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Abstract

This study investigates the effect of reviewer anonymity on content creation and content
consumption within the framework of online reviews, addressing a significant gap in
understanding how anonymity influences these processes. The first part covers the anonymity of
the review writer and the effect when producing online reviews. The second part studies the
anonymity of the review writer and its impact on perceived reliability and purchase intention.
Employing a dual approach, this research combines big data analysis and experimental design. The
content creation analysis utilizes secondary data from Amazon's online marketplace,
encompassing 13.3 million reviews across 29 product categories from 2008 to 2018. To assess the
impact on content consumption, a 2x2 within-subject design experiment was conducted, with 135
qualified responses included in the final analysis. The findings reveal that anonymous reviewers
tend to give higher rating scores but shorter and more positive reviews than authentic reviewers.
In terms of content consumption, the anonymity effect on purchase intention was found to be
mediated by perceived reliability. Moreover, positive sentiment enhances perceived reliability, yet
this effect is less pronounced for authentic reviews. While both authenticity and positive sentiment
individually boost purchase intention, their combination produces a less harmonious impact than

anticipated.
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1. Introduction

In the modern era, the internet has become a fundamental player in shaping the information
landscape available to consumers. The internet serves as a repository of knowledge, offering wide
access to information about products and facilitating consumers to make informed decisions.
Among the variety of information sources, online reviews emerge as a key component, providing
firsthand insights and experiences shared by fellow consumers. These reviews act as electronic
word-of-mouth (eWOM), influencing purchasing decisions by offering authentic perspectives on
products and services. As consumers navigate the digital marketplace, online reviews stand out as
crucial guides, helping individuals filter through the excess of options and make choices aligned

with their preferences and expectations.

Online reviews hold a significant influence over consumer decision-making processes. As
a fundamental component of the online marketplace, reviews serve as a crucial source of
information for potential customers, shaping perceptions of products and services (Zhang et al.,
2019). They act as a virtual word-of-mouth, allowing consumers to glean insights from the
experiences of others, ultimately steering their purchasing decisions and contributing to the

dynamic landscape of e-commerce.

Overall, online reviews could affect companies on two main fronts: reviews as a cue for
potential customers (Zhang et al., 2023) and a measure of customer satisfaction. From one point
of view, as consumers increasingly rely on the experiences of others shared through these reviews,
a positive or negative representation can significantly influence perceptions of a brand and
influence consumers' purchase decisions. From another point of view, reviewing customer
satisfaction metrics could allow companies to identify emerging trends and adapt to meet evolving
customer expectations. Overall, understanding the dynamics of online reviews is key for
businesses seeking to establish and maintain a healthy online reputation while increasing customer

engagement.

The exploration of reviewer anonymity within the context of online reviews is a key point
when understanding purchasing decisions. Anonymity increases the level of complexity of the
evaluation of online feedback, as it raises questions about the credibility and authenticity of the
reviewer's insights. Anonymity (or lack of identity disclosure) refers to the practice of users

providing feedback without revealing their true identities. This anonymity can influence the nature
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and authenticity of the information disclosed in reviews and the trust levels accredited by potential
customers. On one hand, it empowers users to express honest opinions without fear of personal
repercussions. On the other hand, the lack of accountability may also lead to compromising the

reliability of the overall feedback for potential buyers (Pu et al., 2020).

Thus, this paper aims to answer the following research questions: (1) Does the anonymity
of reviewers result in variations in the rating score, sentiment, and length of the reviews? (2) To
what extent does the anonymity of a reviewer impact the perceived reliability of the review and

affect purchase intention?

Extent literature has been done on analyzing the impact of anonymity on online reviews
from different perspectives. However, almost all the previous studies have focused on
experimental designs to set the anonymous set up for participants and analyze their reactions. This
paper is intended to provide an evaluation of the effect of anonymity using online reviews, instead
of experimental designs, from Amazon and classifying usernames on anonymous vs. non-
anonymous reviewers' names. Additionally, this study presents an analysis from two points of
view: how anonymity could change user-generated content in online reviews and, secondly, how
reviewers' anonymity name shapes the perceived trust and purchase intention of potential
customers. This double-sided approach, from the researcher's knowledge, has not yet been done,

and the results of this paper will enrich the current academic literature.

Furthermore, for managerial contributions, the target managers of this study are mainly
customer insights managers who want to identify factors that could influence the ultimate purchase
intention process of customers. Understanding to what extent the anonymity of reviewers might
harm the perceived reliability by potential customers allows managers to work on initiatives to
incentivize the right user-generated content. Increasing sales is the goal for companies; therefore,
determining actions to increase conversion rates is vital, and external validity, given by online
reviews, has been proven to play a key role (Zhang et al., 2023). Moreover, this study aims to
provide insights into possible features such as anonymity on online marketplaces and how to target

review content in favor of the brand image.

Therefore, this paper evaluates the impact of anonymity from two perspectives: content
creation evaluated on review length, sentiment, and rating score, and content consumption through

purchase intentions while emphasizing the roles of perceived reliability as a mediator and review
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sentiment as a moderator. By delving into the complex interplay between these factors, this
research aims to provide a more comprehensive understanding of the key drivers behind the effect

of anonymity in the context of electronic word of mouth (eWOM).
2. Theoretical Background and Research Hypotheses

With the ongoing increase in internet usage, online content has become one of the most
direct and impactful ways to engage with consumers. As Rainie (2005) mentioned, " The internet
is constantly reshaping people's informational and social universes, but people are constantly
reshaping the internet as well" (p. 69), highlighting the importance of understanding this dynamic
interaction, businesses need to account for new trends and how they influence consumer behavior,

shaping purchase intention and determining its success.

Online content comes in various forms, each playing a crucial role in different marketing
strategies. From blogs and articles to social media, online content is essential for effectively
reaching targeted audiences and driving customer engagement and loyalty. Social media content,
for example, helps increase engagement levels and build a sense of community among users. Blogs
and articles provide detailed information, assisting brands to connect with audiences seeking
expertise. Infographics, visuals, and videos simplify complex content for audiences with a
preference for visual media. Lastly, user-generated content, such as reviews, are perceived as more
credible since the company or seller is not directly involved in the content creation process (Filieri

etal., 2021).

This research paper involves a comprehensive examination of anonymity in online reviews,
addressing both the standpoint of content creators and potential buyers. This dual perspective

enables a thorough comparison of findings, ensuring consistency in our analysis.

2.1 Online Reviews

Online reviews, as voluntary user-generated evaluations of businesses, products, or
services, are a crucial form of customer feedback (Dixon, 2024). They significantly shape
consumer behavior and influence purchase intentions (Ho & Dempsey, 2010). The importance of
this topic is underscored by the multitude of studies seeking to understand the variables that could
alter consumer behavior. These variables include review valence, review volume, review rating

scores, perceived quality and reliability, and helpfulness votes, among others.



Homburg et al. (2015) focused on the role of review valence (positivity or negativity) and
review volume. As part of their main findings, they concluded that both variables are significant,
with a higher volume of positive (negative) reviews amplifying their positive (negative) impact.
Furthermore, they highlighted the moderation role that product type plays, finding stronger effects
on purchase intention from online reviews when users intending to buy experience goods
compared to search goods. Following the importance of review valence, Schoenmueller et al.
(2020) highlighted the polarized nature of these reviews. They concluded that the polarity is

associated with the fact that consumers with strong opinions are more likely to write reviews.

Within the same line of findings, Filieri et al. (2021) highlighted that approximately 90%
of online consumers consult online reviews before making purchasing decisions. They
emphasized the importance of polarity ratings (extremely positive vs. extremely negative), as well
as the effect on helpfulness votes. The authors point out that helpful reviews, which earn 'helpful

votes' from other users, are crucial as they directly impact consumer purchase intentions and sales.

Xu et al. (2022) studied online reviews from both content creation and content consumption
point of view. First, they learned how review characteristics and perceived helpfulness affect
consumer involvement and engagement. Then, moving towards the creation side, they consider

the role of reviewer expertise in determining review helpfulness.

These studies, along with others that will be discussed later, emphasize the importance and
relevance of examining online reviews. The consistent findings across different research papers
support the necessity of delving into this topic to understand dynamics that might not have been
found yet, as well as different approaches to evaluating consistency. Given the proven impact

electronic word of mouth has on marketing strategy, this paper focuses only on online reviews.

2.2 Anonymity vs. Identity disclosure

Anonymity has been defined as the inability of a group member to identify the origin
(destination) of a message they received (sent). It is often considered as a binary or dichotomous
factor, either being present or not. There are two types of anonymity: by process or content. The
first one refers to the extent to which a person can determine the participation of another, while the
second refers to the extent to which a person can identify the source of a contribution (Pinsonneault

& Heppel, 1997).



Within the social media context, anonymity has been defined as a state where individuals
share content without revealing their identities, allowing users to post without any identifiable
detail associated with the content (K. Zhang et al., 2014). Data privacy and freedom of expression
have been found to be the most important reasons behind a user’s decision to post anonymously
or reveal their identity (Pan et al., 2023). One main finding from K. Zhang et al. (2014) relates to
anonymity leading to increased aggression and offensive content, as individuals are less
constrained by social norms. However, Pan et al. (2023) found a positive social effect of anonymity
in online content: they concluded that anonymity fosters an environment where individuals feel

free to express themselves truthfully in moral or controversial contexts.

In the context of online reviews, identity disclosure has been widely studied as it has been
proven to shape perceived credibility and trustworthiness, as it influences how the way community
members judge reviews (see, e.g., Forman et al., 2008; W. Chen et al., 2019). Identity disclosure
has been found to impact purchase intention through the sense of trust and authenticity generated

(Homburg et al., 2015).

Reviewers’ expertise has also been studied close to identity disclosure as some authors
(see, e.g., Filieri et al., 2020; Xu et al., 2022) would argue there is no proven expertise without a
full identity disclosure. Xu et al. (2022) emphasized the enhancement of perceived helpfulness of
reviews as a combination of both identity disclosure and expertise, increasing consumer
engagement. Filieri et al. (2020) assessed whether reviewer identity disclosure and reviewer
expertise, as well as other factors, moderate the way users perceive helpfulness from extremely

negative rating reviews.

2.3 Anonymity when producing content

There has been extensive literature that aims to study the effect of information disclosure
on user-generated content in multiple situations, from social media profiles and posts to online
reviews. However, as previously stated, this research will cover the effect of online reviews. Within
the variety of perspectives that have been contemplated, the most studied factors are star rating,
the sentiment perceived within the review’s text, the quality or effort put into the review, how
anonymity shapes the helpfulness of reviews, and the effect of previous anonymity on the decision

of revealing the identity or not. This literature review examines the impact of anonymity on various



aspects of online reviews, focusing on rating scores, sentiment scores, and review length. Table 1

presents a summary of the literature review examined.

Table 1: Literature Review - Anonymity when producing content.

Author/s Theoretical
Year Research Focus F Sample / Method Main Findings
ramework

Journal
Deng, L., Sun, The impact of an - Deindividuation n=19,860 reviews - Anonymity decreases ratings and
W., Xu, D., & "anonymous review" feature - Social Presence positive emotions.
Ye, Q. on overall ratings, emotional - Negativity bias Restaurant review - Accumulated anonymous reviews,
(2021) expressions, and  user platformin China.  have an impact on decreasing
Psychology & behavior. It also explores following ratings and emotions.
Marketing how accumulated -0LS

anonymous reviews affect - Fixed-Effect

subsequent user Panel Data

Hoyer, B., & van
Straaten, D.
(2022)

Journal of
Behavioral and
Experimental
Economics

Huang, N.,
Hong, Y., &
Burtch, G.
(2016)

Fox School of
Business
Research

Pu, J., Chen, Y.,
Qiu, L., &
Cheng, H. K.
(2020)
Information
Systems
Research

contributions.

The effect of anonymity
versus pseudonymity on the
number of ratings and how
anonymity  impacts  the
amount of market
information and consumer
welfare.

The effect of social network
integration on user content

generation: volume,
exhibition of  affective
language and  negative
language.

The effect of identity

disclosure in content volume
and average content length,
as well as any possible cross-
section effects.

- Signaling theory
- Intrinsic motives
(altruism)

- Social presence
theory

- Social presence
theory

- Inhibition effect
- Displacement
effect

n = 192 subjects

- ANOVA
- Mann-Withney-U
- y2-test

n=139,239
reviews

Yelp.com and
TripAdvisor.com

- Difference-in-
differences

- Linguistic
Inquiry and Word
Count (LIWC)

n =591 users
36,107 reviews
429,857 answers

- Regression
models with fixed
effects

- Panel Data

- Time Series

- Anonymity is associated with a
lower number  of  ratings.
- Altruistic subjects are not affected
by the introduction of anonymity.

- Self-expression is blunted by
anonymity.
- Social network integration

increases the production of UGC and
positive emotion in review text.
- The integration reduces cognitive
language, negative emotion, and
expressions of disagreement
(negations) in review text.

- Disclosing user identities increased
the effort users put into each piece of
content, while decrease the number
of reviews.

Rating scores in online reviews are considered the fastest cue of the overall customer

experience regarding a product, service, or business. Many e-commerce sites allow users to leave

a star rating of one to five (Matsakis, 2019). Although the overall product rating score is usually

calculated using an advanced machine learning process, as is the case for Amazon, its helpfulness



is undoubted. They influence consumer decision-making, as potential buyers often rely on these

scores to assess the quality and reliability of a product or service before making a purchase.

Online ratings are a crucial aspect of online reviews. They play a vital role in helping
consumers reduce uncertainty and assess the risks associated with unfamiliar products and
services, shaping price sensitivity, risk perception, and even trust (Zimmermann et al., 2018).
Given their importance, the impact of anonymity on rating scores is a critical area of study, as it
directly influences the perceived credibility and usefulness of reviews. Researchers have
extensively examined how varying levels of identity disclosure affect the ratings users assign to

products and services.

Deng et al. (2021) studied the effect of anonymity on online reviews through the
introduction of an "anonymous review" function on a platform. Using restaurant-specific data and
drawing on social presence and negativity bias theories, they concluded that implementing the
anonymity function leads to a decrease in overall ratings. Likewise, the effect was found to
increase over time as subsequent reviewers, influenced by negative reviews, were more likely to
provide lower ratings themselves. Another way this effect has been studied is by increasing the
level of information disclosure through social network integration (Huang et al., 2016). This
integration led to more reviews, which, due to the increased social presence, raised rating scores

overall.

Furthermore, other authors have found that the rating score itself is highly correlated with
the review sentiment, suggesting that short reviews with more positive sentiments tend to lead to
higher rating scores (Ghasemaghaei et al., 2018). Other studies have evaluated the effect of
anonymity across different business models. Gutt and Neumann (2019) analyzed this effect within
the B2B model. The authors analyzed online reviews on a platform for B2B where users could
decide to fully reveal their identity, as well as the company information, or hide everything.
Aligned with findings by Deng et al. (2021), they concluded that anonymity was associated with
lower ratings and the effect held across different industries. Teubner & Glaser (2018) analyzed
review data from Airbnb, strengthening the previous findings of a higher rating score in the
presence of identity disclosure. Overall, it has been found a negative correlation, between

information disclosure and rating scores. Thus, the following hypothesis is proposed:

H1: Anonymous reviewers tend to give lower rating score compared to other reviewers.
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In addition to the change in overall ratings associated with the anonymity effect, as
Ghasemaghaei et al. (2018) concluded, there is an interesting relationship between rating scores
and sentiment analysis. Sentiment score is often defined as a numerical assessment of the
emotional tone. It is calculated through supervised or unsupervised methods, applied to the content

text following, in most cases, a polarity approach (Ashtiani & Raahemi, 2023).

Sentiment analysis on a text could be measured through different methodologies, from
polarity classification (positive, neutral, and negative) to sentiment scores, both methodologies
supported by linguistic analysis. East et al. (2007) found a strong positivity bias on review
sentiment when analyzing extremely positive or negative reviews. The findings highlight the
predominance of positive over negative WOM and the association between market share and
WOM incidence: if a category is often discussed negatively, then it is also likely to be addressed

positively.

Filieri et al. (2018) shaped their research into the moderating factors shaping extremely
negative online reviews and perceived helpfulness. They found that aligned with what has already
been seen, identity disclosure, as well as reviewer expertise, readability, and review length,
increases the perceived helpfulness of negative reviews by affecting the sentiment expressed.
Furthermore, as has already been presented, Hoyer and Van Straaten's (2022) study finds that
anonymity significantly reduces the number of ratings provided by users and affects the sentiment

expressed in reviews. Thus, the following hypothesis is proposed:

H2: When the reviewer is perceived as non-anonymous, a social desirability effect influences the

review content to have a more positive sentiment than reviews where the reviewer is anonymous.

Review length, often measured by the number of characters or words, is another interesting
indicator of the effort the reviewer put into it. Longer reviews typically give more in-depth
information, reducing the information asymmetry present in online markets. Review length can
influence the way potential buyers perceive the helpfulness of the review while also influencing

the purchase decision.

Ghasemaghaei et al. (2018) highlighted the fundamental role of review length in consumer
decision-making processes, particularly finding that longer reviews are often more critical in

reducing customers' searching costs. Their analysis was given in the insurance sector. Also drawing



attention to the importance of length, Zhang et al. (2019) concluded that reviewing content

richness, measured through length and pictures, influences booking decisions.

Pu et al. (2020) studied the effects of identity disclosure on content generation in an online
community, measuring the effort of a review through its length. They concluded that identity
disclosure created a displacement effect, increasing effort but decreasing the content
volume. Supporting these results, Zhang et al. (2023) concluded that longer reviews are positively

correlated with reviewers' preference for anonymity. Thus, the following hypothesis is proposed:

H3: Reviewer s anonymity leads to longer reviewer text.

i Review Rating

Reviewer’s Anonymity H2

Review Sentiment

H3

Review Length

Figure 1: Conceptual Framework - Anonymity when producing content.

2.4 Anonymity when consuming content

In addition to its impact on content creation, anonymity also plays a significant role in how
users consume information on online platforms. This section of the literature review explores how
the anonymity of reviewers and the presence of anonymous content influence other users'
engagement, trust, and consumption behavior. Specifically, how perceived reviewer reliability
mediates the impact of anonymity on purchase intention and how review sentiment moderates this
relationship. It also examines the moderating role of reviewing sentiment on the relationship
between anonymity and purchase intention. Table 2 presents a summary of the main existing

literature.

Purchase intention refers to the level to which a consumer is likely to buy a product in a
physical or online store. It is a key factor when analyzing actual purchase behavior, analyzing the
different elements that play a role in the pre-purchase stage (Pena-Garcia et al., 2020). Within the
context of online marketplaces, Rosario et al. (2016) highlighted the importance of factors such as

review valence (positive or negative), volume, and helpfulness on purchase intention. Their
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findings concluded that electronic word-of-mouth volume has a stronger effect on sales than

valence. Similarly, Vana and Lambrecht (2021) found a significant influence of review star ratings

and their position on product pages on purchase intention. Particularly, they found that top-

positioned reviews, with high star ratings, significantly increase purchase likelihood.

Table 2: Literature Review - Anonymity when consuming content

Author/s Theoretical
Year Research Focus Sample Main Findings
Framework
Journal
East R., Hammond K.  The effects of positive and - Negativity effect n=2544 - Positive WOM usually had
& Lomax W. negative WOM on brand respondents more impact than negative WOM
(2008) evaluations and purchase - Wilcoxon on purchase intention
Intern. J. of Research probability. Tests
in Marketing - Regression
Analysis

Forman, C., Ghose, Effects of identity - Social identity n=175,714 - Information disclosure enhances
A., & Wiesenfeld, B. disclosure on manner, theory Amazon the perceived helpfulness of
(2008) structure of the reviewer reviews reviews and positively affects
Information Systems on the helpfulness rating sales.
Research given to the review. - 2SLS
Hong, C., & Li, C. Differences  in  ftrust, - Language n=161 - An anonymous message
(2017) processing depth, and expectancy theory generates more trust.
Journal of Language behavioral intention when - Information Between - Positive messages increase
and Social Psychology  the message is anonymous  processing theory subjects behavioral intention more

vs. when the user can be - Attribution Theory experiment effectively than negative

identified. -ANCOVA messages.
Kusumasondjaja S., Effect of valence of online - Social Identity n= 639 - Negative reviews are found to be
Shanka T. & reviews  (positive  vs. Theory travelers more credible, while positive
Marchegiani C. negative) and the presence - Valence Framing reviews lead to greater initial trust,
(2012) of  reviewer identity Theory Between but this only applies when the
Journal of vacation information, influence - Elaboration subjects reviewer’s identity is disclosed.
marketing consumer perceptions of Likelihood Model experiment

review credibility and

initial  trust in travel - ANOVA

services.

Another factor when analyzing online reviews' effectiveness is perceived reliability and its

role in purchase intention. Trust has been highlighted as a key factor in the seller-buyer relationship

of any transaction type. The anonymity and lack of in-person contact in the online marketplace

have increased how potential buyers value trust in the review (Pavlou & Dimoka, 2006). An

interesting point presented by Martin (2017) states that the reliability perceived by the receiver

10



will have a direct effect on the way the receiver behaves, encouraging them to act consistently with

the recommendations offered.

Pavlou and Dimoka (2006) conducted a comprehensive analysis of the feedback process,
revealing how it shapes price premiums through the mediating role of trust. Their findings
significantly bolster the model that links feedback with price premiums, demonstrating that text
comments hold substantial influence over buyers' trust in sellers' credibility. Similarly, Martin
(2017) delved into the influence of positive and negative WOM on user perceptions and customer
decisions, finding a positive bias where positive WOM carries more weight in shaping consumer

attitudes, especially when it comes from identifiable reviewers, who are perceived as more reliable.

Exploring this effect in greater detail, Forman et al. (2008), in an online market context,
analyzed the effect of disclosing personal information on helpfulness ratings and subsequent
product sales. Using extensive data from Amazon, they concluded that anonymity might reduce
perceived reliability and, consequently, purchase intention. These results are also aligned with
Pavlou and Dimoka (2006), who highlighted the importance of feedback text comments in building

trust in online marketplaces. Thus, the following hypothesis is proposed:
HA4: Perceived reliability mediates the impact of anonymity on purchase intention.

Review sentiment is another critical factor that influences perceived reviewer reliability.
Fan et al. (2021), in their study of attribution theory through online booking platform data
(TripAdvisor), concluded that reviews with extreme sentiments (positive or negative) are
perceived as more helpful than those in between or two-sided. Furthermore, Filieri et al. (2018)
concluded that the presence of reviewer identity moderates the perceived helpfulness of extremely

negative reviews.

Martin (2017) concluded that positive word-of-mouth increases the reliability of the
reviewer when the reviewer discloses information. This suggests that positive reviews from
identifiable sources are perceived as more reliable. Contrarily, Kusumasondjaja et al. (2012)
analyzed how reviewers' identity information could affect perceived credibility, concluding that
when the reviewer's identity is not disclosed, there is no significant difference between positive
and negative reviews in terms of perceived credibility. However, they concluded that, in general,

negative reviews are perceived as more credible. Thus, the following hypothesis is proposed:
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H35: Review sentiment moderates the relationship between reviewer anonymity and perceived

reliability. Specifically, when a review is more positive, consumers perceive higher reliability.

Review sentiment is considered a key factor not only for shaping the reliability perceived
by users but also for the final purchase intention. East et al. (2008) analyzed the direct effect of
positive and negative WOM on brand purchase likelihood. They concluded that positive WOM
usually had more impact than negative WOM on purchase intention. Furthermore, Lei et al. (2023)
investigated the effect of exposure to positive or negative reviews on product sales. They found
that users have a negative bias in the information-seeking face. However, users consider positive

reviews to be more helpful when there is a confirmation bias.

Moreover, Zhang et al. (2019) investigated the effect of online reviews on the timing of
restaurant bookings. They concluded that higher rating variation and review content lead to earlier

bookings. Thus, the following hypothesis is proposed:

HG6: Review sentiment moderates the relationship between anonymity and purchase intention.

Perceived Reliability

Reviewer’s Anonymity »  Purchase Intention

He6

Review Sentiment

Figure 2: Conceptual Framework - Anonymity when consuming content.

3. Study 1: Anonymity when producing content (Secondary Data)
3.1 Data

The first part of this research involves secondary data from Amazon.com, initially
published by Ni et al. (2019). The dataset contains online reviews from May 1996 to October 2018
and consists of 233.1 million reviews for 29 different product categories. For the objective of this

research, multiple data transformations were implemented. The data structure consisted of
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individual compressed JSON files by category. Due to the size of the files, the initial data

transformation was performed in Python using the library PySpark.

Initially, to keep more recent data, only reviews provided since 2008 onwards were
considered, and duplicates (identified based on reviewer ID, product category, rating score, review
text, and review date/time) were removed. Then, a threshold was set at 500,000 reviews per
category. To achieve this, two different processes were performed: First, for product categories
with less than 500,000 reviews, all observations that met the first condition were kept. The second
step involved setting a threshold for a random sample of 500,000. However, due to the nature of
the PySpark library used for handling large datasets, it did not directly provide an exact 500,000
random sample. Instead, it calculated this desired sample as a proportion of the total dataset and
then selects a random sample based on that percentage. As a result, the sizes of the data samples

across different categories varied slightly, but they consistently floated around the 500,000 mark.

This process resulted in a total sample of 13.3 million reviews across 29 product categories.
As set by Amazon, reviews extend a rating score range of 1 to 5, with an average rating score of
4.2. The average review length stands at 247 characters, reflecting detailed consumer feedback on
most of the cases. Additionally, it's interesting to notice that 99.9% of the total reviews considered
in the sample contained review text. This high proportion of reviews containing textual content
could indicate that the dataset is well-suited for the current study. Furthermore, the dataset
encompasses a vast array of contributors, with 8.0 million unique reviewers' identification codes
(reviewerID) and 4.4 million distinct usernames, underlining the diversity and breadth of the

database. Table 3 provides a summary of the measures mentioned before by product category.

In line with prior research examining the impact of perceived anonymity, a username
classification is essential to categorize reviewers' names as either anonymous or authentic®.
Previous studies have employed various methods, including leveraging natural experiments
prompted by new technological implementations (Deng et al., 2021), defining anonymous
usernames subsequently used in experimental designs (Hoyer & Van Straaten, 2022), or

conducting classification processes through rule-based methods executed by research assistants

! Authentic is used in this context to refer to names that appear genuine or real according to the defined criteria.
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(Jiang et al., 2022). In this study, classification criteria were established using the 'gender()’

package in R along with additional rule-based methods.

Table 3: Summary Statistics by product category

Product Category # Unique # Reviews Avg Rating  Avg Review
ReviewerlID Length
Amazon Fashion 450,148 489,701 3.90 148.08
All_Beauty 324,038 346,712 4.09 207.55
Appliances 437,168 485,640 4.27 184.68
Arts Crafts and Sewing 401,579 488,931 4.31 155.90
Automotive 439,590 497,750 4.25 168.63
Books 438,373 499,477 4.39 455.38
CDs_and Vinyl 358,151 494,225 4.49 512.67
Cell Phones_and Accessories 475,291 497,862 3.93 201.42
Clothing_Shoes_and Jewelry 472,862 496,854 4.19 158.11
Digital Music 347,003 478,238 4.65 219.12
Electronics 468,986 497,760 4.08 286.28
Gift_Cards 128,877 143,588 4.67 98.58
Grocery and Gourmet Food 427,949 495,188 4.31 175.48
Home and Kitchen 469,899 498,129 4.20 202.64
Industrial and Scientific 432,053 491,887 4.29 185.54
Kindle Store 355,153 498,222 4.30 386.21
Luxury Beauty 372,724 454,208 4.22 219.94
Magazine Subscriptions 72,098 85,292 4.03 247.07
Movies_and TV 412,526 494,393 423 322.90
Musical Instruments 379,653 488,739 4.25 270.18
Office Products 455,480 495,973 4.17 203.14
Patio Lawn_and_Garden 451,098 496,862 4.12 207.88
Pet Supplies 431,725 496,378 4.15 231.98
Prime_Pantry 247,659 427,750 4.32 138.07
Software 375,147 446,715 3.56 430.23
Sports_and Outdoors 464,290 496,787 4.24 209.58
Tools and Home Improvement 453,871 497,287 4.22 214.14
Total 7,978,523 13,270,091 4.20 246.82

For general context, the 'gender()' package aims to categorize names by gender (female or
male) based on historical data collected on U.S. Census data from the Minnesota Population Center
at the University of Minnesota (Mullen, 2021), despite the multiple limitations (see, e.g.,
Kozlowski et al., 2022; Lockhart et al., 2023; Mohammad, 2020) of this package, the primary

purpose of this package in this research was to determine if the reviewer's name was found in the
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gender database. In this context, the assumption is that if a name appears in this database, it exists,
suggesting it's not an anonymous name and is categorized as authentic. Despite the literal meaning
of the word "authentic" in the context of this research, a name is considered authentic if, based on
the logic and rules defined, it is not regarded as anonymous. Furthermore, the possibility that a
user might select a username that appears authentic but differs from their real name falls outside

the scope of this research.

For the first criterion, associated with the 'gender()' package, there was a need to extract
the names from the reviewer's name field (reviewerName). This process was done using three rules

that were sequentially applied:

1. All numbers and special characters were removed (Step 1).
2. The first word preceding a space was selected (Step 2).
3. From this resultant word, only the first word preceding a capital letter was retained in

case there was any (Step 3).

For example, the reviewerName "LauRence Sutton25", taken from the dataset, turns to
"LauRence Sutton™ after Step 1, to "LauRence" after Step 2, and finally, "Lau" after Step 3. These
rules were designed to extract the most accurate name from the reviewerName field, which could
then be processed using the 'gender()' package: if the name defined corresponded to a name with

a gender association in the 'gender()' package, it was classified as authentic.

The second criterion, based on rule-based criteria, assumed a name was verified if it started
with a capital letter followed by a period, a space, and at least three additional letters. This rule

applied to cases where users opted to hide their first name but retained an authentic name structure.

The methodology for username classification was put to the test with one hundred
randomly selected names. These names were sent to two individuals unrelated to this research,
who were asked to classify them as either Anonymous or Authentic. The level of agreement
between the different classifications was then analyzed using Cohen’s Kappa measure. Overall?,
the classification suggested an either substantial agreement (between 0.61 to 0.80) or perfect
agreement ( > 0.80) (McHugh, 2012).

2 Cohen’s Kappa between the two participants was 0.900. Between one participant and the global methodology, it
was 0.817, and with the other participant, it was 0.798.
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Overall, 62.8% of reviewer names were classified as authentic, while 37.2% were
anonymous; correspondingly, 41.0% of total reviews are associated with an anonymous reviewer.
In fact, anonymous reviewers wrote, on average, slightly more reviews than authentic reviewers
(0.11 more than authentic reviewers). It's important to keep in mind that a single reviewer 1D may
have different reviewer names for other reviews, as reviewers can change their public names

whenever they want without restrictions. Table 4 presents detailed statistics by category.

Table 4: Statistics by Username Category

Username # Unique # Unique # Reviews Avg Avg Review Avg
Category ReviewerID ReviewerName Rating Length #Reviews
Anonymous 3,151,088 1,634,231 5,443,703 4.18 265 1.73
Authentic 4,839,780 2,757,811 7,826,388 422 234 1.62

On average, reviews written by anonymous users are 31 characters longer than authentic
ones. This difference becomes more pronounced when considering ratings. Anonymous reviewers
consistently provide longer feedback across all rating categories, with particularly substantial
reviews for lower ratings. For instance, anonymous reviews for rating 1 are, on average, 86
characters longer than those for rating 5. Furthermore, anonymous reviews for rating 5 are
significantly shorter than those for other ratings, averaging only 224 characters, while the
lengthiest anonymous reviews are associated with rating 2, averaging 352 characters. In contrast,
authentic reviews exhibit a symmetrical frequency behavior, showing relatively shorter reviews
for both ratings 1 and 5, followed by the highest length for ratings 2 and 4 (307 characters each),

and finally 304 characters for rating 3. Table 5 illustrates these findings.

Table 5: Avg Review length (by characters) by category and review rating score (1 to 5)

Rating Score

1 2 3 4 5
Anonymous 309 352 347 342 224
Authentic 265 307 304 307 201

The general distribution of anonymous versus authentic usernames remains consistent

across the different rating options: on average, 41.9% of reviews were written by reviewers
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categorized as anonymous. Figure 3 illustrates the total number of reviews, in millions, by rating
and category.

Reviews by Rating

Anonymous  Emmm Authentic e Anony. %

Reviews in Millions

Rating

Figure 3: Reviews in millions by rating score and percentage of anonymous.

As previously found (Filieri et al., 2018; Huang et al., 2016; Schoenmueller et al., 2020;
Vana & Lambrecht, 2021; Zhang et al., 2023), people generally tend to leave higher ratings, and
this dataset is no exception, with 64.3% of total reviews being rated with five stars. When
analyzing the distribution by category, a small difference emerges: 63.3% of reviews written by
anonymous reviewers were allocated to the 5-star ranking, compared to 64.9% when authentic

reviewers wrote the reviews.

On Amazon, users have the option to customize their public name, which is associated with
contributions such as Customer Reviews. This feature allows users to choose whether to display
their real name or opt for any other pseudonym. Consequently, it implies that multiple users can
share the same Public Name, offering flexibility and privacy to individuals while engaging with
the platform (Can I Review Anonymously at Amazon ?, 2016; About Public Names - Amazon

Customer Service, n.d.).

When analyzing the top 5 review names for each category, it becomes evident that within
the anonymous names, a notable proportion of reviews were attributed to Amazon Customer, with

18.5%. However, the subsequent name Kindle Customer? accounted for only 1.8%, indicating that

3 Kindle Customer is a username available in all product categories, not only under the Kindle category.
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despite a strong preference for the Amazon Customer username, anonymous reviews are
distributed among various alternative names. It's important to consider that Amazon sets a default
name, Amazon Customer, when a customer has not set a profile name. This could explain the high

frequency of reviews written by that anonymous name.

Moreover, among authentic names, the top 5 collectively represent only 0.8% of the total
reviews written by users with names classified as authentic. This suggests a widespread
distribution of data and a low frequency of authentic names, emphasizing the diversity and

inclusivity of user identities within the dataset.

Table 6: Top 5 ReviewNames by category

Anonymous Authentic
ReviewerName # Reviews ReviewerName  # Reviews
Amazon Customer 1,009,375 Mike 13,186
Kindle Customer 99,944 Chris 13,053
Pen Name 6,152 John 12,899
Anonymous 5,664 David 11,082
J 4,770 Michael 10,393

In addition to the previously mentioned data, the Amazon dataset also includes a
verification field categorized as 'true' or 'false,' along with vote counts. The 'verified purchase' label
indicates whether the reviewer has bought or used the item on Amazon and paid the price available
to most Amazon shoppers (Amazon Verified Purchase Reviews, n.d.). Within the database, 85.2%
of reviews are categorized as verified purchases. When validating the values for anonymity and
authenticity, the former has a share of 84.3% of verified reviews, while the latter consists of 85.9%.
A chi-square test reveals a statistically significant difference between these two categories (p-value
<0.001). Furthermore, logistic regression analysis indicates that reviewers classified as 'Authentic'
are less likely to be verified buyers or users on Amazon compared to those classified as

'Anonymous' (p-value < 0.001).

The variable 'vote' represents the number of users who found the review helpful by clicking

a button located below the review. This option is not mandatory, and reviews may not receive any
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helpful votes. In fact, only 14% of the reviews in the database received votes, totaling 11.4 million
reviews with at least one helpfulness vote. The distribution remains consistent between anonymous
and authentic reviews, with 15% for the former and 14% for the latter. Furthermore, the t-test
indicates a statistically significant difference (p-value <0.001) between anonymous and authentic.
Among the reviews with votes, the average was seven votes, with a minimum of 2 votes and a

maximum of 999 votes. This resulted in a standard deviation of 20 votes.

Understanding the factors that contribute to a review's helpfulness is crucial, and sentiment
analysis provides additional insights into the subjective content of the reviews. Sentiment analysis
is a natural language processing technique that aims to automatically identify, extract, and quantify
subjective information, such as opinions, emotions, and attitudes, expressed in text data.
Supervised sentiment analysis relies on labeled data to train machine learning models to predict
sentiment, while unsupervised methods use algorithms to uncover patterns and sentiments within
text without labeled training data. As Diamantini et al. (2019) concluded, unsupervised methods
are beneficial for sentiment analysis of social content as they are dynamic and cover a wide range
of topics. Therefore, sentiment scores were computed using the Natural Language Toolkit (NLTK)
in Python, following the polarity method fitting an unsupervised method. This method assigns
sentiment scores on a scale ranging from -1 to 1, where negative scores denote negative sentiment,
positive scores indicate positive sentiment, and scores around zero represent neutral sentiment

(NLTK:: Release Notes, 2023).

The initial sentiment analysis was conducted using the review text from the 'reviewText'
column of the dataset. Consistent with existing literature on positivity bias (East et al., 2007;
Schoenmueller et al., 2020), the average sentiment score when creating content is 0.502 across all
categories, which suggests a positive bias across the dataset. Moreover, 10.6 million reviews have
a sentiment score larger than 0 (positive score), compared to 1.6 million reviews with negative

scores, followed by 1.0 million reviews with neutral scores.

When analyzed by rating, as shown in Table 7, it's clear that there is consistency in the
average sentiment score and the rating category. The average sentiment score does not seem to
differ between anonymous and authentic reviewers. However, when analyzing the difference by

status and rating, some ratings exhibit a higher difference than others.
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Table 7: Sentiment Scores by Rating Score (1 to 5) and Reviewer Category (Anonymous vs. Authentic)

Category 1 2 3 4 5 Overall
Anonymous -0.107 0.080 0.294 0.552 0.637 0.503
Authentic -0.117 0.061 0.282 0.544 0.632 0.502
Overall -0.113 0.069 0.287 0.548 0.634 0.502

Table 8 provides a comprehensive summary of the main dependent variables (DV) analyzed in this
study, encompassing rating scores, sentiment scores, and review lengths. This reflects the diverse

range and distribution of data collected and discussed in the preceding sections.

Table 8: Summary descriptive statistics for DV variables

DV Min Mean Median Max Q25 Q50 Q75
Rating Score 1 4.20 5 5 4 5 5
Sentiment Score -1 0.50 0.64 1 0.28 0.64 0.86
Review Length 0 246.65 119 33,915 44 119 260

3.2 Results

In this study, we analyzed and examined the differences between anonymous and authentic
content generation, specifically focusing on online reviews. The aim was to investigate the effect
of anonymity on the nature of user-generated content. Our findings revealed significant
distinctions between anonymous and authentic reviewers, indicating that anonymity does indeed
influence the content generated. Furthermore, to delve deeper into the magnitude of this effect,
hypothesis testing was conducted using different methodologies. This allowed us to quantify the
size of the effect and gain a more comprehensive understanding of how anonymity impacts the

generation of online reviews.

Fixed effects estimation involves accounting for unobserved individual-level differences
by including individual-specific dummy variables, thereby capturing the effects of variables that
are constant within individuals over time, such as time-invariant characteristics or unmeasured
factors (Encyclopedia of Social Measurement, 2005). As previously stated by many authors

studying online reviews and UGC in general, the most common fixed effect in this context is time-
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based (Anderson & Simester, 2014; Deng et al., 2021; Homburg et al.,2015; Huang et al., 2016;
Wang & Chaudhry, 2018; Zhang et al., 2023). Therefore, due to the composition of the data, a
fixed effect controlling possible seasonality effects based on month is added. Furthermore, another
popular fixed effect is category or product type (Anderson & Simester, 2014; Forman et al., 2008;
Vana & Lambrecht, 2021). Since the dataset of this research contains 29 product categories, the

second fixed effect considered is differences based on categories.

As previously reported, rating scores did not have a normal distribution, which did not
allow for running an ANOVA test. Therefore, a Kruskal-Wallis test was implemented (Hoyer &
Van Straaten, 2022), revealing significant differences between groups (chi-square = 2598.46 and
p-value <0.001). To understand in depth the effects, due to the lack of normality on the dependent
variable and its nature of a categorical variable where order matters, an ordinal logistic regression
was implemented. With an overall p-value of 0.000 for all models, considering an alpha of 0.05,
all regressions are considered significant. Based on the ordinal logistic regression analysis, there
are significant effects of both authenticity and verification of the purchase on the rating scores.
Specifically, the authenticity of the reviewer's name (classified as authentic vs. anonymous) has a
small but statistically significant positive effect on the rating score (on average, a coefficient of
0.063 with p-value < 0.001). This suggests that reviews from authentic-seeming names are likely
to have slightly higher ratings compared to anonymous ones, as other authors have found (see,
e.g., Deng et al., 2021; Gutt & Neumann, 2019; Teubner and Glaser, 2018). Furthermore, whether
the purchase was verified through Amazon shows a more substantial positive impact on the rating
score (on average, a coefficient = 0.347, p-value < 0.001), implying that verified purchases are

associated with significantly higher ratings.

Table 9 presents a summary of the results for Equation 1 following 4 different variations:
(A) without considering fixed effects, (B) considering only monthly fixed effects, (C) considering
only category fixed effects and (D) both fixed effects included.

Equation 1: Rating Score complete model

28 11
Rating; = [y + p1Authentic; + B,Verified; + Z Bj+2Category; + BrizoMonth; + ¢;
j:l k=1
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With an overall p-value of 0.000 for all models, considering an alpha of 0.05, all regressions
are considered significant. Based on the ordinal logistic regression analysis, there are significant
effects of both authenticity and verification of the purchase on the rating scores. Specifically, the
authenticity of the reviewer's name (classified as authentic vs. anonymous) has a small but
statistically significant positive effect on the rating score (on average, a coefficient of 0.063 with
p-value < 0.001). This suggests that reviews from authentic-seeming names are likely to have
slightly higher ratings compared to anonymous ones, as other authors have found (see, e.g., Deng
et al., 2021; Gutt & Neumann, 2019; Teubner and Glaser, 2018). Furthermore, whether the
purchase was verified through Amazon shows a more substantial positive impact on the rating
score (on average, a coefficient = 0.347, p-value < 0.001), implying that verified purchases are

associated with significantly higher ratings.
Table 9: Rating Scores Analysis

DV = Rating Score

Model (A) (B) ©) (D) (E) (F)
Method Ordinal Logistic Regression Logistic Reg. Linear Reg.
Authentic 0.063*** 0.062***  0.064*** 0.064*** 0.011*** 0.033***
(binary) (0.001) (0.001) (0.001) (0.001) (0.000) (0.001)
Verified 0.321*** 0.320***  (.373*** 0.372%** 0.056*** 0.249***
(0.002) (0.002) (0.002) (0.002) (0.000) (0.001)

Fixed Effect
(Month) Included Included Included Included

Fixed Effect

(Category) Included Included Included Included
Observations 13,270,091 13,270,091 13,270,091 13,270,091 13,270,091 13,270,091
LR chi2(41) 47,385 47,959 358,653 359,275
Prob > chi2 0.000 0.000 0.000 0.000 0.000 0.000

Note: ***p<0.01, **p<0.05, *p<0.1

For robustness, two additional analyses were performed. First, a new binary variable was
created, coded as 1 when the rating score was 5 and 0 otherwise. The coefficients for both
authenticity and purchase verification remained positive and statistically significant (See Table 9

Model E for details of the results). Specifically, an authentic-seeming reviewer's name increases
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the likelihood of receiving a 5-star rating (coefficient = 0.068, p-value < 0.001), consistent with
the ordinal regression finding that authenticity positively impacts rating scores. Similarly, a
verified purchase significantly increases the likelihood of a 5-star rating (coefficient = 0.351, p-
value < 0.001), reinforcing the earlier result that verification has a strong positive effect on ratings.
These results confirm the robustness of the original findings, emphasizing the influence of both

authenticity and verification on higher ratings.

As a second robustness check, the widely accepted statistical method of ordinary least
squares (OLS) regressions was employed despite the lack of normality, as other authors have done
(see, e.g., Deng et al., 2021; Huang et al., 2016; P.-Y. Chen et al., 2018). This approach was used
with both raw and logarithmic transformations on the dependent variable. Once more, the
coefficients for both authenticity and purchase verification remained positive and statistically
significant (p-value < 0.001). For OLS with raw data, the coefficient for authentic-seeming status
was 0.033, and for verified purchase, it was 0.249 (See Table 9 model F for details of the results).
Furthermore, when using a logarithmic transformation, the coefficients were 0.010 and 0.092,

respectively.

A common factor found across many studies is the high correlation between rating score
and sentiment score, meaning it is expected to have a high sentiment score when a high rating
score was provided (see, e.g., Deng et al., 2021; Ghasemaghaei et al., 2018). The dataset used for
this study corroborated this theory with a moderate correlation between sentiment scores and rating

scores of 0.5107, indicating a significant positive relationship.

The sentiment score and rating score are not normally distributed. The positivity bias
present in approximately 80% of the data does not allow for testing differences across groups with
an ANOVA test. Furthermore, due to the nature of the variable (continuous between -1 and 1), a
Wilcoxon rank-sum (Mann-Whitney) test was performed. The rank sums showed that the rank sum
for anonymous reviews is slightly lower than expected, while the rank sum for authentic reviews
is marginally higher than expected. This suggests that authentic reviews tend to have higher ranks
(and thus higher sentiment scores) compared to anonymous reviews (p-value <0.0001). To get a
better sense of the factors affecting this relationship and relying on the lack of normality, an

analysis through robust regression was conducted for additional insights.
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In summary, the Robust Regression results present a consistent and significant (p-value <
0.001) negative coefficient for authenticity across all models. This finding has significant
implications for the field of sentiment analysis and consumer behavior, as it suggests a lower
sentiment score for reviewers classified as authentic. Control variables verified and rating score
also consistently show significance. Firstly, reviews marked as verified are found to be associated
with a lower sentiment score, indicating more negative emotions presented in the review. A
possible explanation for this effect is that reviewers with a verified purchase are more likely to
write a review when they did not like the product, increasing the chance of more negative emotions,
thus reducing the sentiment score. Finally, the rating score, as the correlation results suggested,
has a positive significant (p-value <0.000) relation with the sentiment score, increasing the
sentiment score as the rating score increases. These findings underscore the importance of
considering authenticity, verification, and rating scores in sentiment analysis and consumer
behavior studies. Table 10 presents results for Equation 2 following the same four variations

implemented for Rating Scores.

Equation 2: Sentiment Score complete model

Sentiment_Score;

= [y + B1Authentic; + f,Verified; + f3RatingScore;

28 11
+ Z Bj+3Category; + Z Briz1Month; + ¢;

j=1 k=1
Robust regression results present a consistent and significant (p-value < 0.001) negative
coefficient for authenticity across all models, suggesting a lower sentiment score for reviewers
classified as authentic. Control variables, verified and rating score are also consistently significant.
Firstly, reviews marked as verified are found to be associated with lower sentiment scores,
indicating more negative emotions presented in the review. A possible explanation for this effect
consists of reviewers with a verified purchase being more likely to write a review when they did
not like the product, increasing the chance of more negative emotions and reducing sentiment
scores. Finally, the rating score, as the correlation results suggested, has a positive significant (p-
value <0.000) relation with the sentiment score, increasing the sentiment score as the rating score

rises.
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Furthermore, in the robustness checks, some modifications of the assumptions were made.
One of these was the exclusion of neutral sentiment scores (sentiment score =0) for two key
reasons. Firstly, as it has been previously studied, managerial and actionable implications are
associated with either positive or negative perceived feelings (see, e.g., East et al., 2007; Filieri et
al., 2018; Ghasemaghaei et al., 2018; Huang et al., 2016). Secondly, neutral reviews constitute a
small proportion of the data set, with approximately 7.8% of total reviews, implying that the
exclusion does not compromise the robustness of the study. Running a robust regression analysis
with both fixed effects and the same independent variables but limiting to polar sentiment scores

resulted in consistent conclusions (see Table 10 model E for details of the results).

Table 10: Sentiment Score Analysis

DV: Sentiment Score

Model (A) (B) © (D) (E)
Method Robust Regression Robust Reg.
no neutral sentiment
Authentic (binary) -0.010*** -0.010*** -0.011*** -0.011*** -0.010***
(0.000) (0.000) (0.000) (0.000) (0.000)
Verified -0.157*** -0.157*** -0.133*** -0.133*** -0.119***
(0.000) (0.000) (0.000) (0.000) (0.000)
Rating Score 0.200*** 0.200*** 0.199*** 0.199*** 0.205***
(0.000) (0.000) (0.001) (0.000) (0.000)
Fixed Effect (Month) Included Included Included
Fixed Effect (Category) Included Included Included
Observations 13,260,678 13,260,678 13,260,678 13,260,678 12,216,860
Prob > F 0.000 0.000 0.000 0.000 0.000

Note: ***p<0.01, **p<0.05, *p<0.1

The study's robustness was further validated by implementing a categorical variable,
grouping rating scores as negative ( sentiment score <0), positive (sentiment score >0), or neutral
(sentiment score = 0). This new category allowed us to perform a multinomial logistic regression,
with positive scores as the comparison group. The key findings were significant, indicating that
reviews written by authentic reviewers are less likely to be negative (coefficient = -0.009, p-value

<0.001) and more likely to be neutral (coefficient = 0.085, p-value <0.001) compared to positive
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reviews. This suggests that authentic reviewers tend to provide more balanced feedback, avoiding
extreme negativity but sometimes opting for neutral over positive. On the other hand, verified
reviews are more likely to be negative (coefficient = 0.107, p-value <0.001) and significantly
more likely to be neutral (coefficient = 0.868, p-value <0.001) compared to positive reviews. This
indicates that verified purchasers might have higher expectations and thus provide more critical
feedback. Additionally, higher rating scores (closer to 5) are associated with a higher likelihood
of the review being positive rather than neutral (coefficient = -0.488 , p-value <0.001) or negative

(coefficient=-0.918 , p-value <0.001)*.

Despite the initial expectations, based on the moderate correlation between sentiment score
and rating score, that authentic reviewers would have higher sentiment scores, all robust
regressions consistently showed a negative coefficient for authenticity. This leads to the conclusion
that anonymous reviewers tend to write with overall more positive emotions, leading to higher
sentiment scores compared to authentic reviewers. One possible explanation might be that
authentic reviewers might be more invested in providing useful feedback, which can sometimes
be more critical, leading to lower sentiment scores. Research has shown that reviewers with higher
involvement or investment in the product or service are more likely to provide detailed and
potentially critical feedback (see, e.g., Choi & Leon, 2020; Xu et al., 2022). Another could be
associated with authentic reviewers feeling more motivated to provide detailed reviews that

include both positive and negative aspects, leading to a lower overall sentiment score.

As a side analysis, and despite the non-normality of the dependent variable (sentiment
score), additional linear regression models were performed. Results showed effects in different
directions for the authentic coefficient when including or not the rating score variable. This
suggests a potential confounding effect of rating scores. However, it's important to note that the
validity of the linear regression results is compromised due to the violation of the normality
assumption, underscoring the rigor of the research. While the observed effect direction is

interesting, further analysis using other methods is needed for more precise conclusions.

Review length is another crucial factor in the study of online reviews, as it often reflects

the effort and thoroughness put into the review. To ensure the validity of the current analysis,

4 See Appendix 7.1 for details on the results.
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atypical values were excluded. Therefore, all further analyses will consider only reviews with
fewer than 2135 characters, which represents the 99th percentile, and larger than four characters,
which represents the 1st percentile. This careful selection of data will allow for a more meaningful
analysis by controlling for outliers and reviews with one character (a proper word is not made of
one character). Furthermore, to maintain the normality assumption, a logarithmic transformation

was implemented to the review length variable, further enhancing the robustness of the analysis.

ANOVA results indicate a statistically significant difference in review length between
anonymous and authentic reviewers (F-value =36140.31, p-value < 0.001). However, the very low
Adj r-squared value, 0.003, suggests that the seeming status explains only a small fraction of the
variance in review length. When running an ANOVA test without the log transformation, the results
are consistent with an F-value of 25396.17 and a p-value <0.001. For a deeper understanding of
the variables affecting review length, four different linear regression models were implemented.
Table 11 presents results for Equation 3 following the same four variations implemented for Rating

Scores and Sentiment Scores.

Equation 3: Review Length complete model

Log(Review_Length;)
= By + B1Authentic; + B,Verified; + f3Rating_Score;

28 12
+ Z Bj+3Category; + Z Br+z31Month; + ¢;
j=]_ k=2

Notably, the log transformation applied to the dependent variable ensures that the residuals
meet the normality assumption without issues, enhancing the reliability of the model. Further
robustness checks with alternative models (Models A, B, and C) consistently show effects in the
same direction with similar coefficients, reinforcing the stability and validity of the findings across
different specifications. As a final robustness check, another linear regression was performed on
the review length variable without any transformation. Despite the lack of validity, due to the non-
normality when the transformation is not applied, the regression results presented as model E in
Table 11, show consistent effect directions to what was already concluded from the other

regression models.
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Table 11: Review Length (characters number) Analysis

DV: Review Length

Model (A) (B) © (D) (E)
Method Linear Regression (Log Transformation) Linear Regression
Authentic (binary) -0.115%** -0.114%** -0.116*** -0.115*** -21.639***
(0.673) (0.001) (0.001) (0.001) (0.154)
Verified -0.969*** -0.972%** -0.875%** -0.878*** -240.609***
(0.001) (0.001) (0.001) (0.001) (0.330)
Rating Score -0.138*** -0.138*** -0.136*** -0.136*** -19.672***
(0.000) (0.000) (0.000) (0.000) (0.601)
Fixed Effect (Month) Included Included Included
Fixed Effect (Category) Included Included Included
Observations 12,990,293 12,990,293 12,990,293 12,990,293 12,990,293
R-Squared 0.1003 0.1013 0.1281 0.1290 0.142

Note: ***p<0.01, **p<0.05, *p<0.1

As a final analysis, helpfulness votes have been studied as a cue for users when deciding
their likelihood of purchase (see, e.g., Lei et al., 2023; Filieri et al., 2018; Xu et al., 2022). As
previously explained, this condition is assigned entirely by external users. However, there 1s an
interesting effect on analyzing how our independent variables could interact with anonymity and
define the number of votes given to certain reviews. This analysis only considers reviews with at
least one vote (vote > 0), and due to the skewness of the data, a logarithmic transformation is

enhanced to meet the normality requirements.

The model considers seeming status, rating score, sentiment score, review length, and
verified purchase as independent variables controlled by product and month-fixed effects®.
Authenticity in reviewers, verified purchases, and rating scores have a negative effect on
helpfulness votes, while review length and sentiment score have a positive impact. Results show
that reviewers classified as authentic have, on average, 1.94% lower votes than anonymous

reviewers. Interestingly, verified reviews receive significantly fewer votes compared to non-

5 See Appendix 7.2 for details on the results.
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verified reviews (coefficient = 0.188, p-value <0.001). Increases in rating scores could represent

reductions of 2.9% in the number of helpfulness votes (p-value<0.001).

On the other hand, the longer the review, the more helpful votes it gets. Sentiment Score
results suggest that more positive sentiment in reviews correlates with more votes. Overall, the
regressions are statistically significant (p-value <0.000), explaining the 9.5% (R-squared) of the

variation in helpfulness votes.

3.3 Discussion

The primary objective of this part of the study was to examine the influence of reviewer
anonymity on review rating score, sentiment score, and length while using secondary data from
Amazon. The different statistical analyses performed revealed various interesting findings. First,
across all dependent variables (DVs), the study showed statistically significant differences
between anonymous and authentic reviewers. The rating score is slightly higher for authentic
reviewers. The sentiment score is lower for authentic reviewers, potentially due to a confounding
effect of rating scores. Finally, authentic reviewers are associated with shorter reviews. It was
consistently essential to include time and category fixed effects in the models, as these additions

improved model performance in all cases.

Rating scores were analyzed as an ordinal variable, and ordinal logistic regression was used
to control for non-normality. Although the proportional odds assumption was not perfectly met,
various robustness checks, including multinomial logistic regression and additional linear
regressions with transformations (as performed by Hoyer & Van Straaten, 2022), confirmed the
general effects. Specifically, reviews from authentic-seeming names tend to have slightly higher
ratings compared to anonymous ones. This suggests that perceived authenticity positively
influences the ratings given by reviewers, aligning with H1 of this study and other authors’ results

(see, e.g., Deng et al., 2021; Ghasemaghaei et al., 2018).

In the same direction, sentiment scores have been proven to have a positive correlation
with rating scores. This study's findings supported the same conclusion, finding a moderate
correlation of 0.5107. Sentiment score, as a continuous variable, was analyzed through robust
regressions to control for non-normality. Despite the positive correlation, an expected effect,
results concluded that authentic reviewers are associated with lower sentiment scores, meaning

more negative reviews. Supported by a multinomial logistic analysis, a possible explanation for
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this conclusion is that users feel more compromised when their "authentic" names are associated
with the review, and this leads to a more partial review. Furthermore, this conclusion opens the

possibility for further research on the effect of anonymity on different levels of sentiment score.

The third independent variable of interest was review length. Different linear regression
analyses with a logarithmic transformation revealed that authentic reviewers write reviews that are
approximately 11.52% shorter than those written by anonymous reviewers after controlling for
rating scores, verified purchase, and fixed effects. This finding suggests that authentic reviewers
tend to be more concise in their reviews compared to their anonymous counterparts, aligning with

H3.

An additional analysis was performed regarding helpfulness votes, finding that authentic
reviewers (compared to anonymous reviewers), verified purchases (compared to non-verified), and
rating scores are, on average, associated with the lower number of helpfulness votes. On the other
hand, review length (measured in the number of characters) and sentiment score showed a
positive relation, increasing the number of helpfulness votes. The low R-Square suggests that other

variables should be included in the analysis to better understand the variation of helpfulness votes.

These findings collectively highlight the nuanced ways in which authenticity influences
reviewer behavior across different aspects of review content. The significant differences observed
across all DVs emphasize the need for platforms and businesses to consider reviewer authenticity
in their strategies. Future research should continue to explore these dynamics, particularly across

different platforms and contexts, to further validate and extend these insights.

This part of this research has some limitations that need to be considered when generalizing
the results. Firstly, since the data only comes from one platform, Amazon, it could lead to platform-
specific results, requiring the inclusion of other platforms' data to generalize the results—
secondary data. Furthermore, reviewers' data always has a strong component of self-selection bias

since writing a review is entirely optional.

Thirdly, Amazon data was updated on the 6th of March 2023 to a more recent dataset
containing data from 2018 until October 2023, but until the day of the presentation of this paper,
the reviewer's name has not been included in the latest version, limiting the possibility of

classifying the data. This limitation presents a possibility for further research when the reviewer's
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name is included as a possibility to analyze if there has been any significant change in the

reviewer's behaviors over time.

One key factor in this analysis is the classification of reviewers' names between anonymous
and authentic. Some package limitations have been extensively discussed regarding the use of the
'gender()' package. One of the main limitations of this package is its binary approach to gender, as
it only considers females and males. However, due to the scope of this research, this is not an issue
since gender is not a fundamental part of the analysis (see, e.g., Kozlowski et al., 2022; Lockhart
et al., 2023). As presented by Mohammad (2020), another limitation is the exclusion of gender-

fluid names and more recently used names.

4. Study 2: Anonymity when consuming content (Primary Data)

4.1 Survey Design

This research employed a 2 x 2 factorial within-subject experimental design to examine the
proposed hypotheses and research question. In the study, two factors were systematically
manipulated: the disclosure of the review sender's identity (authentic name vs. anonymous) and
the sentiment expressed in the review (positive vs. negative). To maintain coherence with the first
part of this study, the two most popular usernames identified previously as anonymous, as well as
the two most popular authentic names, were used for the different reviews presented to the

respondents.

Table 12: Survey Design - Review Situations

Anonymous Authentic
Positive Review 1 Review 2
Negative Review 3 Review 4

Research indicates that electronics represent the predominant category for seeking online
reviews prior to making purchase decisions in contemporary consumer behavior (Freddie, 2018;
Team, 2022). Consequently, to enhance engagement levels, earphones were selected as the focus
of the survey. To avoid response bias and considering the within-subject design, four different

products were chosen in order to fulfill the four reviews needed for the research presented in Table
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12. Based on online technology opinion blogs, the best wireless earbuds for 2024 were chosen as

the products to be included in the survey (Phelan, 2024).

Additionally, to avoid any research bias, the positive and negative reviews given for the
product were taken from the Amazon website for the previously mentioned product. In order to
prevent any misleading content or reviews that may exhibit both positive and negative sentiments,
the most recent positive review, awarded five stars, was selected as the survey creation date (12th
March 2024). Correspondingly, the negative review was deliberately chosen using the same
criteria, focusing on the utmost extreme rating of 1 star available on the same previously mentioned

date.

The questionnaire was created in Qualtrics and distributed through the researcher's
personal social media accounts to maximize outreach and get more diverse responses. A power
analysis related to the anonymity effect found across different contexts (Forman et al., 2008;
Tsikerdekis, 2012; Hong & Cong, 2017; Pu et al., 2020; Deng et al., 2021; Hoyer & Van Straaten,
2022), determined that a minimum sample size of 80 participants was crucial for obtaining reliable

results (AI-Therapy | Statistics for Psychologists | Sample Size Calculator, n.d.; Soper, n.d.)°.

Before distributing the survey, a pre-test involving five participants was conducted to
ensure that the usernames presented as anonymous and authentic were appropriately categorized
by participants into the corresponding groups. Additionally, the pre-test was used to identify if any
misinterpretation had taken place regarding the intention of the review (positive or negative) and
to obtain an average duration time. As a result of the pre-test, some adjustments in the survey
design were implemented. Review length was an issue for the average participant; this issue was
resolved by choosing relatively shorter reviews. Additionally, the level of technical information
included in the review was also highlighted by 3 participants to be too detailed, which "got them
confused."; this was resolved by choosing more general reviews. Finally, a visual presentation was

implemented to make Amazon's reviews look legitimate.

As commitment questions have been proven to provide better data quality results than
attention checks on survey designs (Qualtrics, 2022), the first question included was a general

commitment. Then, to determine eligibility for the survey, a screening question was asked at the

6 See Appendix 7.3 for details.
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beginning of the study: “Please indicate whether you would consider using online reviews when
making technology purchases.” Participants who responded “NO” were then sent to the end of the

survey, while participants who responded “YES” proceeded with the survey.

Due to the scope of the research, two main metrics were targeted: reliability of the review
(content) and purchase intention. Kusumasondjaja et al. (2012) utilized a measurement scale for
online perceived credibility borrowed from Flanagin and Metzger (2000). This scale assessed five
key dimensions: accuracy, believability, unbiasedness, completeness, and trustworthiness. The
previously presented scale was implemented in the survey, and participants were tasked with rating
their agreement with these statements on a 7-point Likert scale, ranging from strongly disagree to
strongly agree. Regarding purchase intention, many scales have been developed over time in
marketing (MacKenzie et al., 1986; Holmes & Crocker, 1987; Spears & Singh, 2004; Bruner,
2019). However, for simplicity and due to the length of the survey, a three-item scale was used:
likely/unlikely, probable/improbable, and possible/impossible, varying in a seven-point semantic

scale (MacKenzie et al., 1986; Bruner, 2019).

Lastly, as recommended by Hughes, Camden, Yangchen, et al. (2016), since the primary
objective of the survey was not to assess demographics as a critical factor, three demographic
questions related to gender, age, and country of residency were placed at the end of the survey.
This approach was employed to maintain participant interest in the study and mitigate survey

fatigue, particularly in anticipation of more substantive inquiries’.

4.2 Respondents

After the already explained pre-test, the final version of the survey was launched on March
27, 2024, and opened until April 13, 2024. A total of 180 responses were recorded, but only 135
successfully passed the qualification question. As the survey allowed respondents to drop at any
point, out of those, 106 answered at least one of the scenarios. Finally, 88 respondents answered

all questions related to the four scenarios. Figure 4 shows a summary funnel for respondents.

" Survey design is included in Appendix 7.4
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Figure 4: Respondents Funnel

Respondents answered the survey on their mobile phones in 75% of cases (79 respondents)
compared to 25% who used a laptop. Regarding the duration of the study, the pre-test indicated an
average duration of 5 minutes, while the actual survey had an average duration of 6 minutes,

excluding atypical values.

Since demographic questions were asked at the end of the survey, only participants who
completed all scenarios reached the demographic questions. Out of the 88 respondents, 51.1%
identified as male, while 48.9% identified as female. Participants' ages ranged from 16 to 57 years
old, with a median of 27 years old and an average of 29 years old. In terms of higher level of
education completed, 38.6% (34) of respondents held a bachelor's degree, followed by 36.4% (32)
with a master's degree. High school education was reported by 21.6% (19) of respondents, while

other education levels, including PhD, were reported by only one respondent each.

Regarding the country of residency, Colombia had the highest representation with 34
respondents, followed by the Netherlands with 26. USA, UK, and Germany followed with 7, 5,

and 4 respondents respectively. Other countries with two or fewer respondents were also included.

Due to the survey design, all participants faced all four scenarios. However, to control any
order bias, the order of the scenarios was randomized. This led to an uneven number of responses
in each scenario. Overall, 100 unique respondents answered questions facing an anonymous
reviewer name compared to 101 facing an authentic reviewer name. Furthermore, 105 positive
reviews compared to 98 with a negative sentiment. Reliability of the review and purchase intention
were asked on a scale from 1 to 7, and on average, respondents rated 5.03 as reliability for
anonymous reviewers compared to 4.80 when authentic. When comparing positive vs. negative

sentiment reviews, the average for reliability was 5.17 and 4.64, respectively. Furthermore,
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purchase intention was also measured on a scale from 1 to 7, with a higher average for positive
reviews, 5.22, compared to 2.96 for negative and a very similar average between anonymous and

authentic reviews (4.01 for the first one and 4.24 for the latter one).

Table 13: Descriptive statistics primary data

Seeming . . N Avg Purchase
Status Sentiment  Rating # Respondents Avg Reliability Intention

Positive 5 97 5.42 5.27

Anonymous ]
Negative 1 94 4.61 2.70
. Positive 5 100 4.93 5.17

Authentic ]
Negative 1 93 4.68 3.24

4.3 Results

This part of the research aims to analyze the effect of anonymity on user content
consumption. Demographic variables collected during the survey will serve as control variables;
therefore, the model will consider age, gender, the highest level of education completed, and
current country of residency as controls. Furthermore, purchase intention is set as the main
dependent variable, reviewer anonymity as the main independent variable, review reliability as a

potential mediator, and review sentiment as a possible moderator.

Due to the nature of the data, multiple linear regression models were implemented to test
different effects. Linear regression is a statistical method that tests the relationship between a
dependent variable and one or more independent variables, fitting a linear equation with the data
available. The main assumption for this model requires a linear relationship between the dependent
variable and all independent variables. However, there are other important assumptions, such as
independence, homoskedasticity, normality, exogeneity, and others (Poole & O’Farrell, 1970). The
dataset compiled from the survey results successfully satisfies all of the assumptions, allowing us

to use this method for further analysis.

First, the mediation effect of perceived reliability on the relationship between anonymity
and purchase intention was tested. Baron and Kenny (1986) presented a methodology for testing a
mediation hypothesis through linear regression analysis. The method intends to analyze mediation

through three main linear regressions: firstly, testing how the independent variable predicts both
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the dependent variable and the potential mediator (on separate regression) and then how the
independent variable and mediator predict the dependent variable. Following this methodology,

Equation 4, Equation 5, and Equation 6 (presented below) were estimated.

Equation 4: Mediation - Linear Regression for IV (Authentic) effect on DV (Purchase Intention)

Purchaselntention;
4
= Sy + B1Authentic; + [, Positive; + f3Age; + [4Male; + Z Bj+sEducation;
j=1
14

+ BrigCountry; + ¢;
k=1

Equation 5: Mediation - Linear Regression for IV (Authentic) effect on Mediator (Reliability)

4
Reliability; = ay + ajAuthentic; + a,Positive; + azAge; + asMale; + Z ajsEducation;
j=1
14

+ aprgCountry; + ¢
k=1

Equation 6: Mediation - Learn Regression for IV (Authentic) and Mediator (Reliability) effect on DV (Purchase Intention)

Purchaselntention;

=y, + v, Authentic; + y,Reliability; + y3Positive; + y,Age; + ysMale;

4 14
+ Z Yj+sEducation; + Z Yik+oCountry; + ¢;

j=1 k=1
The first regression, testing the direct effect of anonymity on purchase intention, has a
positive and significant impact with a coefficient of 0.297 and a p-value of 0.021. Moving to the
effect of reviewer anonymity on how reliable users found the review, there’s a negative relation
between both variables, with a coefficient of -0.219 and p-value of 0.046, indicating that reviews
written by a reviewer considered authentic are perceived as less reliable than those written by

anonymous reviewers.

Furthermore, the last regression, considering the effect of both the independent variable
(IV) and mediator on the dependent variable (DV), has interesting implications indicating a
competitive mediation effect. First, the coefficient for the IV authentic got stronger, going from

0.297 to 0.336, holding its statistical significance in both cases (p-value<0.001). Moreover, the
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mediator coefficient was estimated as 0.179 with a p-value of 0.014. The suggested competitive
mediation effect shows that authenticity directly increases purchase intention but indirectly
decreases it through reduced perceived reliability. In other words, while authentic reviews may
initially boost purchase intention, their lower reliability perception partially offsets this effect.
Figure 5 presents a summary of the different coefficients obtained when testing the model® and its

significance based on ***p<(.01, **p<0.05 and *p<0.1.

Percerved Reliability

Seeming Status By = 0.297%%
Authentic =1 #|  Purchase Intention
Anonymous =0 ¥ = 0.336%%%

Figure 5: Mediation test of Reliability on Reviewer's Anonymity relationship with Purchase Intention

An interesting and unexpected finding from the previous models shows a negative relation
between reviewers categorized as authentic and the perceived reliability, suggesting that reviews
written by authentic reviewers are perceived as less reliable (a;). Digging deeper into this
relationship, it is interesting to check hypotheses five, which propose a moderation effect of review
sentiment (positive or negative) in the relationship between reviewer anonymity and perceived
reliability. To test this effect, a linear regression testing Equation 7 was performed. The interaction

term was defined as Authentic * Positive.

Equation 7: Effect of Review Sentiment (Moderator) with Anonymity (IV) and Reliability (DV)

Reliability; = ay + ajAuthentic; + a,Positive; + azInteraction; + a,Age; + asMale;

4 14
+ Z aj.sEducation; + Z apoCountry; + ¢;
j:l k=1

When comparing the results of this new equation to those obtained in Equation 5, the R-
squared value suggests that the model fits better when considering the moderation effect, with an

R-squared of 0.2020 compared to 0.1875 in the previous model; both models are statistically

8 Appendix 7.5 contains details for all coefficients estimated on each regression.
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significant with p-values < 0.001. Table 14 presents a comparison between the regression model

defined in Equation 5 without the moderation effect and Equation 7 with the interaction term?®.

Regarding the direction of the effects, when considering the moderation effect, the effect
of being an authentic reviewer on reliability is positive but not statistically significant at the 0.05
level. This suggests that authenticity does not have a significant direct effect on perceived
reliability in this model. Additionally, reviews with positive sentiment are perceived as more
reliable. This effect is consistent across both regressions but becomes more pronounced when the
interaction term is included, increasing the coefficient from 0.553 to 1.348. The negative and
significant interaction term indicates that the effect of seeming status on reliability is moderated
by sentiment. Specifically, the positive effect of being an authentic reviewer on reliability
decreases when the sentiment is positive. In other words, the increase in perceived reliability due

to positive sentiment is less pronounced for authentic reviewers compared to anonymous ones.

Table 14: OLS comparison with moderation effect on Reliability

DV: Reliability
Equation (5) (7)
Method Linear Regression
Authentic -0.219** 0.575

(0.109) (0.356)

Positive (sentiment) 0.553*** 1.348***
(0.109) (0.334)

Interaction -0.53**
(0.217)

Constant 4.008*** 4.405***
(0.467) (0.475)

Control Variables Included Included

# Observations 352 352

R-Square 0.188 0.202
Prob > F 0.000 0.000

Note: ***p<0.01, **p<0.05, *p<0.1

To further explore the dynamics of user behavior, and due to the already significant effect

found when including sentiment as a moderator, there is another possible moderation effect that is

9 See Appendix 7.6 for details on the results.
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analyzed: the moderation by sentiment on anonymity and purchase intention (Equation 8 presents
the model). Since the possible moderation is being tested for the same moderator and IV, the

definition of the interaction terms follows the same structure as previously defined for Equation 7.

Equation 8: Effect of Review Sentiment (Moderator) with Anonymity (IV) and Purchase Intention (DV)

Purchase Intention;

= agy + aqReliability; + a,Authentic; + azPositive; + azInteraction; + asAge;

4 14
+ agMale; + Z ajrcEducation; + Z Ap10Country; + ¢
j=1 k=1

Table 15: OLS comparison with moderation effect on Purchase Intention

DV: Purchase Intention

Equation (6) (8)
Method Linear Regression
Reliability 0.179** 0.158**
(0.072) (0.071)
Authentic 0.336*** 1.249%**
(0.125) (0.424)
Positive (sentiment) 2.216*** 3.145***
(0.139) (0.388)
Interaction -0.612**
(0.251)
Constant 2.259% %% 2.801***
(0.610) (0.658)
Control Variables Included Included
# Observations 352 352
R-Square 0.535 0.543
Prob > F 0.000 0.000

Note: ***p<0.01, **p<0.05, *p<0.1

Once more, the model considering the moderation effect appears to be a better fit based on
R-squared: the variables in Equation 8 explain 54.3% of the variation in purchase intention
compared to 53.5% when the interaction is not considered. All variables have significant effects
(p-value <0.001) and go in the same direction in both models. Reliability, which was proven to be
a mediator for authenticity and purchase intention, shows a decrease in the effect magnitude from

0.179 to 0.158 when considering the interaction term. Overall, this suggests that higher perceived
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reliability of a review increases the likelihood of purchase, but in a smaller magnitude when

interaction is considered®.

When analyzing the variables involved in the interaction term, it is remarkable to notice
that for both authentic and positive, the individual effects on purchase intention increased by
almost 1 unit when including the moderation effect while maintaining high significance (p-value
< 0.05). Furthermore, the interaction term suggests that the positive effect of being an authentic
reviewer on purchase intention decreases when the sentiment is positive. In other words, the
increase in purchase intention due to positive sentiment is less pronounced for reviews from

authentic reviewers compared to anonymous ones.

The model defined in Equation 8 demonstrates the best fit among all the models tested, as
evidenced by its higher R-squared value. This model effectively incorporates both mediation and
moderation effects, providing a comprehensive understanding of how anonymity, reliability, and

sentiment interact to influence purchase intention.
4.4 Discussion

The primary objective of this part of the study was to examine the influence of reviewer
anonymity on purchase intention, either directly moderated by review sentiment or mediated by
review reliability. The different statistical analyses performed revealed various interesting
findings. First, there is a competitive mediation effect, where authenticity has both a direct positive
effect and an indirect negative effect (through perceived reliability) on purchase intention. It means
that, as stated in H4, authenticity increases purchase intention directly, but the negative impact of
perceived lower reliability somewhat counteracts this effect. These results aligned with what was
previously concluded by Forman (2008), Hong and Cong (2017), and Pavlou & Dimoka (2006),
providing a possibility of including additional factors such as the seller’s asymmetry of

information for a future research, as other authors did.

The review sentiment has been found to have a significant effect on purchase intention.
Therefore, to test for the implication of polarity sentiments, two moderation effect hypotheses were
tested: one suggesting moderation of review sentiment on anonymity and reliability and another

on anonymity and purchase. Both these relationships are key in this research and demonstrate

10 See Appendix 7.7 for details on the results.

40



significant improvements in model fit when the interaction term is considered. Specifically, the
interaction term indicated that sentiment alters the strength or direction of the relationship between
seeming status and reliability. This result implies that while positive sentiment generally increases
the perceived reliability of a review, this effect is less pronounced for reviews written by authentic
reviewers, aligning with H5. Moreover, these findings are in line with what Filieri et al. (2018)
concluded, but in particular, for authentic reviewers, Martin (2017) found a stronger effect when
facing positive reviews compared to this paper's findings, suggesting a smaller effect for identity-

revealing reviewers.

The second moderation effect tested is perhaps the most interesting one, as companies,
most of the time, focus their strategies on increasing purchase intention. The analysis indicates that
sentiment significantly moderates the relationship between anonymity (authenticity) and purchase
intention (main DV). Furthermore, while both authenticity and positive sentiment individually
boost purchase intention, the combination of authenticity and positive sentiment has a less
harmonious effect than expected. Just as the mediation effect, this conclusion is also aligned with

H6 and some authors, such as East et al. (2008) and Rosario et al. (2016).

This part of this research has some limitations in terms of data collection points, survey
design, and methodology. As for the data collection points, there is a clear sample bias because the
survey was mainly distributed through the researcher's social network. Overall, it cannot be
assumed that the researcher's network is a significant representation of the overall review readers.
This brings an opportunity for further research, expanding the sample size, and testing for

consistent effects.

Moreover, the survey design contained two main limitations: first, as in any within-subject
experiment, there is a likelithood of respondents getting what is called a "fatigue effect," meaning
they start selecting random answers due to the length of the study. Second, the exposure to similar
questions, in this case, four scenarios with the same questions, might result in either response
biases or learning effects, revealing the purpose of the study and changing the naturality of the
responses. Combining those limitations, considering a between-subject design, and controlling for

any external effects using the same review on each scenario could allow for more general results.

Lastly, regarding the methodology, this study measured sentiment score as a binary variable

based on polarity sentiments: either positive or negative. This approach could be enhanced by
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including a third neutral category or by creating a broader spectrum of sentiment possibilities.
Such an improvement would allow for a more nuanced understanding of whether the effects

observed are consistent not only for extreme emotions but also for less polarized sentiments.

5. Discussion

5.1 General Conclusions

This study contributes to the understating of the effect of anonymity within an online
ecosystem. The goal of this study is to cover both content creation (written reviews) and content
consumption (reading reviews) through different perspectives. To analyze content creation, the
study presents a primary data section, with secondary data from Amazon online reviews for various
product categories. This first study aims to cover the effect of anonymity on rating score, sentiment
score, and review length. To explore content consumption, the study presents its own survey design
with a within-subject experiment collecting primary data. This second study intends to cover the
effect of anonymity on purchase intention while considering perceived reliability as a mediator

and review sentiment as a moderator.

This paper highlights the importance of anonymity in analyzing online reviews for both
content creation and content consumption. Rating score and sentiment score were found to be
moderately correlated within a content production context. Answering research question (1), rating
score itself was found to have a negative relation with anonymity, implying that anonymous
reviewers give lower rating scores. However, sentiment score and review length (measured as a
number of characters) were found to be higher when the reviewer was anonymous. The
contradictory results between the rating score and sentiment score required further analysis,
although initially, a possible explanation is associated with authentic reviewers feeling a higher
sense of responsibility with their public content, leading to a more neutral or even negative review

as it requires more honesty.

Within the context of content consumption (research question 2), it was found that
authenticity increases purchase intention directly, but the negative impact of perceived lower
reliability reduces this effect. The fact that the review was considered a positive or negative one
moderated the relationship between perceived reliability and purchase intention. While a positive
review increases the perceived reliability, the effect is weaker when an authentic reviewer writes

the review. Furthermore, it was also concluded that while both a reviewer’s authenticity and a
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positive review increase purchase intention, when combined, the effect is lower than expected. The
dual impact highlights the complexity of user perceptions in online reviews. While authentic
reviews may seem more trustworthy in terms of genuine user identity, they simultaneously reduce

the perceived reliability of the reviews, thus influencing purchase intention in opposing ways.

Summarizing, it can be concluded that while anonymity encourages more expressive and
extensive feedback, it may also result in harsher ratings. Conversely, within the context of content
consumption, authenticity positively influences purchase intention, but the perceived lower
reliability of authentic reviews mitigates this effect. Additionally, sentiment plays a key role in
both contexts: content production and content consumption. Although measured on a different
scale!!, sentiment score has a significant effect. Together, these findings highlight the dual-edged
nature of anonymity in online reviews: while it raises more detailed and emotionally expressive
content, it simultaneously presents challenges in balancing perceived reliability and user trust,

ultimately impacting purchase decisions.

A managerial implication of these results lies in platforms recognizing the power of online
reviews in influencing purchase intentions. Platforms often face challenges in understanding where
their real issues lie. Based on the current results, it appears that allowing anonymity helps mitigate
the positivity bias in rating scores. This strategy, however, can be a double-edged sword. On the
one hand, sellers could receive a more realistic view of areas needing improvement and identify
which products are underperforming. On the other hand, users reading these reviews might be
influenced by the lower ratings, potentially affecting their purchase decisions. Balancing the
benefits of honest feedback with the potential impact on user perceptions is crucial for platforms

to consider.

5.2 Limitations and Future Research

As discussed in each section, some study-specific limitations apply to the current research.
From a more global perspective, one of the biggest limitations is that the current study focuses

explicitly on the effect of anonymity on online reviews, leaving other contexts out of the study. As

11 Review sentiment is measured as a continuous variable between -1 (extremely negative) to 1 (extremely positive)
for study 1. This is calculated based on a Natural Language Toolkit (NLTK), while it is measured as a binary variable
(either positive or negative) for study 2.
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a future research opportunity, researchers could analyze the impact of anonymity on social media

behavior, support forums, or community sites.

Another limitation is the different timeframes considered in both studies. While Study 1,
with secondary data collected from online reviews from 2008 until October 2018, study 2 collected
data over three weeks from March 2024 until April 2024. This difference in timeline could lead to
discrepancies in consumer behavior over time. Therefore, researchers could run both data

collection points within the same timeframe to control for any time bias.

Lastly, both study 1 (secondary data) and study 2 (primary data) may have cultural or
regional biases that limit the generalizability of the findings to other geographical contexts. In fact,
study 2 heavily relies on Colombian respondents, followed by Dutch respondents, while study 1
features English-based text reviews, which are assumed to be more representative of the US or
UK. Another possibility for future research could be running both studies within the same
geographical context to either get country/region-specific results or global results with a

representative sample of different countries for both studies.
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7. Appendix
7.1 Multinomial Results — Study 1 Sentiment Score

Multinomial logistic regression was performed considering sentiment score >0 or positive score
as the comparison group.

A. Sentiment Score <0 — Negative Score

sentiment_categ Coefficient  Std. err P>|z]| [95% conf. interval]
0 = negative
seeming_status_binary
Authentic -0.009 0.002 0.000 -0.013 -0.006
verified_binary

TRUE 0.107 0.003 0.000 0.101 0.112
overall -0.918 0.001 0.000 -0.919 -0.916

category_binary

All_Beauty 0.324 0.008 0.000 0.309 0.339
Appliances 0.711 0.007 0.000 0.698 0.725
Arts_Crafts_and_Sewing 0.311 0.007 0.000 0.297 0.325
Automotive 0.582 0.007 0.000 0.569 0.596
Books 0.469 0.007 0.000 0.455 0.483
CDs_and_Vinyl 0.021 0.008 0.008 0.005 0.037
Cell_Phones_and_Accessories 0.475 0.007 0.000 0.461 0.488
Clothing_Shoes_and_Jewelry -0.025 0.007 0.001 -0.040 -0.011
Digital_Music 0.077 0.008 0.000 0.061 0.094
Electronics 0.521 0.007 0.000 0.507 0.534
Gift_Cards -0.158 0.014 0.000 -0.186 -0.131
Grocery_and_Gourmet_Food 0.229 0.007 0.000 0.214 0.243
Home_and_Kitchen 0.260 0.007 0.000 0.246 0.274
Industrial_and_Scientific 0.647 0.007 0.000 0.633 0.660
Kindle_Store 0.345 0.007 0.000 0.331 0.360
Luxury_Beauty 0.204 0.007 0.000 0.190 0.219
Magazine_Subscriptions -0.088 0.014 0.000 -0.115 -0.061
Movies_and_TV 0.512 0.007 0.000 0.499 0.526
Musical_Instruments 0.315 0.007 0.000 0.301 0.329
Office_Products 0.465 0.007 0.000 0.452 0.479
Patio_Lawn_and_Garden 0.579 0.007 0.000 0.566 0.593
Pet_Supplies 0.466 0.007 0.000 0.453 0.480
Prime_Pantry 0.458 0.007 0.000 0.444 0.473
Software 0.400 0.007 0.000 0.387 0.414
Sports_and_Outdoors 0.338 0.007 0.000 0.324 0.352
Tools_and_Home_Improvement 0.506 0.007 0.000 0.493 0.520
Toys_and_Games 0.181 0.007 0.000 0.167 0.195
Video_Games 0.392 0.007 0.000 0.379 0.406
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month

2 0.032 0.005 0.000 0.023 0.040
3 0.032 0.004 0.000 0.023 0.040
4 0.048 0.005 0.000 0.039 0.057
5 0.041 0.005 0.000 0.032 0.050
6 0.035 0.005 0.000 0.026 0.044
7 0.037 0.005 0.000 0.028 0.046
8 0.040 0.005 0.000 0.031 0.049
9 0.041 0.005 0.000 0.032 0.050
10 0.030 0.005 0.000 0.021 0.039
11 0.040 0.005 0.000 0.031 0.049
12 0.021 0.004 0.000 0.013 0.030
_cons 1.046 0.007 0.000 1.033 1.059

B. Sentiment Score =0 — Neutral Score

sentiment_categ Coefficient  Std. err P>|z]| [95% conf. interval]
1 = neutral
seeming_status_binary
Authentic 0.085 0.002 0.000 0.081 0.090
verified_binary

TRUE 0.868 0.004 0.000 0.860 0.876
overall -0.488 0.001 0.000 -0.490 -0.487
category_binary
All_Beauty 0.069 0.008 0.000 0.053 0.085
Appliances 0.489 0.007 0.000 0.476 0.503
Arts_Crafts_and_Sewing 0.253 0.007 0.000 0.239 0.267
Automotive 0.297 0.007 0.000 0.283 0.310
Books -0.471 0.009 0.000 -0.488 -0.454
CDs_and_Vinyl -0.422 0.009 0.000 -0.440 -0.405
Cell_Phones_and_Accessories -0.039 0.007 0.000 -0.053 -0.024
Clothing_Shoes_and_Jewelry -0.097 0.007 0.000 -0.112 -0.083
Digital_Music 0.056 0.008 0.000 0.041 0.071
Electronics 0.044 0.007 0.000 0.029 0.058
Gift_Cards 0.116 0.011 0.000 0.094 0.138
Grocery_and_Gourmet_Food -0.046 0.008 0.000 -0.061 -0.031
Home_and_Kitchen -0.095 0.008 0.000 -0.110 -0.081
Industrial_and_Scientific 0.559 0.007 0.000 0.545 0.572
Kindle_Store -0.570 0.009 0.000 -0.588 -0.553
Luxury_Beauty -0.161 0.008 0.000 -0.176 -0.145
Magazine_Subscriptions -0.032 0.014 0.027 -0.060 -0.004
Movies_and TV -0.228 0.008 0.000 -0.244 -0.212
Musical_Instruments -0.107 0.008 0.000 -0.122 -0.092
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Office_Products
Patio_Lawn_and_Garden
Pet_Supplies

Prime_Pantry

Software

Sports_and_Outdoors
Tools_and_Home_Improvement
Toys_and_Games

Video_Games
month
2
3
4
5
6
7
8
9
10
11
12
~cons

0.259
0.272
-0.102
0.469
0.017
0.001

0.179
-0.199
-0.191

0.039
0.065
0.048
0.031
0.043
0.117
0.138
0.132
0.117
0.096
0.038

-1.212

0.007
0.007
0.008
0.007
0.008
0.007
0.007
0.008
0.008

0.005
0.005
0.005
0.005
0.005
0.005
0.005
0.005
0.005
0.005
0.005

0.008

0.000
0.000
0.000
0.000
0.029
0.848
0.000
0.000
0.000

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

0.000

0.245
0.258
-0.117
0.454
0.002
-0.013
0.165
-0.214
-0.207

0.029
0.055
0.038
0.021
0.033
0.107
0.128
0.122
0.107
0.086
0.028

-1.227

0.272
0.286
-0.087
0.483
0.032
0.016
0.193
-0.183
-0.176

0.049
0.074
0.058
0.041
0.053
0.126
0.147
0.142
0.127
0.106
0.048

-1.197
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7.2 Linear Regression — Study 1 Helpfulness Votes

DV: Helpfulness Votes

Model (A) (B) (©) (D)
Method Linear Regression (Log Transformation)

Authentic (binary) -0.022*** -0.022%** -0.020*** -0.019***
(0.001) (0.001) (0.001) (0.001)

Verified -0.173*** -0.172%** -0.189*** -0.188***
(0.002) (0.002) (0.002) (0.002)

Rating Score -0.361%** -0.036*** -0.029*** -0.029***
(0.000) (0.000) (0.000) (0.000)

Review Length 0.000*** 0.000*** 0.000*** 0.000***
(0.000) (0.000) (0.000) (0.000)

Sentiment Score 0.037*** 0.037*** 0.042*** 0.042%**
(0.001) (0.001) (0.001) (0.001)

Fixed Effect (Month) Included Included
Fixed Effect Included Included

(Category)

Observations 1,827,782 1,827,782 1,827,782 1,827,782

Adj R-Squared 0.0843 0.0846 0.0945 0.0949

Note: ***p<0.01, **p<0.05, *p<0.1
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7.3 Power Analysis — Survey

To estimate the ideal sample size for the survey design, a power analysis was performed.
Considering different effect sizes from other studies that covered the effect of anonymity in content
consumption across different industries and employing different methodologies. Effect sizes were
calculated depending on the statistical method implemented within the paper. Some papers are
required to calculate Cohen D, Cohen F, effect size coefficient w, etc. Additionally, since one paper
could have different models that measure the effect of anonymity, a paper could have more than

one effect size. Summarizing, the following effect sizes were found:

A. Deng et al. (2021)
- Effect Size: 0.125
- Effect Size: 0.193
B. Forman et al. (2008)
- Effect Size: 0.170
C. Hong and Cong (2017)
- Effect Size: 0.520
D. Hoyer and Van Straaten (2022)
- Effect Size: 0.115
- Effect Size: 0.202
E. Puetal. (2020)
Effect Size: 1.137
Effect Size: 0.154
Effect Size: 0.147
Effect Size: 0.233
F. Tsikerdekis (2012)
- Effect Size: 0.211
- Effect Size: 0.137

The average effect size was calculated as 0.279. Using the sample size calculator for a within-
subject design with an alpha of 0.05 a power of 0.8 and the average effect size found, the sample

size is set as 80 (Al-Therapy | Statistics for Psychologists | Sample Size Calculator, n.d.).
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7.4 Survey Design

Introduction

Thank you for participating in this survey; your valuable input is crucial for the success of this
research project. Your participation in this survey is entirely voluntary. You have the right to
withdraw at any point during the survey without providing a reason. Your responses will be treated
with strict confidentiality. No personally identifiable information will be disclosed in any reports
or publications resulting from this research. Data will be aggregated and anonymized to ensure
your privacy. All data collected will be securely stored and accessible only to the researcher and
authorized personnel. The survey platform used employs industry-standard security measures to
protect the information you provide.

By continuing with this survey, you indicate your informed consent to participate. If you have any
questions or concerns about the study, please get in touch with Carolina Rueda at 687807jr(@eur.nl.

Question 1 - Commitment Question

We care about the quality of our survey data. To get the most accurate measure of your opinions,
it is important that you provide thoughtful answers to each question in this survey. Your response
is anonymous and will be treated with the highest level of confidentiality.

Do you commit to providing thoughtful answers to the questions in this survey?

- I can’t promise either way.
- Yes, I will.
- No, I will not.

Question 2 - Screening Question

The upcoming questions involve a hypothetical scenario related to online reviews for technology
and your purchasing intentions. Consequently, if you have no intention of utilizing online reviews
in your decision-making process for technology purchases, the survey concludes at this point for
you.

Please indicate whether you would consider using online reviews when making technology
purchases:

- Yes, I would consider using online reviews when making technology purchases.
- No, I would not consider using online reviews when making technology purchases.

Disclaimer for hypothetical situations

Imagine you are contemplating the purchase of a new set of earphones. For the purpose of this
survey, kindly respond to the following questions based solely on the reviews provided. Assume
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that you are genuinely interested in the product and refrain from incorporating your personal
opinions or pre-existing knowledge about the product into your responses.

Positive — Anonymous Review (Review 1)

Sony WF-1000XMS

Amazon Customer

Reviewed in the Netherlands on March 7, 2024

Color: Black Verified Purchase

| picked up these headphones because they are well rated
everywhere, and | have to say | wasn't disappointed. The sound
is good, but the clear distinguishing features are the additional
functions and voice recognition. Everything works great. Only the
battery life could be a bit longer, but with an average of 5 to 6
hours, it is also sufficient.

Question 3 (Reliability on the review)
Based on the previous review, please indicate how you feel about the following statements:
(Scale strongly disagree to strongly agree with 7 likert-scale)

The review is accurate
The review is believable
The review is unbiased
The review is complete
The review is trustworthy

Question 4 (Purchase Intention)

Based only on the previous review and setting aside any preconceived notions, please indicate
your willingness of purchasing the product:

(7 likert-scale)

Unlikely (1) / likely (7)
Improbable (1) / Probable (7)
Impossible (1) / Possible (7)

Positive — Authentic Review (Review 2)
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Bowers & Wilkins P17

Mike

Reviewed in the Netherlands on March 7, 2024

Color: Black Verified Purchase

The noise cancellation is spectacular, and the sound quality is
beyond what apple AirPods offer. They don’t fall out near as
much as any other earphone I've had. I've had beats, AirPods,
multiple cheaper wireless knockoffs and now these. You won'’t
regret this decision! | love love listening to music with these in.
It's like I'm zoned in better than ever before.

Question 5 (Reliability on the review)
Sames as question 3
Question 6 (Purchase Intention)

Sames as question 4
Negative — Anonymous Review (Review 3)

Bose - QuietComfort Earbuds Il
Kindle Customer

Reviewed in the Netherlands on March 7, 2024

Color: Black Verified Purchase

Had the issues with this product been limited to their basically
non-existent noise cancelling capabilities, that render them
useless on anything even resembling a busy street, I'd gladly call
them overpriced. However, that is only where the problems start.
They frequently simply refuse to connect to any device, they give
off very weird echo artifacts at times, and the list just goes on.

Question 7 (Reliability on the review)
Sames as question 3
Question 8 (Purchase Intention)

Sames as question 4
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Negative — Authentic Review (Review 4)

Beats Powerbeats Pro

Chris

Reviewed in the Netherlands on March 7, 2024
Color: Black Verified Purchase

| have sent my 9 month old Powerbeats for a repair because the
right one would not hold a charge. Amazon repair center
"Ingram"” declined to repair due to "liquid damage" - for heaven's
sake they are marketed as Sweat-resistant. They have not been
submerged and regularly dried after putting back in the case.
Nice kit - but as it turns out not fit for the purpose.

Question 9 (Reliability on the review)
Sames as question 3
Question 10 (Purchase Intention)

Sames as question 4

Demographic Questions

Please choose the option that suits you the most:
D Question 1

What is your gender?

Female
Male
Non-binary / third gender
Prefer not to say
D Question 2

What is your age? (In years)

D Question 3
What is the highest level of education you have completed?

High School
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Bachelor (University Degree)
Master
PhD
Other
D Question 4

Netherlands
Germany
Colombia
Other:

Closure

Thank you for taking the time to participate in this research. The survey ends here.
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7.5 Mediation Test — Study 2
Barron & Kenny method to test mediation

A. Effect of IV on DV

purchase_intention Coefficient  std. err. P>|t|
seeming_status_binary

Authentic 0.297 0.127 0.021
sentiment_binary

Positive 2.315 0.127 0.000
age -0.008 0.010 0.417
gender_2

Male 0.219 0.140 0.119
education_2

High-School -0.314 0.183 0.088
Master 0.356 0.186 0.057
Other -0.293 0.463 0.527
PhD 0.098 0.955 0.919
country 2

Colombia 0.028 0.366 0.940
Czech Republic 0.094 0.679 0.890
France 0.320 0.675 0.636
Germany -0.078 0.565 0.890
Ireland -0.619 0.585 0.291
Italy -1.550 0.595 0.010
Netherlands -0.091 0.374 0.808
Panama -0.179 0.782 0.819
Philippines -0.222 1.006 0.826
Portugal -0.278 0.385 0.472
Qatar 0.324 0.606 0.593
Spain -0.105 0.476 0.826
UK -0.661 0.375 0.079
USA -0.153 0.408 0.708
~cons 2.975 0.534 0.000
Observations 352

R-Square 0.524
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B. Effect of IV on Mediator

reliability Coefficient  std. err. P>|t|
seeming_status_binary

Authentic -0.219 0.109 0.046
sentiment_binary

Positive 0.553 0.109 0.000
age 0.020 0.007 0.007
gender_2

Male -0.088 0.120 0.461
education_2

High-School 0.240 0.168 0.153
Master -0.294 0.151 0.051
Other -0.421 0.213 0.049
PhD 0.329 0.721 0.648
country_2

Colombia 0.374 0.359 0.298
Czech Republic 0.380 0.640 0.553
France 1.241 0.812 0.127
Germany 0.644 0.496 0.195
Ireland -1.212 0.558 0.031
Italy 0.168 0.977 0.863
Netherlands 0.056 0.374 0.880
Panama -0.716 0.369 0.053
Philippines 1.852 0.339 0.000
Portugal -0.379 0.368 0.305
Qatar 0.958 0.829 0.249
Spain 0.343 0.420 0.415
UK 0.264 0.374 0.480
USA 0.347 0.386 0.370
~Ccons 4.008 0.467 0.000
Observations 352

R-Square 0.1875
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C. Effect of IV and Mediator on DV

purchase intention Coefficient  std. err. P>|t|
reliability 0.179 0.072 0.014
seeming_status_binary

Authentic 0.336 0.125 0.008
sentiment_binary

Positive 2.216 0.139 0.000
age -0.012 0.010 0.237
gender_2

Male 0.235 0.138 0.091
education_2

High-School -0.357 0.183 0.052
Master 0.408 0.183 0.027
Other -0.218 0.464 0.639
PhD 0.039 0.956 0.968
country 2

Colombia -0.039 0.376 0.917
Czech Republic 0.026 0.714 0.971
France 0.099 0.701 0.888
Germany -0.193 0.560 0.730
Ireland -0.403 0.532 0.450
Italy -1.580 0.557 0.005
Netherlands -0.101 0.386 0.793
Panama -0.051 0.779 0.948
Philippines -0.553 1.014 0.586
Portugal -0.210 0.394 0.595
Qatar 0.153 0.662 0.818
Spain -0.166 0.483 0.732
UK -0.708 0.376 0.061
USA -0.215 0.417 0.607
~cons 2.259 0.610 0.000
Observations 352

R-Square 0.5352
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7.6 Moderation Test — Study 2 on Reliability

reliability Coefficient  std. err. P>[t|

seeming_status_binary

Authentic 0.575 0.356 0.107
sentiment_binary
Positive 1.348 0.334 0.000
interactionl -0.530 0.217 0.015
age 0.020 0.008 0.008
gender_2
Male -0.088 0.119 0.458
education_2
High-School 0.240 0.165 0.146
Master -0.294 0.152 0.053
Other -0.421 0.208 0.044
PhD 0.329 0.669 0.623
country 2
Colombia 0.374 0.333 0.262
Czech Republic 0.380 0.633 0.549
France 1.241 0.780 0.113
Germany 0.644 0.480 0.180
Ireland -1.212 0.573 0.035
Italy 0.168 0.936 0.857
Netherlands 0.056 0.350 0.872
Panama -0.716 0.350 0.041
Philippines 1.852 0.311 0.000
Portugal -0.379 0.335 0.258
Qatar 0.958 0.848 0.260
Spain 0.343 0.399 0.391
UK 0.264 0.349 0.450
USA 0.347 0.359 0.335
cons 4.405 0.475 0.000
Observations 352
R-Square 0.202
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7.7 Moderation Test — Study 2 on Purchase Intention

purchase intention Coefficient  std. err. P>t
reliability 0.158 0.071 0.026
seeming_status_binary

Authentic 1.249 0.424 0.003
sentiment_binary

Positive 3.145 0.388 0.000
interactionl -0.612 0.251 0.015
age -0.011 0.010 0.255
gender_2

Male 0.233 0.137 0.091
education_2

High-School -0.352 0.180 0.052
Master 0.402 0.183 0.028
Other -0.227 0.432 0.600
PhD 0.046 0.967 0.962
country_2

Colombia -0.031 0.415 0.940
Czech Republic 0.034 0.678 0.960
France 0.124 0.772 0.872
Germany -0.180 0.587 0.760
Ireland -0.428 0.602 0.478
Italy -1.577 0.550 0.004
Netherlands -0.100 0.423 0.813
Panama -0.065 0.825 0.937
Philippines -0.514 1.034 0.619
Portugal -0.218 0.431 0.614
Qatar 0.173 0.629 0.784
Spain -0.159 0.519 0.760
UK -0.702 0.416 0.093
USA -0.208 0.453 0.646
~cons 2.801 0.658 0.000
Observations 352

R-Square 0.5434
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