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Motivation Example

AI-generated Summary Consumer-generated Reviews
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Why This Matters NOW

“Up to 98% of consumers 

read reviews before making 

a purchase.” 

- Forbes, 2024

“Approximately 3 in 5 (58%) 

U.S. adults said they refer to 

AI-generated summaries 

when conducting online 

searches.” 

- Morning Consult, 2025
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Research Gap – The New Era of Algorithmic Mediation

Traditional Online Reviews 
(Before)

AI-Mediated Review Environment
(Today)

Consumer A

Online Review Text

Consumer B

Writes Review

Consumer A

Online Review Text

AI-Generated Summary

Writes Review

Consumer B

Summarized by AI

Human Reviewer → Human Consumer Human Reviewer → AI Algorithm → Human Consumer

(Chevalier & Mayzlin 2006; Mudambi & Schuff 2010; Shen et al. 2025) (Gillespie 2014; Napoli 2014; Seaver 2017; Bucher 2018)

Read by

Read by
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Theoretical Framework – Why AI Might Become Systematically More Positive

Systematic Positivity Bias
AI summaries soften negative feedback

Mechanism 1 

Positivity Prior 
• LLMs trained for fluency, 

helpfulness, “safety tuning”, user 

engagement

(Bender et al. 2021; Ji et al. 2023)

Mechanism 2

Information Asymmetry
• When review signals are weak (few 

reviews)

• Model default back to linguistic priors

(Akerlof 1970; Chen & Xie 2008)

Testable Hypotheses

H1: AI summaries more positive than human reviews

H2: Bias strongest when ratings are low and reviews are few
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Research Design – Data, Measurement, and Empirical Strategy

TripAdvisor Hotel Dataset

• 905 hotels across 21 major 

U.S. cities

• Only hotels that had AI 

summaries

• 96,630 customer reviews

• Reviews from Nov 2024 –

Oct 2025 

• Average 107 reviews per 

hotel

• Average hotel rating 4.3 

out of 5 stars

AI summaries + customer 

reviews collected Nov 2025

Testing the Hypotheses

H1: Overall Bias

• Paired t-test AI summary 

sentiment vs customer 

review sentiment

H2: When Bias Is Strongest

• Regression model 

predicting Sentiment Gap

• Predictors:

• - Hotel rating

• - Number of reviews

• - Price tier

• - City

Sentiment Analysis

VADER
(Hutto & Gilbert 2014)

• Designed for online 

reviews & social media text

• Sentiment score range: -1 

(negative) to +1 (positive)

Sentiment Gap 

=

AI Summary Sentiment 

− 

Average Customer Review 

Sentiment

Large sample (905 hotels / 96K reviews) | Validated measurement (Hutto & Gilbert 2014) | Robust tests
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Finding 1: AI Summaries Are Systematically More Positive Than Customer Reviews

Average Sentiment

• AI Summaries: 0.94

• Customer Reviews: 0.71

• Sentiment Gap: +0.23

Statistical Tests

• t(904) = 39.03, p < .001 

• Effect size d = 1.30 (very 

large)

AI summarization shifts sentiment upward and compresses the variance of sentiment signals.

Hotels appear more similar (homogenization effect) and more positive than underlying reviews 

suggest. 

Robustness checks:
• Wilconxon test p < .001 

• Recent 6-month sample 

replicated

• Pattern holds across cities and 

price tiers
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Finding 2: Bias largest for lower-rated and sparsely reviewed hotels

Predicted Sentiment Gap

• Bias decreases as hotel quality increases

• Inverted-U curve: peaks around 2.5-3.0 stars, then 

drops toward zero at 5.0 stars

Regression Results

Hotel rating: β = -0.64, p < .001

• Lower rating → larger sentiment inflation

Number of reviews: β = -0.24, p < .001

• Few reviews → larger bias

Model fit: R² = 0.39 

• Strong for a field study with real-world data

Robustness checks:

• Quadratic rating term

• Heteroskedasticity-robust SE

• Influential-point diagnostics

AI summaries inflate sentiment most for lower-quality hotels and hotels with few reviews, 

exactly where consumers need accurate information most.
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Policy Implications for Consumer Protection

Pillar 1

Potential Deception

FTC deception standard:
(FTC, 1983)

• Is likely to mislead

• A reasonable consumer

• Material to decisions

Why AI summaries may qualify:

• Sentiment inflated +0.23 on average. Up to +0.45 for 

low-quality hotels

• Up to 98% of consumers read reviews before 

purchasing (Forbes, 2024)

• 58% of consumers read AI search summaries (Morning 

Consult, 2025)

Mechanism: AI framing softens negative feedback. 

Similar to dark pattern design risks (FTC, 2022)

Pillar 2

Market Distortion

AI bias advantages lower-quality sellers:

• Bad hotels: up to +0.4 sentiment boost

• Good hotels: +0.2 boost

• → quality differences appear smaller

• AI "fixes" poor reputations instead of rewarding 

quality

Information asymmetry increases:

• Consumers rely on AI-generated summaries when:

• Reviews are few

• Quality is uncertain

Result: AI amplifies the “lemons problem” (Akerlof, 1970). 

Disclosure alone may not solve the problem.

AI summarization can unintentionally mislead consumers and distort market competition.
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Conclusions

What This Study Demonstrates:

• AI-generated review summaries systematically inflate sentiment

• Bias is strongest where information risk is highest

• AI creates a form of “soft deception”

Why This Matters for Consumer Markets:

• Consumers rely on AI summaries 

• Quality signals become distorted

• Information asymmetry increases

Potential FTC Actions:

• Investigate AI summarization practices across platforms

• Apply deception standards to algorithmic framing 

• Develop transparency guidelines for AI consumer interfaces

• Collaborate with platforms on best practices

Limitations and Future Research:

• Single platform

• Cross-section observational design

• Sentiment measured using VADER

(Image created by ChatGPT)
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