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Abstract

Over the last few years, the use of artificial intelligence (Al) to create new content has
exponentially increased, as big language models such as GPT-4 allow producing realistic
and human-feeling text at a scale. The increase of Al-generated reviews on the travel
platforms provokes important questions regarding trust and authenticity and the capacity
of users to be able to differentiate between the authentic and machine-written review.
This exploratory study aims to examine perceived authenticity and emotional tone of Al-
generated versus human Airbnb review to determine its implications on consumer trust

to digital travel platforms.

The research study constituted a mixed method design with a perception-based survey
integrated with computation linguistics. As a result, 150 real Airbnb guest reviews and 40
reviews created by Al were analyzed through the natural language processing (NLP) tools
including VADER sentiment analysis and Plutchik emotion wheel via NRC lexicon.
Textual difference was determined using sentiment scores, emotional distributions,
statistical tests, Mann-Whitney U tests, and Chi-square tests. Also, 76 participants were
presented with five pairs of reviews (one actual, and one Al-generated) and they were
asked which one was “human-like”. The results showed that actual reviews were overall
more emotional, with the emotional range that includes joy and fear, whereas Al reviews
were more biased toward trust, surprise, and sadness. Participants in 4 out of 5 pairs
found the human-rated reviews to be more human-like, which confirms the hypothesis
that the reviews written by humans are considered more authentic. However, out of Al-
generated reviews, one was significantly chosen, which proves that even the text written

by a machine can mislead the reader.

This study adds to the rising discussion of Al credibility within digital context and requires
an increase in content labeling, user literacy and emotional modeling throughout Al review

generation.

Keywords: Al-Generated Reviews, Human-Written Reviews, Airbnb, Travel Reviews,
Sentiment Analysis, Human Perception, User Trust.
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CHAPTER I:
INTRODUCTION



1.1 Background of the Study

Reviews generated by users on online platforms have become a major information source
in travel planning ((Chong, Khong, Ma, McCabe, & Wang, 2018). Websites such as
Airbnb, TripAdvisor, and Google Reviews now play an important role in choosing a
destination, where people would like to visit and stay, the host’s reputation for the stay,
and local businesses ((Zervas, Proserpio, & Byers, 2020). At the same time with the
development of large language models (LLMs) like GPT-4 by OpenAl makes it possible
to generate persuasive human-like text at scale automatically (Acerbi & Stubbersfield,
2023). According to industry reports, Al-generated Google reviews have increased by
279% since 2019, and different e-commerce sites now label content as “Al assisted”
(Lambert,2025). This convergence creates pressing concern about authenticity,

consumer trust, and the effectiveness of existing review moderation systems.
1.2 Statement of the Problem

Despite the widespread use of machine-written reviews, there is a lack of data on
experimental evidence on the reliability of consumers, whether they can distinguish
between Al-generated text and genuine travel experiences (Christensen, Hansen, &
Wilson, 2024). If Al-generated reviews are indistinguishable, customers may rely on Al-
generated artificial stories while making booking decisions, without considering the
authentic informational reviews of peer feedback, which may hurt the platforms’ credibility.
On the other hand, if Al-generated text is easily identified, there will be reputational
penalties for businesses that use it. Thus, it is necessary for a systematic investigation to

determine;

) The perceptual gap between Al-generated reviews and human reviews, and

(i) The linguistic features on which credibility judgments are founded.
1.3 Objectives of the Study

The research aims to achieve the following three objectives:



i. Assess perceived authenticity: Evaluates the perception of whether human-
written Airbnb reviews are judged as more “human like” as compared to those
created by Al.

ii. Compare linguistic sentiment and emotion: Quantitatively analyze the
differences or similarities in a measure of VADER sentiment scores and in a
measure of Plutchik emotion distributions between human-written and Al-
generated reviews.

iii. Explore the implications in terms of trust and decision-making: Discuss how
the findings impact the platform policy, applicable user literacy, and future
detection tools.

1.4 Scope and Limitations of the Study

This study analyzed a sample set including 150 real Airbnb guest reviews from New York
City (obtained from Kaggle) and 40 Al-generated reviews written using GPT-4 to
resemble the context of the authentic reviews sourced from Kaggle. The responses of the
participants were collected from 76 individuals through university networks and travel-
oriented Facebook groups; thus, the results are exploratory and do not represent on a
national level. This study used a combination of NLP (natural language processing)-
driven text analysis tools, which includes the word clouds, the VADER sentiment scores,
and Plutchik/NRC-based emotion classifications, and the inferential statistical tests,
including the Chi-square goodness-of-fit test, Mann-Whitney U test, and 8x2 Chi-square

test of independence.

A number of limitations are to be mentioned. The generalizability of results of other
demographics and languages may be limited due to the use of convenience sampling
and English-only reviews, and trust was measured indirectly via participants’ judgments
of human-likeness rather than actual booking behavior, and the responses were analyzed
on short-term perceptual responses with little attention to the long-term consumer trust or
decision-making. The finding should be analyzed and interpreted with caution since a

small respondent pool was used (N=76) and recruited through non-random means.

3



However, as an exploratory study, the primary objective was to identify patterns that could

guide larger, confirmatory research. Even with this small sample size, significant trends

were still revealed. People prefer to read reviews based on human writing and that Al

content is sometimes particularly convincing, highlighting the practical usefulness of

disclosures on travel review websites.

1.5 Definition of Key Terms

Term

Operational Definition in This Study

Al generated

review

A text passage describing an accommodation experience, created entirely by GPT-4

without first-hand human experience.

Human written

review

A user-generated Airbnb comment obtain from genuine guest feedback.

Perceived human

likeness

Binary survey choice indicating which of two reviews “feels more human.”

VADER

compound score

A numeric sentiment metric ranging from —1 (negative) to +1 (positive).

Plutchik emotions

Eight categorical emotions—joy, trust, fear, surprise, sadness, disgust, anger,

anticipation—extracted via the NRC Emaotion Lexicon.

¢ (phi) / Cramér’s
\

Effect size measures for y? tests; values near 0 = negligible, > 0.3 =~ medium.

r (rank biserial)

Effect size for Mann-Whitney U; r = 0.3 denotes a medium effect.

Table 1: Key terms




1.6 Organization of the Remaining Chapters

e Chapterll -Literature Review: Discusses Source Credibility Theory, eWOM
Theory, and empirical studies on Al- generated text and traveler behavior, which
leads to two testable hypotheses.

« Chapter lll - Research Methods: Outlines data sources, survey design, methods
of computational techniques, and statistical analysis.

o Chapter IV —Results and Analysis: Provides descriptive patterns and inferential
statistics in response to each research question.

o« ChapterV -Discussion, Conclusions, and Recommendations: Interprets
findings in relation to theory, evaluates the hypotheses, acknowledges limitations,
and discusses practical implications for platforms, developers, and future

research.



CHAPTER II:

REVIEW OF THE LITERATURE



2.1 Relevant Theory

This study is based on “Source Credibility Theory” which highlights that human are more
inclined to believe what they have experienced and seen rather than artificial content, and
persuasion is caused by the trustworthiness and competence of the source (Hovland &
Weiss, 1951). Moreover, “Electronic Word-of-Mouth Theory” explains the role of how
user-generated reviews reduce uncertainty in high-stakes services like travel (Park & Lee,
2008). These frameworks guide in reviewing whether Al-generated reviews can compete

with human-written reviews in building trust and authenticity
2.2 Literature Survey

Online Reviews in Travel Decision Making

Online reviews play a significant role in travel behavior. According to a study “Use and
Impact of Online Travel Reviews”, narrative depth and trustworthiness in travel reviews
have a strong correlation with booking intention (Gretzel & Yoo, 2008). This is supported
by a recent finding, where a correlation (r=0.563) between review valence and purchase
decision was found (Qiu & Zhang, 2023). These findings emphasize how review content,

tone, and credibility play a significant role in customer choices.
The Rise and Reception of Al-Generated Content

With the development of large language models (LLMs) like GPT-4, the creation of
artificial content has increased. According to a study there has been an increase of 279%
in Al-generated Google reviews since 2019 (Lambert,2025), and a study shows that the
responses generated by Al in service platforms can be similar to human responses, which
is why some platforms adopted “Al-assisted” labels (Lim & Schmalzle, 2024). Even with
this, there is still doubt among those who use it.

The “Al aversion” effect was recorded in a study “The great Al witch hunt”, where it shows

an effect of reduced trust in text that users suspect of being machine-generated (Hadan



et al., 2024). However, to identify Al-generated content, stylometric detection methods
(Schuster, Schuster, Shah, & Barzilay, 2020) and models such as DetectGPT have been
established, but their effectiveness remains limited (Mitchell, Lee, Khazatsky, Manning,
& Finn,2023). This inconsistency in detection creates uncertainty in users’ capability to

judge the authenticity of online reviews.

Perceptions, Emotions, and the Challenge of Detection

The more advanced Al-generated reviews are, it would become more difficult to tell the
difference between Al-generated reviews and the reviews written by people. Studies such
as “Convincingness of Al-Generated Restaurant Reviews” (Tuomi, Abidin, Tuominen, &
Ascencéo, 2025), and “Al Can Write a More Believable Restaurant Review Than a
Human Can” confirms that when it comes to the detection of Al-generated restaurant
reviews, users often struggle, mostly when the content is emotionally positive (Kovacs,
2024).

One of the main elements of credibility in reviews is emotional expressiveness. A study,
“Emotions and Cognitions When Reading Online Reviews: Effect on Tourism Service
Image” indicates that emotion-rich reviews tend to enhance trustworthiness (Hidalgo-
Alcazar, Ruiz, & Sicilia, 2021). Similarly, in a study to examine how emotional expressions
in reviews impact consumer perceptions, the Plutchik emotion wheel was used, which
shows that emotional tone contributes to perceived authenticity and trust (Li, Scott, &
Walters, 2014).

Fake Review Practices and Platform Ethics

Fake reviews as a strategic weapon are not something new. A study shows that,
companies tend to use the deceptive content to manipulate the perceptions (Mayzlin,
Dover, & Chevalier, 2014). These practices may become harder to trace, as with the help

of Al tools it is easier to mass-produce fake reviews.


https://link.springer.com/chapter/10.1007/978-3-031-83705-0_36

As a result, concerns around transparency and ethical content labeling have grown. A
recent study proposed platforms to identify and clearly reveal the machine-generated
content in order to maintain the trust of the users (Floridi & Chiriatti, 2020). Reflecting this
trend, platforms began labeling certain reviews as “Al generated” in, showing the industry

is shifting towards more transparency.
2.3 Hypothesis Development

Based on these theories and empirical findings, the study’s hypotheses are:

e« HI1: In paired comparisons, human-written reviews will be perceived as more
reliable than Al-generated reviews.
o H2: Participants who frequently read reviews before booking will be able to detect

review authenticity more accurately.

These hypotheses were tested using statistical analyses (chi-square tests, Mann-Whitney

U test) and emotion analysis (Plutchik/NRC framework).



CHAPTER lII:
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3.1 Research Design

This study employed a quantitative exploratory study design to test the understanding of
humans about the Al-generated vs. genuine Airbnb reviews. A between-subjects online
survey was designed to present with five pairs of reviews to the participants; each pair
contained one Al-generated and one authentic human-written review. Respondents
chose which review felt more “human-like.” The goal was to assess perception patterns
as well as the human-likeness preferences (Research Question 1 — Perceived
Authenticity).

At the same time, the study used computational text analysis to examine linguistic
patterns of the reviews. This dual-method approach offers an in-depth understanding of
both perception (survey) and objective differences in texts (NLP analyses), addressing
Research Question 2a (Sentiment Differences) and Research Question 2b (Emotion

Differences).
3.2 Sample

Review Data

e« Human reviews: 150 actual Airbnb reviews from New York City (obtained from a
Kaggle dataset).
e Al-generated reviews: 40 reviews created using GPT-4, intentionally made to

resemble the human review dataset in both tone and structure.
Survey Participants

e« Total responses: 76 valid survey responses, which were obtained via
convenience sampling (Facebook travel groups and university networks).

« Demographics captured: Age, gender, and frequency of reading reviews before
booking accommodation. This allowed cross-tabulation to explore whether

demographic factors influenced perception.
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|Age Group|| Pair 1 (A/B) || Pair 2 (A/B) | Pair 3 (A/B) | Pair 4 (A/B) | Pair5(A/B) |

| Below 20 |[75.00/25.00]| 50.00 / 50.00 ||62.50 / 37.50 75.00/25.00 || 87.50/12.50 |

| 20-25 ||38.46/61.54| 38.46/61.54 | 35.90 / 64.10]|| 66.67 /33.33 | 56.41/43.59 |
| 26-30 |50.00/50.00| 25.00/75.00 |25.00 / 75.00]| 50.00/50.00 || 50.00/50.00 |
| 31-35 [25.00/75.00] 25.00/75.00 ||0.00/ 100.00 50.00/50.00 || 50.00/50.00 |
| 36-40 ||25.00/75.00| 25.00/75.00 | 37.50 / 62.50|| 62.50/37.50 || 75.00/25.00 |
| 41-45 |[33.33/66.67] 100.00/0.00 ||66.67 / 33.33| 33.33/66.67 || 100.00/0.00 |
| 46-50 ||33.33/66.67| 33.33/66.67 || 33.33/66.67|| 66.67/33.33 | 66.67/33.33 |
| 50+ |[71.43/2857| 28.57/71.43 ||42.86/57.14| 71.43/28.57 || 100.00/0.00 |
Table 2: Human-like Preference (%) by Age Group
| Gender | Pair 1 (A/B) || Pair 2 (A/B) || Pair 3 (A/B) || Pair 4 (A/B) ||Pair 5 (A/B)]
Female | 42.00/58.00 | 40.00/60.00 | 32.00/68.00 |66.00/34.00 00/
Male | 44.00/56.00 | 32.00/68.00 | 52.00/48.00 |60.00/40.00 | &+O0/

Other || 100.00/0.00 || 100.00/0.00 | 0.00/100.00 || 100.00/0.00 |[0.00/100.00]

Table 3: Human-like Preference (%) by Gender

Re"'el‘gvaﬁietad'“g Pair 1 (A/B) | Pair 2 (A/B) | Pair 3 (A/B) || Pair 4 (A/B) | Pair 5 (A/B)
63.64 /
Always 31.82/68.18 | 36.36/63.64 | 36.36/63.64| 61.36/38.64 | urcar
75.00/
Never 25.00/75.00 | 25.00/75.00 | 25.00/ 75.00| 50.00/50.00 | %9
. 71.43/
Sometimes | 64.20/35.71 | 42.86/57.14 | 42.86 /57.14| 7143/ 2857 | -4

Table 4: Human-like Preference (%) by Review Reading Habit

3.3 Questionnaire Development

The online questionnaire was created using Google Forms, which contained:

Review Evaluation Section: Five sets of review pairs labeled A/B; each pair

contained one Al-generated and one human-written review. The key question was:

12



“Which review feels more human-like?” Pair order and labeling were randomized

to reduce bias.

Review Pair Option Preferred More A (%) || B (%)
Pair 1 B 43.42 | 56.58
Pair 2 B 38.16 || 61.84
Pair 3 B 38.16 || 61.84
Pair 4 A 64.47 || 35.53
Pair 5 A 67.11 || 32.89

Table 5: Human-like Preference Percentage by Review Pair

This section addressed RQ1 (Can readers tell apart Al vs. real reviews?).

Demographic Section: Participants answered multiple-choice questions
covering:

i. Age range (e.g., below 20, 20-25, etc.)

ii. Gender

iii.  Frequency of reading reviews before booking (“‘Always”, “Sometimes”,

“‘Never”)

All items were close-ended for ease of quantitative analysis.

3.4 Data Collection

Real Reviews: Scraped anonymously from Airbnb listing reviews in the Kaggle
dataset.

Al Reviews: Generated using GPT-4 with prompts crafted to resemble the actual
review in content, length, and style.

Survey Deployment: Google Form was shared online and remained open for
several days. All 76 completed responses were included; incomplete responses
were excluded. Reviews were anonymized to eliminate personal identifiers like

names or locations.

13



3.4.1 Tools and Techniques:

The study employed a combination of computational and statistical tools to analyze
linguistic patterns and survey responses. The following is a brief description of each

method:

e« Word Cloud: Visual representation of word frequency with words used most.
Highlights dominant terms in textual data.

« VADER Sentiment Analysis: A rule-based sentiment analyzer specially tuned for
short, informal text (like reviews), returning polarity scores from -1 (negative) to +1
(positive) (Barik & Misra, 2024).

« Plutchik Emotion Model (via NRC Lexicon): This model classifies text into eight
basic emotions (joy, trust, fear, surprise, sadness, disgust, anger, anticipation)
using pre-labeled emotion-word associations.

e Shapiro-Wilk Test: A statistical test to determine whether a dataset is normally
distributed (Dudley,2012).

« Mann-Whitney U Test: A non-parametric test comparing differences between two
independent groups when the data does not follow a normal distribution (“Mann—
Whitney U Test,” 2010b).

e Chi-square Goodness-of-Fit Test: Used to assess whether observed categorical
frequencies deviate from an expected distribution (e.g., 50:50 human vs. Al
choices).

e Chi-square Test of Independence: Determines whether two categorical

variables are associated (e.g., review type x emotion).
Effect Size Metrics:

« Rank Biserial Correlation (r): Measures effect size for Mann-Whitney U test.
« Cramér’s V and Phi (¢): Used with Chi-square tests to indicate the strength of

association.
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Additional Analytical Techniques:

e Survey Preference Counts: A simple tally of how many participants preferred the
Al-generated or human-written review in each pair.

« Demographic Cross-tabulation: A method for comparing preference choices
across different demographic groups (age, education, review-reading frequency).

e« Bar Charts and Visualizations: Used to clearly present survey choices and

emotional/sentiment distributions.

3.5 Data Analysis Plan

Python was used as a data analysis tool with libraries: pandas, seaborn, matplotlib, nltk,

and scipy.
A. Textual Analysis

« Word Cloud: Visual frequency analysis of terms in Al vs. human reviews.

e Sentiment Analysis: Used VADER to extract compound sentiment scores (for
RQ2a).

« Emotion Analysis: Plutchik’s eight emotions were mapped using the NRC lexicon
(for RQ2b).

e Visualizations: Word clouds, sentiment histograms, and radial emotion plots

provided visual comparison.
B. Survey Data Analysis

e Preference Counts: Counted how many participants chose Al or human review
for each pair (for RQ1).
« Demographic Cross-tabulation: Analyzed whether factors like review-reading

frequency influenced choices.
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e Visual Representations: Bar charts were prepared to illustrate choice
distributions.

C. Statistical Testing

In order to determine the difference and establish the validity of the results, the following

inferential tests were conducted (a =0.05):

1. A Shapiro-Wilk normality test was used to assess the distribution of sentiment

scores, confirming non-normality.

Group Shapiro-Wilk p-value Normal
Human 0.0000 No
Al 0.0000 No

Table 6: Shapiro-Wilk Normality Test Results

2. To answer RQ?2a (linguistic sentiment differences), a Mann-Whitney U test was
conducted to compare VADER compound sentiment scores between human
(n=150) and Al-generated (n =40) reviews. Effect size was reported using rank

biserial correlation (r = Z/\N).

Test Used U Statistic || p-value || Effect Size (r) || Median (Human) || Median (Al)

Mann-Whitney U || 4307.00 || 0.0000 0.307 0.899 0.717

Table 7: Mann-Whitney U Test Results

3. For RQ1 (perceived authenticity), a Chi-square goodness-of-fit test was applied
to each review pair to determine whether participant choices between "human" and
"Al" reviews significantly deviated from a 50:50 chance. Effect size was reported
as phi (¢ = Vx2/N).
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Pair Chosen Real Chosen Al || % Real | % Al | »* | p-value | o
Pair 1 33 43 43.4 56.6 ||1.32| 0.2513 | 0.13
Pair 2 47 29 61.8 38.2 ||4.26| 0.0389 | 0.24
Pair 3 47 29 61.8 38.2 ||4.26| 0.0389 | 0.24
Pair 4 27 49 355 64.5 | 6.37 | 0.0116 || 0.29
Pair 5 51 25 67.1 329 |18.89| 0.0029 | 0.34

Table 8: Chi-Square Test

Figure 1: Review Preference Real vs. Al

4. To explore RQ2b (emotion distribution differences), a Chi-square test of

independence was conducted using an 8x2 contingency table (eight Plutchik

emotions X two review types). Effect size was reported using Cramér’'s V.

\ Emotion H Human Count H Al Count \
| Joy | 252 | 40 |
| Trust [ 297 [ 50 |
\ Fear H 40 H 5 \
\ Surprise H 89 H 12 \
\ Sadness H 65 H 10 \
| Disgust | 20 | 11 |
| Anger | 27 | 9 |
\ Anticipation H 199 H 24 \
| Chi2 (df=7) [ [ 18.23 |
\ p-value H H 0.0110 \
| Cramér’s V [ [ 0.048 |

Table 9: Emotion Distribution Comparison
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Emotion Distribution: Human vs. Al Reviews
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Figure 2:Emotion Distribution Real vs. Al

These sample testing provides statistical support for RQ1 (participants’ ability to identify
human vs. Al reviews), RQ2a (differences in sentiment polarity and intensity), and RQ2b
(differences in emotional expressions).

Together, these findings offer insight into how perception of writing language and

perceived authenticity may shape trust and perception toward Al-generated travel
reviews.
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CHAPTER IV

RESEARCH FINDINGS & ANALYSIS
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This chapter presents and interprets the findings of the study, based on both the
computational analysis which are basically the overview of most used words and other
sorts of machine analysis that has been done on the review content and the results of the
user survey. The analysis focuses on identifying patterns in perceived authenticity of
reviews of the collected surveys from participants, emotional/sentiment differences
between Al and real reviews, and overall demographic insights has been drawn from

participant responses.
4.1 Text-Based Analysis of Al and Real Reviews

In order to understand the differences between the content of Al-generated and real
reviews in their emotional tone, a group of Natural Language Processing (NLP)

techniques were used.
4.1.1 Word Cloud Visualization

The word cloud for Al-generated reviews showed frequent use of generic and polished

” “ AN 13

cozy,

A3

terms such as “host,” “clean,” “apartment,” “location, quiet,” and “comfortable.”

These suggest a certain attempt at imitation of positive but applicable sentiments.
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Figure 3: Al-Generated Reviews Word Cloud
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On the other hand, the real reviews, presented greater context-specific vocabulary, such

LN 13

S ‘place,” “great apartment,” “Jennifer,” “Garon,” and “friendly,” indicating concrete
details from lived experiences.

Real Reviews Word Cloud
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Figure 4: Real Reviews Word Cloud

Interestingly, both review types were rather positive, probably because the dataset

(especially the real reviews) was skewed toward favorable experiences.

4.1.2 Sentiment Count and Comparison (RQ 2a)

Using sentiment analysis in Python, each review was labeled as Positive, Negative, or
Neutral.

« Al Reviews: Mostly positive, with very few neutral or negative instances.

« Real Reviews: Also mostly positive, but exhibited a slightly higher proportion of
neutral/negative content.
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Sentiment Al Reviews (%)| Real Reviews (%)
Positive 70.00 94.00
Negative 20.00 2.67
Neutral 10.00 3.33

Table 10: Sentiment Distribution Comparison (%): Al vs. Real Reviews

Sentiment Comparison (%)

EmE Al Reviews
I Real Reviews

Percentage

Negative
Neutral
Positive

Detected_Sentiment

Figure 5: Sentiment Comparison (%)

This confirms that Al tends to generate overly optimistic language, potentially reducing

realism, while real human feedback allows for nuance and imperfection.

Statistical Summary:

Human reviews were significantly more positive than Al reviews (median =0.83 vs 0.38),
Mann-Whitney U =4 307, p <.001, r=0.31 (medium effect).

Mean compound scores:
e Human: 0.776 £0.17

o AI:0.409+0.31
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4.1.3 Emotion Count and Comparison (RQ 2b)

Applying the wheel of emotions by Plutchik using the NRC lexicon in Python, every review
was assigned to zero or more emotional classes. The ratio of each of the main emotions

was compared in the Al-generated and real reviews.

\ Emotion HAI Reviews (%)HReal Reviews (%)\
| Positive || 5000 | 54.67 |
| Trust || 3250 | 24.00 |
\ Negative H 7.50 H 2.67 \
| Fear || 5.00 | 15.33 |
| Surprise || 2.50 I 0.67 |
| Anger || 2.50 | 2.00 |
|AnticipationH — H 0.67 \

Table 11: Emotion Count and Comparison

Emotion Comparison (%)

HEE Al Reviews
I Real Reviews

Percentage
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Figure 6: Emotion Comparison (%)
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Emotion detection mapped eight core emotions: joy, trust, anticipation, surprise, fear,

sadness, disgust, and anger.

[l Al Reviews

[] Plutchik Emotion Wheel: Al vs Human Reviews .. Human feviews

trust

surprise

sadness

disgughger

Figure 7: Plutchik Emotion Wheel: Al vs. Human Reviews

Emotion Dominant in
Joy Human
Trust Al
Fear Human
Surprise Al
Sadness Al

Table 12: Dominant Emotion Human vs. Al

Real reviews conveyed more varied emotional depth (e.g., joy, fear), while Al reviews

focused heavily on positive tones like trust and surprise.
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Statistical Summary:

An 8 x 2 x? test showed a statistically significant but small difference in emotion profiles,

Xx?(7, N=1,095) =18.23, p=.011, Cramér’s V =0.05.

e Human: more joy (252 vs 40), anticipation (199 vs 24)
e Al: more trust (297 vs 50), surprise (89 vs 12)

4.1.4 Radial Plutchik Emotion Wheel Visualization

A radial chart highlighted the emotional distribution of each review type:

o Al Reviews: High level of concentration around trust with little spread to negative

emotions.

« Real Reviews: More evenly distributed across both positive and negative

emotional fields (e.g., fear, joy).

Plutchik Emotion Wheel Comparison —— Al Reviews
fear —— Real Reviews

anger

Figure 8: Radial Plutchik Wheel

This visualization reinforces those real reviews provide a richer emotional pattern.
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4.2 Survey-Based Analysis: Human Perception of Review Authenticity

Participants were presented with five review pairs (each containing one Al-generated and

one real review) and asked which one felt more “human-like.”
4.2.1 Human-Like Preference Summary (RQ 1)

Across 76 total responses:

In four out of five pairs, the real review was more often seen as human-like.

In only pair, the Al review was chosen more frequently.

This indicates that although real reviews are generally preferred, Al reviews can

sometimes be convincing enough to appear authentic and mislead readers.

A x? goodness-of-fit test was applied to each pair (n =76).

Four of five pairs deviated significantly from chance (p <.05).

Effect sizes (¢) ranged from small to medium.

Pair Human chosen Al chosen X2 p (0] Interpretation
1 43 33 1.32 251 13 Human >
2 47 29 4.26 .039 24 Human >
3 47 29 4.26 .039 .24 Human >
4 27 49 6.37 .012 .29 Al >
5 51 25 8.89 .003 .34 Human >

Table 13: Effect sizes from small to medium
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4.2.2 Percentage Preference

The following table summarizes participant preferences:

Review Pair % Chose Real % Chose Al
Pair 1 56.6% 43.4%
Pair 2 61.8% 38.2%
Pair 3 61.8% 38.2%
Pair 4 35.5% 64.5%
Pair 5 67.1% 32.9%

Table 14: Preference % Real vs. Al

Percentage Preference: Real vs Al Reviews

100 1
B % Chose Real
% Chose Al

80 4

60 4

Percentage (%)

20 1

Pair 1 Pair 2 Pair 3 Pair 4 Pair 5

Figure 9: Preference % Real vs. Al

The exception is Pair 4, where most of the respondents considered Al-written review more
human than a real one which is an important observation that should be used to justify

better review labeling policies.

27



4.2.3 Demographic Influence Analysis
Demographics included age, gender, and habitual review-reading behavior.

o Frequent review readers were slightly better at choosing real reviews.

« No consistent pattern was found across age or gender.

Stacked Bar: Total 'A" and 'B' Choices by Review Reading Habit

Chosen Review
A

200 - e

150 A

100 +

Total Number of Choices (All Pairs Combined)

Always Never Sometimes
Review Reading Habit

Figure 10: Choices by Review Reading Habit

4.2.4 Visual Insights

Python visualizations (bar plots and count plots) showed a tendency toward variability in
choice across pairs. There was never one style of review that prevailed, highlighting the
fluent nature of writing created by Al.
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Stacked Bar Chart: Review Preference per Pair (Real=A vs Al=B)

Chosen Review
- A

70 4 B

60

Number of Votes
]

20 A

10 4

Pair 2 Pair 3 Pair 4 Pair 5
Review Pair

Figure 11: Review Preferences

4.3 Summary of Key Insights

o Al-generated reviews often show positive tone (trust, surprise), but lack emotional
diversity.

« Real reviews are more emotionally detailed and authenticated by being more
specific.

e Survey participants preferred real reviews in most cases, but Al reviews
occasionally appeared more “human.”

e Frequent review readers showed a small edge in detection accuracy.

These findings showcase how Al text can more closely mimic human interaction in a
constantly developing way and how users might struggle to distinguish natural responses
against those produced synthetically. The results are consistent with the ongoing
demands of content platform transparency, labels, and digital literacy.
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CHAPTER V:

DISCUSSION
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5.1 Conclusions

This study examined how authentic and emotional Al-generated reviews and real user
reviews seemed in the travel and accommodation industry. By combining computational
analysis (e.g., sentiment and emotion detection using NLP) with a perception-based
survey, the research aimed to understand whether Al-generated content was convincing
enough in providing the same human-written travel experience, and how such Al-

generated reviews would be received by readers.

The computational text analysis showed that although Al-generated reviews were fluent
and grammatically perfect, they had a more limited emotional range. Real Airbnb reviews

” 1}

showed more diverse and experience-oriented language, such as “place,” “great

Mo«

apartment,” “location,” and names like “Garon” and “Jennifer,” which indicate personal
descriptions. Sentiment analysis showed both review types skewed positively, although
Al-generated reviews were more balanced with positivity, with an absence of negative or
neutral tones. Emotion analysis using Plutchik’s Wheel of Emotions framework revealed
different emotional signatures between Al-generated reviews and human-written reviews.
Al-generated reviews more frequently expressed trust, surprise, and sadness, whereas
human-written reviews mostly expressed joy and fear. This difference highlights that
although Al is capable of mimicking emotional language, it is limited in terms of the natural

diversity of emotions found in real-life experiences.

Survey results confirmed that while real reviews were more frequently perceived as
human-like (preferred in 4 out of 5 pairs), Al reviews were still selected as more authentic
in one case. Though human-written reviews are still the more reliable in every aspect, Al-
generated content can still sometimes appear convincingly natural to mislead or convince
readers. Additionally, respondents who always read reviews prior to booking the
accommodations indicated a little bit higher ability to identify the real review, which means

that habitual exposure to review material might improve the ability to read the reviews.

In conclusion, the study presents not only theoretical implications but practical ones: it

supports previous literature on the importance of emotional richness and authenticity in
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travel reviews while revealing the new challenges that may arise as Al-generated content
grows more complex. With the increasing advancement of the Al tools, it may become
harder to tell the difference between human and artificial feedback, which gives rise to
the questions about governance, trust design, and the ethics of transparency of the

platforms.

Statistical testing strengthened these insights. The Chi-square test confirmed H1,
indicating that human-written reviews are more often perceived as authentic, although
Pair 4 proved that Al can occasionally perform better. The Mann-Whitney U test (r=.31)
partially supported H2, confirming a measurable sentiment gap. Contrary to prior
assumptions about LLMs being “overly positive,” the Al reviews in this study leaned
toward more neutral tones. The Chi-square test of the differences in the numbers of
emotions was found to be statistically significant, but the effect size (Cramer's V =.05)
indicated that the emotional palette was reasonably similar across review types.

5.1.1 Hypothesis Evaluation
The findings allow for the evaluation of the hypotheses proposed in Chapter Il:

e« HI1: In paired comparisons, human-written reviews will be perceived as more

reliable than Al-generated reviews.

Supported. In 4 out of 5 review pairs, participants selected the real (human-written)
review as more human-like and trustworthy, indicating a clear preference for real

reviews over Al-generated ones.

« H2: Participants who frequently read reviews before booking will be able to detect

review authenticity more accurately.

Partially supported. While frequent review readers performed slightly better in
identifying real reviews, the difference was relatively small. However, there was an
emerging pattern indicating that the accuracy of the perception could be affected

by review-reading habits.
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5.2 Scope for Future Study

While this study provided insightful findings, several limitations provide opportunities for

future research.

Since the sample was comparatively small (n = 76) and was collected using non-
probability convenience sampling techniques, the findings should be interpreted with
caution, and it is not reasonable to apply these findings to the general population. The
demographic scope was also limited, primarily reflecting responses from university

students and online travel communities.

However, it is important to note that this study was exploratory in nature, and its aim was
to reveal the patterns of perceptions and emotional indicators instead of statistically
meaningful generalizations. The goal was to identify trends and raise questions about the
evolving role of Al in digital review spaces, not to offer definitive conclusions.

Even with a limited sample, meaningful trends were observed, such as a general
preference towards human-written reviews, and the Al-generated reviews became
occasionally believable. These results indicate that Al content is becoming more

sophisticated and can affect the trust of the user.
Future studies should consider:

o Collecting larger and more diverse samples across different cultural and linguistic
groups.

« Carrying out longitudinal research on how Al perception evolves with time.

« Including behavioral tracking techniques (e.g., eye-tracking or response time) to
discover more cognitive activity used in evaluating the authenticity of reviews.

e Analyzing platform-specific influences, such as visual design or reviewer

metadata, on trust perception.

Analysis of trust was assessed indirectly through “human-likeness” choices, not through

a validated trust scale. Future studies should include direct trust metrics. Similarly, the
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actual impact on user decision-making (e.g., willingness to book) was not assessed, and
it is a path that remains uncovered.

5.3 Recommendations

For Online Travel Platforms:

« Al labeling policies: Platforms like Airbnb could implement soft Al labeling (e.g.,
“Al-assisted”) to promote transparency without compromising the user trust.

e Encouraging detailed reviews: Platforms should encourage users to add as many
details and emotions as possible to help maintain authenticity in human-written

reviews.
For Researchers:

e Incorporate behavioral markers: Future experiments should include eye-tracking,
reading time, or cognitive-load measurements to further investigate how users
assess authenticity.

« Broader emotion modeling: Use deeper sentiment/emotion models (e.g.,
transformer-based emotion classifiers) to better capture tone in Al vs. human

narratives.
For Developers of LLMs:

e Add emotional nuance: Training models to mimic emotional inconsistency and
ambiguity may improve the sense of reality of Al-generated reviews.
« Anti-positivity measures: To gain credibility, Al reviews should not repeat all the

positive features and leave some natural flaws.
For Users and Readers:

« Be cautious of overly generic praise: Al-generated reviews are usually positive and
lack experiential specificity. Users should be encouraged to look for concrete

details and story depth as a sign of authenticity.
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Appendix-A:
1) How often do you read reviews before booking accommodation?

2) You will be shown several pairs of reviews about the same property. For each
pair, please select the one you believe is more likely to be written by a real

person.

Pair 1:

A: Jennifer’s studio is exactly what | was hoping for—clean, well-lit, and cozy. The
location was a dream, just minutes from Times Square and Penn Station. | especially
loved the skylight that flooded the room with natural light during the day. Would

definitely stay again!

B: Jennifer's space was such a lovely experience. PreCheckin and checkin was
detailed and seamless, she made it easier on us and answered all questions so quickly.
The space itself is such a unique, clear & zen energy- we loved it. Not to mention it was
very clean & close to everything! Definitely be prepared for the 4flight workout (we
appreciated that)! We enjoyed the space and location & would recommend this to

anyone coming to explore the city!!

Pair 2

A: Garon’s home was a peaceful retreat after a long day in the city. His cats were
adorable, and the location was super convenient—close to the G train and some great
cafés. The vibe of the apartment was warm and artsy. Garon himself was friendly and
easy to talk to. Would recommend!

B: Garon is one of the coolest individuals I've met in a long time. The room is great
close to both the G and A C trains, and the neighborhood has an organic market right
around the corner. Laundry is close by also. There are two beautiful cats that lounge

around all day adding to the chiliness of the place.
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Pair 3
A: This Midtown apartment was in a great location for exploring NYC. It's simple, clean,
and provided everything | needed. The bed was comfy, and the subway was just around

the corner. If you're looking for a good value stay, this place is it!

B: Great location at an affordable price. The bathroom could have been cleaner, but for
the price, you're mainly paying for the location, which is super convenient. Otherwise,

very easy check in, safe area, spacious room with privacy.

Pair 4

A: The apartment had a charming, vintage feel, but some parts showed wear and tear.
The host responded quickly to our concerns and was very accommodating. The location
was unbeatable, and having a deli and subway nearby was super helpful. Might not be

ideal for allergy-sensitive guests.

B: This apartment is like a real castle old and unique. The age-related stains on the
bathroom floor and dark discolorations in the carpet too indeed indicate that the building
was built a long, long time ago. We weren’t happy with the way the apartment was

cleaned. Jennifer, the host sent in a cleaning lady right the next morning...

Pair 5

A: Jennifer’s place is beautiful, cozy and very well located. We were able to walk to
every key point of the city from here. The studio is very clean and spacious. Thank you
for your hospitality. We had an amazing time in NYC!

B: This apartment was a hidden gem! It had a gorgeous skylight, and the place felt airy
and bright. The host was attentive, and even left us thoughtful touches like a welcome
note. Being walking distance from the Empire State Building was a huge plus!
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