmically supported information.

This study uses the term algorithmic self-echo to describe a reported social process in which a user’s framed position is reorganised by AI

into professionalised language and then reintroduced into a group discussion as apparently independent support. The concept is consistent

with evidence that sycophantic systems can reinforce users’ positions while remaining trusted and desirable (Cheng et al., 2026). The analytical

question is therefore how participants interpret AI-generated support, not whether every recalled response can be independently verified as a

system-level instance of sycophancy.

Existing research has established several related but not-yet-connected knowledge systems. Research on sport-event development and

branding Yao and Schwarz (2018) and Zhang and Zhao (2009), research on adventure tourism that explores risk and safety behaviour J. Wang et al.

(2019), and research on tourism technology that studies generative AI planning and adoption Seyfi et al. (2025) and Wong et al. (2023) have been

carried out. Research on AI sycophancy has shown that it can alter people’s decisions by inducing a sense of dependence and modifying social

relationships (Cheng et al., 2026; Li et al., 2026). The extent to which these problems are reflected in the actual operation of capability-threshold

tourism, environmental uncertainty, information verification, and group negotiation has not been explored.

Accordingly, this study adopts an exploratory qualitative design to investigate when perceived AI sycophancy gains credibility, how participants

describe its relationship with destination fit and risk judgments, how it relates to information verification and plan persistence, and how AI-

generated support enters companion negotiations. Chongqing provides a useful setting because mountain and outdoor sports tourism combines

varied activity demands, uneven participant competence, environmental uncertainty, and frequent use of digital planning tools.

Methodology

Data collection

An exploratory qualitative study was carried out to investigate mountain and outdoor sports tourism in Chongqing. Purposive and snowball

sampling were employed to recruit participants through outdoor-sports communities, hiking and running clubs, tourism-related social-media

groups, and participant referrals. The eligibility conditions were as follows: (1) being aged 18 or older; (2) having participated in mountain or

outdoor sports tourism in Chongqing within the past two years; (3) having used generative AI for destination exploration, route planning, activity

selection, equipment preparation, risk inquiry, or companion discussion; and (4) being able to describe at least one specific decision case assisted

by AI. From April 1, 2026, to April 30, 2026, data were collected. Forty people (P1-P40) were interviewed, and there were differences in gender,

age, sports-tourism experience, visit frequency, length of AI use, and travel mode. The sample activities included mountain hiking, trail running,

cycling, rock climbing, and camping. Online interviews were conducted via WeChat and Tencent Meeting, and each interview was about 30

minutes long. All interviews were conducted in Chinese, and the English quotations in this study were translated with the help of ChatGPT. The
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generative AI platforms most frequently used by the participants were Doubao and DeepSeek. As the study mainly used participants’ retrospective

reports, AI outputs were regarded as remembered interactional experiences rather than independently verified system behaviour.

Data analysis

Based on grounded theory, open, axial, and selective coding were used to conduct the analysis (Corbin & Strauss, 2008). The above description is

intended to provide the foundation for the study; it started with an existing sensitizing idea—AI sycophancy—but allowed the specific decision

process and relational mechanism to be developed from the participants’ own words.

Open-coding was conducted on the 40 interview transcripts at the line level. Forty-six initial concepts were generated, and semantically

redundant concepts and purely descriptive codes without analytical value were subsequently merged to yield 22 retained open codes. Axial

coding then examined relationships among conditions, interaction patterns, judgments, and reported behavioural responses. Four interconnected

categories were developed: preference precedence and sycophantic confirmation, algorithm-reinforced destination fit, risk evidence reordering,

and algorithmic self-echo. Selective coding integrated these categories around a core proposition concerning how participants experienced

preference-consistent AI responses as apparently independent confirmation and how this process entered individual and group decision-making.

One author served as the lead analyst and completed the line-by-line coding and initial category development. The other two authors then

reviewed the coding matrix, code definitions, representative excerpts, category boundaries, and the treatment of deviant cases. The coding

matrix linked transcript excerpts to the 46 initial concepts, 22 retained open codes, and four axial categories, thereby providing an audit trail of

category development. Interpretive disagreements were discussed until the authors reached consensus. Because the procedure was iterative and

interpretive rather than a fixed coding exercise, no numerical inter-coder reliability coefficient was calculated. This collaborative review, together

with deviant-case analysis and the subsequent saturation check, was used to reduce dependence on a single analyst.

Conceptual saturation was assessed by using the first 32 interviews to establish the initial coding structure and the final eight interviews

(P33–P40) as a subsequent saturation check. These later interviews were examined for new codes, new conceptual meanings, new primary

categories, or changes in relationships among existing categories (Hennink et al., 2017). They introduced contextual variation but did not generate

a new primary category or alter the relationships among the four core categories. Saturation is therefore claimed only within the scope of the

present sample and research questions.

Results

Open coding: Reported experiences of excessive AI affirmation and decision processes

During open coding, participants’ descriptions of specific behaviours, judgments, and interaction sequences served as the units for analysis. The

analysis did not consider the theoretical labels of ”AI sycophancy” or ”risk underestimation” as automatic descriptions of all recalled AI responses.

Codes were assigned to the reported interaction features and decision processes that participants described, such as confirmation-seeking

consultation, positive self-presentation, capability confirmation, risk framing, reduced verification, repeated reassurance, and the use of AI output

in companion disagreement.

Participants seldom judged AI answers as merely true or false. They were more likely to think about whether the system agreed with them,

how fast it worked, whether there were any obvious bugs, and whether its support motivated them to learn more. The four axes of the resulting 22

open codes are as follows. Deviant cases (P22, P27, P31, and P35) were retained because they showed circumstances in which sports experience,

external verification, professional information, or cross-questioning reduced the perceived authority of the affirmative AI response. Table I shows

the connections among the open codes and the four higher-order categories.

Table I

Open codes and their corresponding axial categories

No. Open code Analytical meaning Illustrative analytical paraphrase Corresponding axial cate-

gory

OC1 Pre-existing destination

preference

The tourist had already developed a prefer-

ence for a destination, route, or activity be-

fore consulting AI.

Before asking it, I had basically de-

cided that I wanted to go toWulong.

Preference precedence

and sycophantic confir-

mation

OC2 Confirmation-seeking con-

sultation

The tourist consulted AI primarily to validate

an existing choice rather than explore alter-

natives openly.

I mainly wanted to see whether it

also thought my plan was reason-

able.

OC3 Preference-oriented ques-

tion framing

The prompt was framed around complet-

ing the preferred plan rather than assessing

whether the plan should proceed.

I asked how to finish the route, not

whether I should choose it.
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No. Open code Analytical meaning Illustrative analytical paraphrase Corresponding axial cate-

gory

OC4 Selective positive self-

presentation

The tourist emphasised exercise habits, previ-

ous experience, confidence, or adventurous

identity while omitting relevant limitations.

I told it that I run regularly, but I did

not mention that I had little moun-

tain experience.

OC5 Direct confirmation of the

user’s position

AI explicitly endorsed the tourist’s preferred

destination, route, or activity.

It directly said that this choice suited

me very well.

OC6 Interpreting agreement as

personal understanding

Tourists interpreted AI alignment as evidence

that the system understood them rather than

accommodated their position.

I felt that it finally understood what

I really wanted.

OC7 Praise of adventurous iden-

tity

AI strengthened the user’s preferred self-

image by praising courage, persistence, or

desire for challenge.

It said I had an adventurous person-

ality and was suitable for a more

challenging route.

Algorithm-reinforced

destination fit

OC8 Treating enthusiasm as ca-

pability evidence

AI interpreted interest, motivation, or will-

ingness to participate as evidence of actual

competence.

Because I really wanted to try it, it

seemed to think that I was capable

of doing it.

OC9 Extending general fitness

into specialist competence

General running, gym, or travel experience

was treated as evidence of mountain or out-

door sports capability.

I said I could run ten kilometres, and

it concluded that I could complete

the mountain route.

OC10 Personalised activity–iden-

tity matching

AI described the destination or activity as es-

pecially consistent with the tourist’s person-

ality, lifestyle, or preferences.

It said that Chongqing’s mountain

activities matched my personality

particularly well.

OC11 Transformation from at-

traction to perceived suit-

ability

Tourists moved from wanting to participate

to believing that the activity was objectively

suitable for them.

At first I only wanted to go, but later

I felt that the activity was made for

me.

OC12 Encouragement preceding

risk information

Positive evaluation appeared before risk

warnings and established the overall inter-

pretation of the response.

It first said the route was worth

challenging and only mentioned the

weather at the end.

Risk evidence reordering

OC13 Risks framed as easily man-

ageable

AI acknowledged risk but represented it as

controllable through simple preparation or

determination.

It said there would be no major

problem as long as I prepared the

equipment.

OC14 Insufficient inquiry into

personal limitations

AI made suitability judgements without ob-

taining adequate information about health,

skill, experience, or previous exposure.

It never asked whether I had han-

dled that type of terrain before.

OC15 General risk separated

from personal vulnerability

Tourists accepted that the activity involved

risk while believing that the risk did not apply

strongly to them.

I knew the route was risky, but I did

not think the risk would really affect

me.

OC16 Reduced external informa-

tion verification

AI affirmation decreased tourists’ motivation

to consult official notices, professional advice,

weather services, or route platforms.

Its explanation seemed complete,

so I did not check the scenic-area

notice again.

OC17 Re-consultation for cer-

tainty and plan persistence

Tourists repeatedly consulted AI to restore

confidence and maintain the original plan

rather than acquire new information.

Whenever I hesitated, I asked it

again, and after it encouraged me, I

continued with the same plan.

OC18 Turning to AI after compan-

ion disagreement

Tourists consulted AI when friends, partners,

or family members challenged the preferred

plan.

My friend disagreed, so I asked AI to

judge who was more reasonable.

Algorithmic self-echo

OC19 Selective presentation of

group disagreement

The user described the disagreement in away

that privileged their own position and limited

the companion’s reasoning.

I mainly told it why my plan was fea-

sible and only briefly mentioned my

friend’s concern.

OC20 Treating AI output as inde-

pendent authority

Tourists regarded AI-generated responses as

neutral third-party assessment despite the

influence of their own framing.

I thought this was not just my opin-

ion; it was the result of AI analysis.

OC21 Using AI responses to legit-

imize a personal position

AI-generated content was shown to compan-

ions as evidence supporting the user’s pre-

ferred plan.

I sent the answer to the group and

said that AI also believed the route

was feasible.

OC22 Contradictory cross-

questioning exposing

framing dependence

When different group members obtained

contradictory AI support, the team recog-

nized that the output depended on question

framing.

It supported my plan when I asked,

but it supported my friend’s plan

when she asked, so we realized it

was not neutral.
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Axial coding: Four core categories and their internal relationships

Axial coding organized the 22 open codes into four interconnected categories that jointly addressed the three research questions by linking

perceived affirmation, destination-fit and risk judgments, verification behaviour, and companion negotiation.

Preference precedence and sycophantic confirmation: How AI is experienced as ”On My Side”

The first type is how tourists recognized and interpreted the preference-consistent AI’s responses. Many participants mentioned that they

consulted AI after selecting one of the above destinations, routes or activities. Some prompts were positive self-descriptions, such as ”exercise

regularly”, ”like a challenge” or ”previously climbed mountains”. The participants then described the responses that confirmed their preferred plan,

and some interpreted this affirmation as evidence that the system had understood their individual circumstances rather than as an accommodation

to the framing of the prompt.

Participants were more likely to perceive affirmation as excessive when the AI offered strongly positive judgments without much personal

information, changed its position after the user voiced dissatisfaction, produced conflicting support under different prompt framings, or combined

risk warnings with an unequivocally positive final recommendation. Older participants were more likely to focus on whether the system asked

about limitations and presented conflicting evidence. Therefore, this category refers to the interpretation of agreement as understanding,

expertise, or objectivity, and not merely agreement.

Algorithm-reinforced destination fit: From destination preference to capability matching

The second category is the movement of participants from destination preference to perceived person-activity fit. Often, the beginning of the

participants’ statements was ”I want to go to X place” or ”I want to try Y activity”; after the AI repeatedly mentioned their exercise history,

personality, motivation, or preparation, some of them felt that the activity was particularly suitable for them. Thus, the data suggest that the

process is one of algorithm-reinforced destination fit rather than an independent change in objective capability.

The three steps in this process are: tourists provide favourable self-descriptions; the AI response links these descriptions to capabilities or

suitability; and tourists then interpret the returned assessment as external confirmation of fit. In some cases, general running, fitness, or travel

experience was considered relevant to mountain or outdoor ability, and route-specific experience, extreme-weather response, and technical

equipment knowledge received less attention. The analysis shows that this category expresses preference and self-description in the form of

perceived suitability.

Risk evidence reordering: Risks seen but not seriously addressed

The third type is how the participants described the weight of the risk evidence. Many of these cases still listed weather, terrain and equipment

risks, but the encouraging conclusions were more prominent than the restrictive qualifications. Therefore, the participants did not necessarily

deny the existence of risk; instead, they considered that the interpretation of risk was manageable or less personally relevant after receiving an

affirmative overall assessment.

This pattern is called risk evidence reordering. Some participants reported that AI affirmations strengthened their commitment to a particular

plan or reduced the sense of necessity for official announcements, weather information, route platforms, and professional consultation. Others

reported frequent consultations during times of uncertainty and used AI less for new information and more for reassurance about the chosen plan.

The above retrospective analyses suggest a sense of relief but do not demonstrate that AI affirmation caused plan persistence independently.

Deviant cases met this condition. When the official warning, local guide or scenic area announcement released particular and reliable

information about the trail platform, some participants have modified or cancelled their plans despite the previous positive responses from the

AI. The above cases suggest that the perceived authority of AI affirmation is relative to the availability and active use of competing information

sources.

Algorithmic self-echo: How AI enters companion disagreement and group decision-making

The fourth type is group negotiation. Sometimes, after arguing with friends, partners or family members, people have used AI to help them see

the situation from a different angle. A reply in line with this framework could then be shared among the group as if it were an impartial third-party

observations. This gave a personal context more algorithmic legitimacy in the users’ accounts.

The study labels this process algorithmic self-echo: A user’s preferences and assumptions are reorganized in professionalized AI language and

subsequently treated as independent evidence. The concept does not imply that the AI output was objectively neutral or objectively sycophantic;

it captures the participants’ reported interpretation and social use of the response. In some groups, this process weakened the corrective effect of

disagreement, whereas in others it was disrupted when multiple members compared differently framed prompts.
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P31 provided some representative deviant cases. Different members used different question frames, the AI provided conflicting plans, and

thus the team concluded that the AI was not unbiased. Such ”cross-questioning by multiple parties” may reduce the power of algorithms and lead

to a return of official information and group discussion. The results showed that AI sycophancy could increase the division among groups and,

after being exposed, lead to a team review of the question and information sources.

Figure 1 summarizes the axial coding framework. The three research questions are represented through four emergent categories: Perceived

sycophantic confirmation, algorithm-reinforced destination fit, risk evidence reordering, and algorithmic self-echo. The figure also identifies

professional experience, external information verification, and multi-party cross-questioning as boundary conditions reported in deviant or

contrasting cases.

Fig. 1 Axial coding framework of perceived AI sycophancy in sports-tourism decision-making

Selective coding: The core story of how generative ai sycophancy influences sports tourism decisions

Selective coding integrated the four categories around the following core proposition: In participants’ accounts, preference-consistent AI responses

could transform user-framed preferences into apparently independent confirmation, strengthen perceived destination fit, reduce the relative

salience of restrictive risk evidence, and provide socially portable support during companion negotiation. The individual pathway moved from

pre-existing preference to perceived confirmation, stronger fit, lower weighting of counter-evidence, and greater plan persistence. The social

pathway moved from disagreement to one-sided prompting, AI support, algorithmic self-echo, and reduced willingness to compromise. These are

reported interactional processes rather than experimentally established causal sequences.

Three recurring boundary conditions qualified the core process. First, participants with greater sports or outdoor experience were more

likely to distinguish general fitness from task-specific competence. Second, official information, local professionals, weather services, and multiple

platforms provided external checks on AI-generated assessments. Third, multi-party cross-questioning exposed framing dependence when

different users obtained inconsistent support. Under these conditions, participants were more likely to treat AI as a supplementary planning tool

rather than as an independent decision authority.

Theoretical saturation testing

To check whether the categories accounted for the relevant contents, after conducting the first 32 interviews, researchers established an initial

coding system and used interviews P33-P40 (8 interviews) as the material for theoretical saturation testing. The same analytical methods were

applied to the new materials independently and determine whether new AI sycophancy forms, decision outcomes, relational mechanisms, or

boundary conditions have emerged. Based on the test results, although the final eight interviews had different activity contexts and expressions,

they could all be explained by the existing core categories without creating new primary categories or changing the relationships among the core

categories. Therefore, the study reached theoretical saturation at the level of concepts. It should be pointed out that theoretical saturation does

not mean there are no other experiences in reality; rather, within the scope of the sample and research questions of this study, adding more

similar interviews would no longer add substantial conceptual depth to the theoretical explanation.

The theoretical mechanism proposed by this study

By combining the three-stage coding process with a saturation check, the study proposes a bounded qualitative mechanism in which perceived AI

sycophancy is associated with the validation of pre-existing preferences, stronger perceived destination fit, lower relative weighting of contradictory
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evidence, and the extension of AI-generated support into interpersonal decision-making. It is not required to be entirely false. A particular feature

of plausible, preference-consistent interpretations is that they can be considered independent evidence even if they are based on user-framed

prompts and incomplete self-descriptions.

The mechanism contributes in three focused ways. First, it extends research on AI sycophancy into a sports-tourism context where capability

thresholds and environmental uncertainty make overly affirmative interpretation consequential. Second, algorithm-reinforced destination fit

identifies a cognitive process through which desire and favourable self-description can become perceived evidence of suitability. Third, algorithmic

self-echo identifies a social process through which a user-framed AI response can acquire apparent third-party authority in group discussion.

Therefore, responsible AI in sports tourism should not only provide correct information but also have the ability to correct users. The system

should distinguish between user preferences and capability evidence, clearly state information deficiencies, avoid directly converting general

exercise experience into high-risk activity suitability judgments, and guide tourists to verify official and professional information on weather,

routes, and team safety.

Fig. 2 Proposed mechanism of perceived ai sycophancy in mountain sports-tourism decision-making

Figure 2 presents the final theoretical mechanism developed from the coding structure. Unlike Figure 1, which maps the coding categories to

the research questions, Figure 2 focuses on the proposed process linking pre-existing preference, perceived AI confirmation, algorithm-reinforced

destination fit, risk evidence reordering, and reported decision outcomes, together with the parallel social-negotiation pathway and the three

boundary conditions. The model should therefore be read as an empirically grounded interpretive framework derived from participant accounts,

not as a tested causal model.

Discussion

Reinterpretation of AI sycophancy in the context of sports tourism decision-making

This study reinterprets perceived AI sycophancy as a relational and processual feature of AI-assisted sports-tourism decision-making. Existing

tourism research has largely evaluated generative AI in terms of accessibility, diagnosticity, personalisation, efficiency, trust, reliability, and decision

support (Seyfi et al., 2025; Stergiou & Nella, 2024; Wong et al., 2023; Yang et al., 2024). Research on inaccurate generated content further

shows that factual error can reduce perceived accuracy, trustworthiness, and visitation intention (Kim et al., 2025). The present findings add a

different concern: Participants described situations in which the information could remain broadly plausible while its interpretation, emphasis,

and evidential weight aligned strongly with their preferred conclusion.

Four linked processes organise the findings: Preference confirmation, algorithm-reinforced destination fit, risk evidence reordering, and

algorithmic self-echo. Together, they suggest that perceived sycophancy is not experienced simply as explicit praise. Rather, affirmative responses

can become consequential when they connect favourable self-descriptions to suitability, position warnings as secondary qualifications, or enter

group discussion as apparently neutral support. This processual account complements experimental evidence that sycophantic AI can reinforce

users’ initial judgments and alter interpersonal responses (Cheng et al., 2026; Li et al., 2026).
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The first contribution is algorithm-reinforced destination fit. Traditional tourism choice research treats destination selection as an interaction

among motives, destination attributes, affect, constraints, and available alternatives (Stylos, 2022). The present study adds an AI-mediated

interpretive layer. Participants’ preferences and self-descriptions were not merely internal antecedents of choice; they were fed into conversational

systems and returned as apparently external assessments of person–destination congruence. Fit can therefore be recursively co-constructed

through human–AI interaction.

This contribution also refines research on personalisation. Personalised tourism recommendations can increase trust and positive attitudes

when they adapt content to users’ needs and characteristics (Yang et al., 2024). However, the present accounts suggest that adaptation becomes

problematic when preference indicators are treated as competence indicators. In sports tourism, capability should be evaluated against activity

difficulty, environmental uncertainty, equipment requirements, and participant resources (Tsaur et al., 2013; Williams & Baláž, 2013). General

fitness or enthusiasm can be relevant information, but they are not substitutes for route-specific skill or preparedness.

This is not the inaccurate-information path that Kim et al. (2025) have studied. A response may correctly specify a route, weather conditions

or standard equipment requirements, but still provide a poorly grounded judgment that the activity is suitable for a particular user. Therefore, it is

no longer about factual errors but about misinterpretations. The former concerns whether destination information is correct; the latter concerns

whether the inference from available evidence to a personalised recommendation is adequately justified.

The second contribution is risk evidence reordering. Research on tourists’ decision-making has focused generally on the accessibility, reliability,

and convenience of information (Stergiou & Nella, 2024). Participants in this study described a different problem: although the evidence was

still available, it was given less practical weight after the overall positive evaluation. Therefore, in the future, artificial intelligence-assisted risk

judgment will also need to consider the position of warnings in relation to preference-consistent conclusions.

Destination attractiveness, route difficulty, weather, equipment, participant ability, group composition, and professional support all affect

the factors involved in decision-making in sports tourism. Generative AI can incorporate these attributes, but the integration is not neutral if

favourable cues are consistently foregrounded and restrictive cues are framed as easily manageable. Therefore, the research has found that

people may be aware of the general danger but still make exceptions for themselves.

Li et al. (2026) have shown that AI agreement can reinforce the initial judgment in this way. The qualitative contribution here is to determine

how this reinforcement is presented in a high-consequence tourism environment: Not as the absence of risk, but as a reduction in the perception of

personal vulnerability. Given that the current evidence is retrospective, this mechanism should be considered a hypothesis for future experimental

research rather than a verified cause.

The third contribution is the problem of social authority for AI-generated answers. Personalised recommendation systems are gradually

being accepted by people (Yang et al., 2024), and travellers have started to use a combination of systematic and heuristic cues in accepting AI

recommendations (Shi et al., 2020). The participants in this study also reported that a group-level process occurred in which one-sided prompts

produced responses and were then distributed as neutral expert evidence. It is the basis for algorithmic self-echo.

Algorithmic self-echo refers to how personal framing gains social legitimacy when it is echoed in professionalised AI language. Cheng

et al. (2026) have also shown that sycophantic AI can boost users’ self-esteem and thereby reduce their desire to fix relationship problems. In

sports-tourism groups, this means that AI may affect the initiator’s own judgment as well as how the power to persuade is distributed among the

other members.

The results are concerned with responsible AI in tourism. Huang et al. (2026) identified safety, human-in-the-loop, fairness, transparency,

explainability and identity disclosure as key considerations. Epistemic independence is now a suitable design principle for high-consequence

planning: The system should distinguish between user preference and evidence of capability, indicate when the information is insufficient for

individual judgment, and present uncertainty and counter-evidence openly rather than merely affirming conversational consensus.

Deviant cases show that the mechanism is not uniform. Participants with stronger sports experience were more attentive to missing capability

information; official notices, local guides, weather services, trail platforms, and multiple AI systems diversified the evidence base; and multi-party

cross-questioning exposed prompt-framing dependence. These conditions are best understood as corrective infrastructures that shape whether

AI is treated as a supplementary tool or as an apparently independent authority.

Overall, the study makes three bounded contributions. It identifies a preference-consistent interaction mechanism that can matter even

without complete factual falsehood; it conceptualises destination fit as recursively co-constructed through tourist–AI exchange; and it shows how

AI-generated personalisation can enter group relations through algorithmic self-echo. Limiting the contribution to these connected mechanisms

better reflects the explanatory reach of the qualitative evidence.

Theoretical implications: Reframing risk perception and destination fit in tourism

The theoretical implication of the study is that risk judgment and destination fit should be treated as relational outcomes in AI-assisted sports

tourism. Risk perception is not only a tourist’s internal assessment of hazard; participants described learning what a risk meant for them through

conversational interpretation. When favourable self-descriptions were treated as evidence of coping capacity, general recognition of danger could
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coexist with reduced perceived personal vulnerability. This distinction is compatible with work showing that travel behaviour depends on the

configuration of cognitive risk, affect, efficacy, and coping rather than on risk perception alone (Liu-Lastres et al., 2024).

Second, destination suitability should be reconsidered. The traditional fit perspective assumes that tourists and destinations should be well-

matched. Based on the above analysis, perceived congruence may also be generated recursively through dialogue: Tourists present themselves,

the system responds with an assessment, and this revised perception is subsequently integrated into their self-concept. Algorithm-reinforced

destination fit therefore adds a conversational and technological layer to destination-choice theory without claiming that AI objectively changes

competence.

Third, embodied capabilities and linguistic self-descriptions should be considered separately. Mountain and outdoor activities need task-

oriented skills, knowledge of the environment, equipment proficiency and emergency preparedness (Pomfret, 2006; Tsaur et al., 2013). However,

conversational systems only receive text-based self-reports. The larger difference between what can be shown in a prompt and what needs to be

demonstrated physically, the more cautious personalised suitability judgment should be.

Finally, the unit of analysis in this study is extended from a single tourist-destination relationship to a multi-actor decision system that includes

tourists, conversational AI, companions, official destination information, local professionals and environmental conditions. The proportion of

influence from AI varies depending on the source. Professional experience, external validation and cross-examination by multiple parties are thus

not mere supporting attributes; rather, they are devices to verify the actual authority of AI.

These are still proposals based on qualitative data. Future studies should directly capture prompts and AI outputs for testing, compare of

sycophantic and corrective response conditions, and measure subsequent changes in perceived fit, risk controllability, information search, and

plan persistence. The above work can help distinguish between perceived sycophancy and independently verified model behaviour in the field,

and determine whether the proposed mechanisms have a causal effect.

Practical implications

Therefore, a cautious approach should be taken to responsible AI in sports-tourism planning. Conversational systems are suitable for organising

information and exploring options, but highly positive responses should not be taken as an equivalent to professional evaluation when the activity

involves substantial physical or environmental risks. The main design goal should be to maintain helpfulness without turning users’ preferences

into unsupported judgments of ability.

Tourism attractions need to provide official, current and easy-to-verify risk information outside the conversational module. General warnings

should be specific to the activity, such as the difficulty of route, weather conditions, equipment requirements, closure status, rescue limitations,

and types of participants who need additional professional advice. The AI-generated summary should direct the user to original materials if it

cannot provide sufficient evidence for a personalised suitability judgment.

Four recommendations follow from the above analysis for tourism platforms and AI service providers. First, separate the system from

preference-capability evidence. Second, the risk information should not be uniformly subordinate to motivational words. Third, the system should

inform the user that some necessary data for personalisation is missing. Fourth, after repeatedly asking for reassurance about the restricted

information, the system should retain the uncertainty and counter-evidence instead of just presenting the preferred conclusion again.

The group may use AI to help them discuss and should not give an advantage to the first person who asks a question. An interface prompts

the user to express their own thoughts, presents the reasons for a recommendation, and compares various prompt structures. The system should

also suggest verification in high-risk areas by means of official announcements, professional guides, weather information, and other authoritative

sources.

The above recommendations are based on participants’ reported experiences and should not be considered proof that current tourism AI

systems systematically cause unsafe behaviour. The aim is prevention; given the existence of physical constraints and environmental uncertainty,

the design of AI-assisted planning should make the boundaries of personalised inference transparent and provide a clear path to external expertise.

Deviant cases have also shown that local professionals are still required. Some participants changed or cancelled their plans after speaking

with the guide or receiving an official warning; these did not match the initial confirmation by AI. Therefore, destinations should integrate

professional knowledge into convenient digital channels and make verification a regular feature of AI-assisted trip planning rather than an

occasional correction.

Limitations and directions for future research

The above research is subject to several limitations. First, a qualitative study that focuses on only 40 tourists in Chongqing is not easily generalisable

to other areas, activities, cultures or AI platforms. Second, only the accounts of former residents are considered; there is a risk of memory failure

and later distortion. Most importantly, the study did not independently obtain and audit the original AI conversation logs for all the reported

cases. Therefore, it identifies perceived sycophantic behaviour and reported decision-making rather than objectively verified model behaviour.
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Third, the study does not provide causal evidence for actual travel behaviour or safety outcomes. Finally, platform version, model configuration,

prompt wording and the time of AI use may affect system behaviour, so in the future, these should be recorded more systematically.

In the future, research should collect prompts and AI outputs directly, distinguish between perceived and independently coded sycophancy,

and experimentally compare sycophantic, neutral, and corrective response conditions. To reduce retrospective bias, real-time methods such as

the think-aloud protocol, screen-recorded planning tasks and experience sampling can be used, and a longitudinal design can follow tourists from

the planning stage through travel to post-trip evaluation. Comparative studies of AI systems and user groups should also examine whether sports

experience, AI literacy, professional guidance, and multi-source verification reduce the susceptibility to preference-consistent affirmation.

Conclusion

Based on 40 in-depth interviews with tourists in Chongqing, this paper examined their reported experiences of perceived AI sycophancy in

sports-tourism planning. The four connected processes are: preference primacy and sycophantic confirmation, algorithm-reinforced destination

fit, risk evidence reordering, and algorithmic self-echo. Participants reported that AI-generated answers in line with their wishes could make

a long-held preference feel externally verified; could connected positive self-descriptions to the perceived appropriateness of activities; could

reduce the need for restrictive risk evidence; and could offer seemingly neutral support for arguments with a partner. Patterns were weaker

in accounts involving rich sports experience, active multi-source verification, professional guidance or multiple-party cross-examination. The

results extend tourism choice theory by showing that perceived destination fit and risk relevance can be jointly constructed through human-AI

interaction, and that AI-generated support can be incorporated into group negotiation. However, this study has not verified the original AI output

or established a causal relationship; it has only proposed a qualitative mechanism that requires further exploration through direct collection of AI

conversations and experimental research. Generative AI can be used as a supporting tool for high-consequence sports-tourism planning, and its

recommendations should specify the degree of uncertainty and evidential deficiency, and should encourage external professional verification.
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